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Abstract
Continual Learning (CL) aims to enable models to sequen-
tially learn multiple tasks without forgetting previous knowl-
edge. Recent studies have shown that optimizing towards
flatter loss minima can improve model generalization. How-
ever, existing sharpness-aware methods for CL suffer from
two key limitations: (1) they treat sharpness regularization
as a unified signal without distinguishing the contributions
of its components. and (2) they introduce substantial compu-
tational overhead that impedes practical deployment. To ad-
dress these challenges, we propose FLAD, a novel optimiza-
tion framework that decomposes sharpness-aware perturba-
tions into gradient-aligned and stochastic-noise components,
and show that retaining only the noise component promotes
generalization. We further introduce a lightweight schedul-
ing scheme that enables FLAD to maintain significant per-
formance gains even under constrained training time. FLAD
can be seamlessly integrated into various CL paradigms and
consistently outperforms standard and sharpness-aware opti-
mizers in diverse experimental settings, demonstrating its ef-
fectiveness and practicality in CL.

Introduction
Continual Learning (CL) aims to enable models to learn
from a non-stationary stream of data or tasks while retain-
ing previously acquired knowledge (Hadsell et al. 2020;
De Lange et al. 2022). This setting poses a fundamental
challenge known as catastrophic forgetting, a phenomenon
where the learning of new tasks causes abrupt degrada-
tion in performance on previously learned ones (Parisi
et al. 2019). Recent effort has been devoted to address-
ing this challenge by designing diverse paradigms includ-
ing replay-based methods (Rebuffi et al. 2017; Lin et al.
2023), regularization-based methods (Lin et al. 2023; Sun
et al. 2023) and architecture-based methods (Hu et al. 2023;
Zhou et al. 2023b).

While these paradigms have proven effective, they of-
ten impose substantial storage requirements for raw data or
model parameters, raising scalability concerns as task com-
plexity increases (Zhou et al. 2023b; Wang et al. 2024). An
alternative research direction focuses on enhancing the in-
trinsic generalization capacity of models to address these

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

limitations. This has motivated exploration of sharpness-
aware minimization methods, which seek flat minima that
are widely believed to yield superior generalization and
robustness under distributional shifts (Keskar et al. 2017;
Zhang et al. 2023). Notable examples include Sharpness-
Aware Minimization (SAM) (Foret et al. 2021), which lever-
ages zeroth-order sharpness to seek minima that are locally
robust to parameter perturbations, and Gradient norm Aware
Minimization (GAM) (Zhang et al. 2023), which exploits
first-order sharpness to improve feature reuse. These ap-
proaches have shown considerable promise in transfer and
few-shot learning, and have recently been adapted to CL
with specialized designs (Tran Tung et al. 2023; Chen et al.
2024; Bian et al. 2024).

Despite their empirical success, existing flatness-based
methods in CL suffer from two fundamental limitations that
constrain their practical applicability. First, these approaches
adopt an overly simplistic treatment of sharpness regulariza-
tion, conceptualizing it as a monolithic objective rather than
recognizing the heterogeneous nature of loss landscape cur-
vature. Specifically, they fail to disentangle the distinct geo-
metric properties and learning implications of different cur-
vature components, particularly the critical distinction be-
tween gradient-aligned and gradient-orthogonal directions
in parameter space. Second, they require substantial archi-
tectural modifications to standard optimization pipelines, in-
troducing prohibitive computational overhead that severely
limits their scalability and real-world deployment. These
approaches typically require either double-gradient com-
putations through higher-order differentiation or multiple
forward-backward passes per optimization step, which sig-
nificantly increases the training time.

In this paper, we propose FLAD, a novel Flatness De-
composition framework for continual learning that addresses
the aforementioned limitations. Specifically, FLAD decom-
poses perturbation directions in sharpness-aware minimiza-
tion by isolating and penalizing only the stochastic-noise
component, thereby preventing counterproductive penalties
on directions essential for optimization. Our comprehensive
empirical analysis demonstrates that this targeted approach
enables models to escape sharp valleys more effectively,
converging to flatter minima with enhanced generalization
properties. Furthermore, recognizing the computational in-
efficiencies of existing methods, particularly under time-
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constrained training scenarios, we introduce a lightweight
optimization scheme that maximizes learning efficacy with-
out incurring additional computational overhead.

In summary, our main contributions are as follows:

• We propose a CL framework that leverages a decom-
posed flatness signal to escape sharp minima and pre-
serve past knowledge with negligible computational
overhead.

• We provide a novel interpretation of sharpness-aware op-
timization by decomposing perturbation directions into
gradient-aligned and stochastic-noise components, and
demonstrate the critical role of noise-aligned perturba-
tions in improving generalization for CL.

• Extensive experimental results demonstrate that our
framework outperforms state-of-the-art competitors
across multiple CL benchmarks. We further show that
even partial application of our strategy yields significant
gains, enabling substantial reductions in training time
without sacrificing effectiveness.

Related Works
Continual learning. CL methods are broadly catego-
rized into three groups (Wang et al. 2024; van de Ven,
Tuytelaars, and Tolias 2022; Parisi et al. 2019): replay-
based, regularization-based, and architecture-based meth-
ods. Replay-based methods mitigate forgetting by extending
data space with selected exemplars from old tasks (Rebuffi
et al. 2017; Rolnick et al. 2019; Sun, Mu, and Hua 2023).
Regularization-based methods introduce explicit constraints
into the loss function to balance performance between new
and old tasks (Lin et al. 2023; Saha, Garg, and Roy 2021;
Sun et al. 2023), which typically act on the parameter space
or the gradients to preserve past knowledge during optimiza-
tion. Architecture-based methods allocate task-specific sub-
networks or expand the model, thereby minimizing interfer-
ence across tasks (Lu et al. 2024; Zhou et al. 2023b). Alter-
natively, recent efforts explicitly modify the training dynam-
ics to preserve generalization across tasks (Wu et al. 2024;
Lee et al. 2024). One direction is to modify the gradients of
different tasks to overcome forgetting (Chaudhry et al. 2019;
Lopez-Paz and Ranzato 2017). Another emerging line of re-
search investigates CL from the perspective of the loss land-
scape, aiming to improve generalization by steering train-
ing towards flatter minima (Shi et al. 2021; Deng et al.
2021). Several works have empirically shown the benefits
of SAM in mitigating catastrophic forgetting and preserv-
ing performance on previous tasks (Mehta et al. 2023; Chen
et al. 2024), including DFGP (Yang et al. 2023), FS-DGPM
(Deng et al. 2021), and SAM-CL series (Tran Tung et al.
2023). Recent work C-Flat combines zeroth- and first-order
sharpness to achieve globally flatter solutions and improve
CL performance (Bian et al. 2024). While promising, such
sharpness-aware methods remain underexplored in CL.

Sharpness-aware minimization. Sharpness-aware mini-
mization was originally proposed to improve generalization
by guiding optimization toward flat minima in standard su-
pervised learning (Foret et al. 2021; He, Huang, and Yuan

2019). This has motivated increasing interest in understand-
ing the theoretical foundations of its generalization behav-
ior, especially those of SAM, which is based on zeroth order
sharpness. These effort include PAC-Bayes generalization
analyses (Foret et al. 2021), studies of implicit bias and opti-
mization dynamics (Andriushchenko and Flammarion 2022;
Chen et al. 2024, 2023), and recent investigations dissecting
the core components responsible for empirical effectiveness
in SAM (Li et al. 2024). These empirical and theoretical de-
velopments motivate our work, propose a principled and ef-
ficient framework for CL that leverages the core mechanism
of sharpness-aware optimization to improve generalization.

Method
In this section, we propose a framework for continual learn-
ing that explicitly incorporates flatness-promoting perturba-
tions. By leveraging both zeroth- and first-order sharpness
information, the method aims to mitigate forgetting while
enabling effective knowledge transfer across tasks.

Loss landscape sharpness. Let D denote the training dis-
tribution onX×Y and S = {(xi, yi)}ni=1 denote the training
dataset with n data-points drawn independently from D. Let
a family of models parameterized by w ∈ W ∈ Rd and a
per-data-point loss function ℓ(·) : W ×X × Y 7→ R+. The
empirical training loss is defined as

L(w) =
1

n

∑
i=1

ℓi(w). (1)

Zeroth-order sharpness is the worst-case loss within a de-
fined neighborhood, defined over training set S as (Foret
et al. 2021):

R0
ρ(w) = max

∥δ∥2<ρ
L(w + δ)− L(w), (2)

where ρ > 0 denotes the neighborhood radius.
First-order sharpness is a measurement of the maximal

neighborhood gradient norm, reflecting landscape curvature
and defined over training set S as (Zhang et al. 2023):

R1
ρ(w) = max

∥δ∥2<ρ
∇L(w + δ), (3)

where∇L(w) is the gradient of L(w) with respect to w.

Optimization with sharpness. To efficiently optimize the
zeroth-order flatness in Eq. 2, it is approximated via first-
order expansion and compute the adversarial perturbation δ
as follows (Foret et al. 2021):

δ = ρ · ∇L(w)
∥∇L(w)∥2

. (4)

Subsequently, one can compute the gradient at the perturbed
point w+ δ, and then use the updating step of the base opti-
mizer such as SGD to update

wt+1 = wt − λ∇L(w)|wt+δt . (5)

The zeroth-order sharpness minimization addresses the
loss landscape curvature through the gradient norm
∥∇LB(w)∥ in Eq. 4, which serves as a proxy for local
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sharpness. To enhance generalization, we aim to remove the
shared, dominated structure from this direction and retain
only its batch-specific stochastic variation (Li et al. 2024).
Denote the batch gradient by ∇LB(w) as ĝB , and the full-
batch gradient∇L(w) by g, we have

ĝB = Projg(ĝB) + Proj⊤g (ĝB), (6)

where Projg(ĝB) is the projection of ĝB onto g, Proj⊤g (ĝB)
is the orthogonal component. In practice, we approximate
the orthogonal component as

Proj⊤g ĝB = ĝB − σmt, (7)

where σ = cos(g, ĝB) denotes the cosine similarity between
g and ĝB . To improve training efficiency, σ is fixed as a con-
stant during optimization.

Note that computing g over the full dataset in each iter-
ation is computationally prohibitive. We therefore maintain
an exponential moving average (EMA) of the per-step gra-
dient norm to approximate the full-batch gradient:

mt = λ0mt−1 + (1− λ0)ĝBt
, (8)

where λ0 ∈ (0, 1) is a hyper-parameter. It is proved that
EMA provides a reliable approximation of the full gradient
(Li et al. 2024). We can use Proj⊤g ĝB Eq. 7 to substitute g in
Eq. 4 to get δ then update in Eq. 5.

Similarly, the minimization of the first-order sharpness in
Eq.3 is approximated and compute the adversarial perturba-
tion, follow by the updating step

δ = ρ
∇∥∇L(w)∥
∥∇∥∇L(w)∥2∥2

,

wt+1 = wt − λ∇∥∇L(w)∥2|wt+δt , (9)

where ∇∥∇L(w)∥ denotes the gradient of ∥∇L(w)∥ with
respect to w. Note that

∇∥∇L(w)∥ = ∇2L(w) · ∇L(w)
∥∇L(w)∥

. (10)

While the zeroth-order method targets the norm of the
gradient, the first-order variant considers the sharpness of
the gradient itself, that is, the curvature of the function
∥L(w)∥. As before, we use ĝB and g to denote∇LB(w) and
∇L(w). To extract meaningful stochastic directions, we de-
compose∇|ĝB∥ into components aligned with and orthogo-
nal to the EMA-estimated full-batch direction:

∇∥ĝB∥ = Proj∇∥g∥∇∥ĝB∥+ Proj⊤∇∥g∥∇∥ĝB∥,

Proj⊤∇∥g∥∇∥ĝB∥ = ∇∥ĝB∥ − σ∇∥g∥, (11)

where σ is a constant during training, nt is the estimation of
the gradient sharpness direction:

nt = λ1nt−1 + (1− λ1)∇∥ĝBt
∥, (12)

where λ1 ∈ (0, 1) is a hyperparameter.
We unify both zeroth- and first-order sharpness minimiza-

tion in a single optimization framework, where the pertur-
bation directions in each are respectively decomposed into
stochastic-noise components. The optimization is detailed in

Algorithm 1: FLAD Algorithm
Input: Training phase T , training data ST , model fT−1 with
parameter wT−1 from last phase if T > 1, batchsize b, ora-
cle loss function L, learning rate η > 0, neighborhood size
ρ, trade-off coefficient γ, hyper-parameter λ0, λ1, σ, small
constant c.
Output: Model trained at the current time T .

1: Initialize: if T = 1: Randomly Initialize parameter
wT=1, t← 0, m−1 = n−1 = 0

2: while wT not converge, do
3: Sample batch BT of b from ST

4: Compute batch’s loss gradient ĝBt = ∇LBT (w)
5: Compute mt in Eq. 8
6: Compute perturbation δ0 = ρ

ĝBt−σmt

∥ĝBt−σmt∥+c

7: Approximate g0 = ∇LBT (w + δ0)
8: Compute Hessian vector product in Eq. 10
9: Compute nt in Eq. 12

10: Compute δ1 = ρ
∇∥ĝBt∥−σnt

∥∇∥ĝBt∥−σnt∥+c

11: Approximate
g1 = ∇2LBT (w + δ1) ·

∇LBT (w+δ1)

∥∇LBT (w+δ1)∥+c

12: Update: model parameter: w = w − η(g0 + γg1)
13: end while
14: return wT and fT

Algorithm 1. By using Hessian-vector product in Eq. 10, we
significantly reduce both time and memory complexity, the
overall strategy requires 2 forward and 4 backward passes
per iteration. The framework introduces minimal additional
computational overhead and can be seamlessly integrated
into standard optimizers.

Continual learning. We now integrate our noise-aware
optimizer into a general continual learning framework,
focusing on the class-incremental learning (CIL) setting,
which is arguably the most challenging CL scenario, where
the model must continuously acquire knowledge from se-
quentially presented, class-agnostic data without task iden-
tity at inference.

Our approach is broadly compatible with the three major
paradigms in CIL: replay-based, regularization-based, and
expansion-based methods. Replay-based and regularization-
based methods can directly benefit from our optimizer by
plugging the original task loss in the curvature-regularized
objective:

L(wT ) = LR0
ρ(wT ) + γ · LR1

ρ(wT ), (13)

where the zeroth- and first-order terms encourage flat min-
ima aligned with generalization. These methods typically
operate on data streams that includes exemplars, and our op-
timizer fits naturally into this training protocol using FLAD
Algorithm. Expansion-based methods extend the model by
allocating task-specific modules for new classes. In this case,
the same objective in Eq. 13 can be applied to the added
components during the learning phase, while shared com-
ponents remain frozen. Final inference is performed after a
post-processing step, such as classifier calibration or gating.
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(a) Effect of perturbation (b) Evolution of Tr(HΣ) (c) 2D Loss Landscape

Figure 1: Empirical analysis of perturbation components in zeroth- and first-order sharpness minimization. (a) Average accuracy
across four training settings using different perturbation directions. (b) Tr(HΣ) during training for stochastic-noise and original
variants. (c) 2D loss landscape visualizations around final model parameters and training trajectory.

This formulation demonstrates the flexibility of our
method in adapting to various CL strategies, while preserv-
ing its benefits centered on flatness-induced generalization.

Empirical Analysis
To validate the effectiveness behind our unified framework,
we conduct an empirical investigation into the underlying
mechanisms of zeroth- and first-order sharpness minimiza-
tion by 1) identifying the effective components in the adver-
sarial perturbation that contributes to improved generaliza-
tion, and 2) quantitatively analyze the gradient-aligned and
stochastic-noise components of the perturbations, providing
deeper insights into the role of stochasticity in optimization.

Effect of adversarial perturbation. Previous work (An-
driushchenko and Flammarion 2022; Li et al. 2024) has
demonstrated that the direction of adversarial perturbation
plays a critical role in zeroth-order sharpness minimization.
In particular, decomposing the perturbation into a gradient-
aligned component and a stochastic-noise component has
been empirically shown to improve generalization.

We extend this analysis to the first-order setting by ex-
amining how different perturbation directions affect the per-
formance. Specifically, we consider the following variants:
GAM, Pre: perturbations computed using the previous mini-
batch, Random: perturbation directions are randomly sam-
pled, Full: perturbation direction aligned with the full gra-
dient component in Eq. 6, Noise: perturbation direction re-
stricted to the stochastic-noise component in Eq. 6, corre-
sponding to the first-order part of FLAD. We replace the
perturbation in Eq. 9 with each component separately and
evaluate their effects.

We conduct experiments using four training settings,
which use ResNet-18 and Resnet-32 on CIFAR-10/100 with
standard data augmentation and batchsize 128. As shown in
Fig. 1a, GAM consistently improves over SGD across all
settings. Importantly, Noise outperforms all other variants,
indicating that the stochastic-noise component alone cap-
tures the most beneficial aspect of perturbation. Conversely,
Full degrades performance, likely due to introducing conflict
with learning dynamics.

This suggests that suppressing sample-induced gradient
noise improves generalization without interfering with the
main optimization trajectory. In contrast, penalizing the full
gradient direction introduces conflict with learning dynam-
ics and may degrade convergence. Together, these findings
provide strong evidence for the effectiveness of our orthog-
onal decomposition strategy.

Analysis of noise components. To further verify the ef-
fectiveness of the stochastic-noise component, we analyze
its interaction with the loss curvature using the metric
Tr(HΣ), which captures the alignment between the Hessian
H and the gradient noise covariance Σ (Zhu et al. 2019).
A higher value of it suggests a stronger tendency to es-
cape narrow minima and explore flatter regions. We estimate
Tr(HΣ) using the top Hessian eigenpairs and project update
gradients along those directions.

As shown in Fig. 1b, in early training, both the noise vari-
ants, which corresponding to the zeroth-order (FLAD-0th)
and first-order (FLAD-1st) parts of FLAD, almost gener-
ally exhibits higher Tr(HΣ) than their standard counter-
parts, with stronger fluctuations. This implies that the per-
turbation is more anisotropic and better aligned with high-
curvature directions, facilitating escape from sharp minima.
In the later training phase, the trend reverses, which indi-
cates a reduction in curvature-aligned noise, promoting sta-
ble convergence. Consistently, the final loss landscape in
Fig. 1c reveals that solutions obtained by noise variants lie in
significantly flatter regions, confirming their improved gen-
eralization. These results reinforce that the stochastic-noise
component enhances generalization, offering a form of im-
plicit regularization shared by both zeroth- and first-order
sharpness minimization.

Convergence Analysis
We analyze the convergence properties of the our algorithm
under non-convex setting in Theorem 1.

Theorem 1. Assume the loss function is twice differen-
tiable, bounded by M , and obeys the triangle inequality.
Both the loss function and its second-order gradient are β-
Lipschitz smooth. FLAD converges in all tasks with learn-
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Methods
CIFAR-10 CIFAR-100 Tiny-ImageNet Average

N=5 N=10 N=5 N=8 Return

AAA Acc AAA Acc AAA Acc AAA Acc AAA

Replay 61.84 ±6.66 41.68 ±3.61 49.89 ±1.04 29.07 ±1.30 53.94 ±1.72 33.62 ±0.36 39.51 ±0.47 19.09 ±1.17

w/SAM 60.91 ±5.42 42.57 ±4.32 51.16 ±1.13 31.31 ±2.12 54.91 ±1.59 34.97 ±0.49 41.19 ±0.27 21.22 ±0.60

w/GAM 61.92 ±5.52 43.07 ±6.82 50.26 ±0.93 30.30 ±1.39 54.49 ±1.76 34.97 ±1.39 40.10 ±0.51 20.23 ±0.39

w/C-Flat 60.46 ±6.62 42.32 ±2.85 51.15 ±1.27 31.07 ±1.86 54.85 ±1.65 34.40 ±0.38 41.95 ±0.10 22.29 ±0.20

w/FLAD 62.60 ±4.85 43.13 ±4.32 51.81 ±0.95 31.74 ±1.69 55.19 ±1.59 34.40 ±0.10 42.41 ±0.18 22.91 ±0.75 +2.18%

iCaRL 66.54 ±4.42 50.63 ±3.17 51.11 ±1.23 30.05 ±1.83 56.84 ±1.72 35.91 ±0.76 41.12 ±0.49 20.38 ±0.53

w/SAM 66.85 ±4.57 50.93 ±4.86 51.45 ±0.96 30.14 ±1.98 57.33 ±1.87 36.95 ±0.62 42.35 ±0.27 21.83 ±0.40

w/GAM 66.46 ±4.82 49.86 ±3.94 51.19 ±1.06 30.05 ±2.20 56.84 ±1.52 36.07 ±0.59 42.00 ±0.48 21.23 ±0.68

w/C-Flat 67.89 ±4.10 51.62 ±6.38 51.09 ±1.21 30.05 ±1.83 57.21 ±1.90 36.75 ±0.10 42.81 ±0.41 22.17 ±0.35

w/FLAD 68.32 ±4.54 52.53 ±6.02 51.75 ±1.21 30.36 ±2.06 57.59 ±1.60 37.13 ±0.97 43.29 ±0.57 23.04 ±0.86 +1.24%

WA 72.03 ±3.58 61.95 ±4.33 62.56 ±1.26 47.29 ±0.25 66.89 ±2.00 53.59 ±0.21 51.92 ±0.38 36.40 ±0.23

w/SAM 72.27 ±3.94 61.26 ±5.77 63.04 ±1.45 47.35 ±0.98 67.36 ±2.17 54.55 ±0.73 52.39 ±0.07 37.81 ±0.33

w/GAM 69.50 ±4.70 62.18 ±2.78 63.13 ±1.16 47.79 ±0.69 67.38 ±2.10 54.51 ±0.43 50.95 ±1.15 36.56 ±0.46

w/C-Flat 71.59 ±1.95 61.45 ±4.26 62.24 ±1.57 47.04 ±1.02 67.24 ±1.98 54.66 ±0.34 52.71 ±0.84 35.61 ±0.08

w/FLAD 72.43 ±1.80 62.46 ±4.26 63.73 ±1.19 48.35 ±0.74 67.63 ±2.02 54.69 ±0.47 53.53 ±0.18 39.00 ±0.15 +1.90%

FOSTER 65.15 ±3.86 56.43 ±4.55 52.71 ±1.25 39.71 ±1.68 56.32 ±1.74 37.91 ±0.55 48.32 ±0.66 38.10 ±0.55

w/SAM 74.80 ±3.26 68.52 ±2.78 52.40 ±1.89 37.81 ±1.80 56.47 ±2.30 37.92 ±0.14 48.49 ±1.15 38.42 ±1.79

w/GAM 63.86 ±5.31 54.04 ±3.30 52.93 ±1.09 39.41 ±1.95 56.19 ±1.75 38.09 ±0.52 48.49 ±1.03 38.27 ±1.00

w/C-Flat 73.68 ±3.62 68.81 ±4.65 52.05 ±1.84 38.71 ±1.85 56.35 ±2.00 37.81 ±0.66 48.56 ±0.96 38.25 ±0.55

w/FLAD 75.08 ±2.17 68.98 ±4.41 53.00 ±2.01 39.13 ±1.80 56.51 ±2.01 38.82 ±0.85 48.66 ±0.88 38.54 ±1.15 +1.41%

MEMO 67.86 ±6.63 57.80 ±4.55 64.38 ±2.83 53.27 ±4.16 68.05 ±1.94 61.58 ±8.40 56.53 ±0.55 44.29 ±0.18

w/SAM 65.99 ±6.51 54.96 ±2.96 65.41 ±3.00 53.67 ±0.67 69.10 ±1.69 59.40 ±0.25 57.53 ±0.66 44.64 ±0.27

w/GAM 66.92 ±6.69 55.34 ±5.56 64.60 ±2.72 53.22 ±0.82 68.36 ±1.85 57.78 ±1.23 57.22 ±0.84 44.43 ±0.27

w/C-Flat 66.29 ±7.34 58.04 ±4.80 64.96 ±2.63 54.07 ±0.74 68.95 ±1.41 59.70 ±0.40 57.41 ±1.32 44.38 ±0.23

w/FLAD 68.51 ±6.07 61.40 ±4.92 65.47 ±2.75 53.92 ±0.48 69.30 ±1.50 60.09 ±0.06 57.91 ±0.95 45.06 ±0.12 +1.83%

PODNet 72.96 ±1.48 57.03 ±1.50 51.65 ±1.06 31.87 ±0.72 61.52 ±1.24 45.46 ±0.51 49.35 ±0.30 33.13 ±0.09

w/SAM 74.13 ±1.51 57.17 ±3.09 52.55 ±1.20 33.03 ±0.89 61.99 ±1.28 45.97 ±0.23 50.25 ±0.64 33.90 ±0.31

w/GAM 73.08 ±1.24 55.79 ±2.73 51.87 ±1.28 31.82 ±0.14 61.68 ±1.28 45.49 ±0.73 49.58 ±0.75 33.18 ±0.52

w/C-Flat 74.19 ±1.22 57.20 ±2.72 53.15 ±1.37 33.84 ±0.83 62.21 ±1.14 46.20 ±0.44 50.31 ±0.69 33.93 ±0.14

w/FLAD 74.64 ±1.58 57.62 ±2.55 53.74 ±1.26 34.85 ±0.42 62.47 ±1.19 46.92 ±0.66 50.70 ±0.45 35.04 ±0.39 +0.97%

Table 1: Average accuracy (%) across all phases using 6 advanced methods, which span three categories in CL: Memory-based
methods, Regularization-based methods and Expansion-based methods (w/ and w/o four optimizer plugged in). The mean and
standard deviation was estimated over 3 runs. The best results are in bold and the second-best results are underlined. Average
Return in the last column represents the average boost of FLAD towards C-flat in each row.

ing rate η ≤ 1/β, the perturbation radius ρ ≤ 1/4β, and
ηTi = η/

√
i, ρTi = ρ/ 4

√
i for each epoch i in any task T .

1

nT

nT∑
i=1

E[∥∇L(wi)∥2] ≤
C1 + log nT

8
√
nT

+
64γ2

√
nT − C2

β2nT
,

(14)
where nT is the total iteration numbers of task T , C1 =
32M(β − 1), C2 = 32γ2 only depends on γ,M, β.

See the proof in Appendix A. For non-convex stochastic
optimization, Theorem 1 shows that FLAD has the conver-
gence rate O(lognT /

√
nT ).

Experiments
Experimental Setup
Datasets. We evaluate the performance of our method
on CIFAR-10, CIFAR-100 (Keskar et al. 2017) and Tiny-

ImageNet (Deng et al. 2009). Specifically, we split CIFAR-
10 into 5 tasks (2 classes per task), CIFAR-100 into 5/10
tasks (20/10 classes per task), Tiny-ImageNet into 8 tasks
(25 classes per task). We adopt two standard and widely used
CL metrics: Average Accuracy (Acc), which measures the
final performance by averaging classification accuracy over
all N tasks at the end of training; and Average Anytime Ac-
curacy (AAA), which averages the accuracy over all learned
tasks after training on each new task.

Baselines. To evaluate the efficacy of our method, we plug
it into 6 leading baselines spanning the three major CL cate-
gory, Replay-based methods: Replay (Rolnick et al. 2019)
and iCaRL (Rebuffi et al. 2017) ,which store raw exem-
plars from previous tasks, and PODNet (Douillard et al.
2020) is akin to iCaRL, incorporating knowledge distilla-
tion to preserve past knowledge; Regularization-based meth-
ods: WA (Zhao et al. 2020), which mitigates prediction bias
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(a) Replay Epoch:150 SGD (b) Replay Epoch:150 C-Flat (c) Replay Epoch:150 FLAD
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Figure 2: Analysis of generalization. In (a)(b)(c), we report Hessian eigenvalue distributions and the trace of SGD, C-Flat, and
FLAD on replay N=5. In (d), we show the loss landscape around final model parameters on MEMO N=10.

(a) Ablation on ρ (b) Ablation on γ (c) Ablation on FLAD-0th (d) Ablation on FLAD-1st

Figure 3: Ablation experiments. In (a)(b), we conduct ablation experiments on parameter ρ and γ. In (c)(d), we investigate the
impact of our decomposition strategy across 6 CL methods.

via fairness-aware regularization; Expansion-based meth-
ods: FOSTER (Wang et al. 2022) and MEMO (Zhou et al.
2023b), which dynamically expand the network using mod-
ular substructures or parameter freezing.

Network and training details. All experiments are con-
ducted on RTX 4090Ti GPUs with 96GB of RAM. For each
dataset, we evaluate all methods using the same network ar-
chitecture following repo (Zhou et al. 2023a, 2024). Details
are provided in Appendix A. All methods are trained us-
ing vanilla SGD (Zinkevich 2003), into which FLAD and
other methods are seamlessly plugged. For fair comparison,
hyperparameters ρ, γ, λ0 and λ1 are initialized identically
across tasks, while λ ∈ {0.5, 0.7, 0.9} is tuned based on
validation performance.

Performance in Continual Learning
In this experiment, we plug our method into 6 advanced
methods that cover the full range of CL methods. Table
1 demonstrates that when applied across multiple bench-
marks and continual settings, our method yields consis-
tent and significant performance improvements. These en-
hancements manifest 1) Universality: Our method benefits
all baselines, indicating its broad compatibility and minimal
assumptions on the underlying CL mechanism, 2) General-
ization across datasets: On each dataset, our approach con-
sistently achieves higher final and anytime accuracies, sug-
gesting robustness to scale and domain shift, 3) Scenario re-
silience: Whether under coarse- or fine-grained task splits,
the gains remain stable, highlighting its adaptability across
different incremental conditions. These results demonstrate

that our framework serves as a versatile and effective aug-
mentation to existing CL frameworks, offering generaliza-
tion gains with negligible integration cost.

Analysis of Generalization
Hessian eigenvalues are widely used to quantify the sharp-
ness of loss minima, with smaller maximum eigenvalues in-
dicating flatter optima. Since flatness-aware minimization
aim to reduce curvature by penalizing sharp directions, we
assess whether our method indeed leads to flatter solutions
by analyzing the Hessian spectrum during training.

We report the Hessian eigenvalue distributions and trace
throughout CL in Fig. 2. Compared to vanilla SGD and C-
Flat, our method yields a pronounced reduction in both the
top eigenvalue and the trace, significantly suppresses high-
curvature directions, indicating the discovery of flatter re-
gions in the loss landscape. These results empirically vali-
date that noise-aware perturbations promote flatness.

To provide a more intuitive understanding, we visual-
ize the loss surface by PyHessian (Yao et al. 2020) in Fig.
2d. The landscape of MEMO becomes noticeably smoother
and wider when integrated with our framework. These vi-
sual and spectral results jointly support the effectiveness of
our framework in guiding the model toward flatter minima,
which contributes to improved continual generalization.

Ablation Experiments
We conduct ablation experiments to evaluate the effect of
key hyperparameters and the impact of our proposed decom-
position strategy. We first investigate the sensitivity of our
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(a) Replay N=10 (b) WA N=10 (c) MEMO N=10 (d) WA N=5

Figure 4: To further reduce overhead, we apply FLAD in a limited number of epochs within each task on different method and
different settings, the horizontal axis is the transition point, before and after which we use different optimizers (SGD or FLAD).

(a) Convergence (b) Training time and accuracy

Figure 5: Convergence and computation overhead. In (a), we
compare test accuracy of different optimizers during training
process. In (b), we compare accuracy and training time of
different optimizers.

method to the weight of first-order term γ in Eq. 13 and the
perturbation radius ρ as defined in Eq. 4 and Eq. 9, γ = 0
reduces the method to its zeroth-order variant. As shown in
Fig. 3a, our method consistently outperforms the vanilla op-
timizer across a wide range of γ values, confirming the util-
ity of incorporating first-order curvature information. Sim-
ilarly, Fig. 3b illustrates the influence of ρ, it demonstrate
that models trained with ρ > 0 uniformly outperform those
without gradient ascent.

We further assess the contribution of our decomposition
by comparing the performance of the decomposed and orig-
inal variants across all 6 CL methods. In each case, we re-
place the gradient term with its decomposed variant, which
isolates stochastic-noise directions. As summarized in Fig.
3c and Fig. 3d, the decomposed version consistently outper-
forms the original across methods. This highlights the im-
portance of separating stochastic-noise from global trends,
and affirms the value of our decomposition design in pro-
moting generalization under continual learning.

Convergence and Computation Overhead
To evaluate the efficiency of our method, we analyze both
convergence speed and computational cost with the Replay
baseline on CIFAR-100. As shown in Fig. 5a, our method
achieves the fastest convergence among all optimizers and
reaches the highest final accuracy. This demonstrates that
our method not only improves generalization but also accel-
erates training dynamics.

To further reduce overhead, we explore applying our

method only during a subset of epochs. Surprisingly, we
find that even limited use of our method leads to substan-
tial performance gains across all cases. As summarized in
Fig. 4, applying our optimizer in just 10–20% of epochs
already yields significant improvement over vanilla SGD,
and in many cases, it achieves performance comparable to
or even better than using the optimizer throughout training.
As a consequence, applying our method for only 30% of the
epochs reduces the computational overhead by at least 50%
compared to full-method training, highlighting its practical-
ity and scalability for efficient continual learning.

We compare runtime and accuracy trade-offs across dif-
ferent optimizers in Fig. 5b. The results show that 1) Using
our method for only 10% of the epochs (red line) already im-
proves performance over SGD while consuming slightly less
time, 2) at 20% usage, our method outperforms GAM, SAM,
and C-Flat with comparable or lower computational cost,
3) training with only 20 epochs using our method achieves
higher accuracy than training with 50 epochs using C-Flat,
and even 200 epochs using other optimizers.

These results confirm that our method offers a favorable
balance between efficiency and effectiveness. Without intro-
ducing additional modules or increasing model complexity,
it can be seamlessly integrated into existing CL methods, en-
abling faster convergence and better performance with fewer
optimization steps.

Conclusion

In this paper, we have presented FLAD, a flatness decom-
position framework for continual learning that isolates the
stochastic-noise component of sharpness-aware perturba-
tions. Empirical analyses reveal that this stochastic-noise di-
rection plays a key role in escaping sharp minima effectively
and enhancing generalization. By combining zeroth- and
first-order decompositions with a partial application strat-
egy, FLAD achieves strong performance gains with mini-
mal computational overhead. Extensive experiments demon-
strate that FLAD is effective across a diverse set of contin-
ual learning paradigms, highlighting its plug-and-play ca-
pability and adaptability. Its ability to improve learning effi-
ciency with fewer optimization steps highlights the potential
of curvature-guided methods for scalable and effective con-
tinual learning.
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