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a b s t r a c t

Various deep learning architectures have been developed to capture long-term dependencies in time
series data, but challenges such as overfitting and computational time still exist. The recently proposed
optimization strategy called Sharpness-Aware Minimization (SAM) optimization prevents overfitting
by minimizing a perturbed loss within the nearby parameter space. However, SAM requires doubled
training time to calculate two gradients per iteration, hindering its practical application in time series
modeling such as real-time assessment. In this study, we demonstrate that sharpness-aware training
improves generalization performance by capturing trend and seasonal components of time series data.
To avoid the computational burden of SAM, we leverage the periodic characteristics of time series
data and propose a new fast sharpness-aware training method called Periodic Sharpness-Aware Time
series Training (PSATT) that reuses gradient information from past iterations. Empirically, the proposed
method achieves both generalization and time efficiency in time series classification and forecasting
without requiring additional computations compared to vanilla optimizers.

© 2023 Elsevier B.V. All rights reserved.
1. Introduction

Time series classification and forecasting have demonstrated
heir effectiveness in various decision-making processes such as
inancial prediction [1,2], risk management [3,4], energy con-
umption [5], and traffic [6]. Even though deep learning has been
uccessful in a wide variety of tasks, traditional deep learning
odels have limitations in distinguishing overall trends and are
usceptible to overfitting short-term patterns and noise [7]. This
s because modeling time series data differs from building im-
ge or language models. Time series data usually consists of
ow-dimensional data, where each historical data shows contin-
ous patterns over time. To mitigate this limitation, recent deep
earning models [5,8,9] emphasize building unique structures to
apture long-term dependencies by connecting different time
eriods.
Optimization methods to enhance generalization ability are

mportant but often overlooked aspects of time series model-
ng, in addition to architecture design. Specifically, finding flat
inima is important in time series modeling to capture the
verall trend and cyclic seasonality and be robust against ir-
egular noises. To prevent overfitting, various studies [10–12]
ave investigated geometric properties to find well-generalizing

∗ Corresponding author.
E-mail address: jaewook@snu.ac.kr (J. Lee).
ttps://doi.org/10.1016/j.asoc.2023.110467
568-4946/© 2023 Elsevier B.V. All rights reserved.
minima. Recently, Foret et al. [12] proposed a novel training
method called Sharpness-Aware Minimization (SAM) that makes
the loss landscape flatter by minimizing the maximum loss in
the nearby parameter space. This method has achieved state-of-
the-art generalization performance in various domains [13–15].
However, sharpness-aware training requires doubled (2×) com-
putational time compared to SGD or Adam to find the maximum
loss. This computation overhead hinders time series models from
updating frequently and quickly to keep up-to-date with new
data, such as online learning and real-time assessment.

In this paper, we aim to achieve both flatness and speed
during training by mitigating the computational inefficiency of
sharpness-aware training in time series classification and fore-
casting. We first demonstrate that periodic characteristics can
produce similar effects on training loss among data from different
time periods in both toy examples and real data. By utilizing the
periodicity, we propose a new sharpness-aware training method
called Periodic Sharpness-Aware Time series Training (PSATT)
that reuses gradient information from past iterations. By skipping
gradient calculation for inner maximization, our method achieves
better generalization with minimal computational burden com-
pared to vanilla optimizers. Our experiments demonstrate the
effectiveness and efficiency of PSATT in time series classification
and forecasting. The main results of classification and forecasting
are summarized in Fig. 1. With lower errors and faster training

https://doi.org/10.1016/j.asoc.2023.110467
https://www.elsevier.com/locate/asoc
http://www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2023.110467&domain=pdf
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Fig. 1. Test error (lower is better) and training time (lower is better) of vanilla, SAM [12], ASAM [16], ESAM [17], LookSAM [18], and the proposed PSATT. PSATT
chieves both generalization performance and training efficiency.
ime, the proposed PSATT outperforms vanilla training and any
ariants of SAM in time series modeling.
The main contributions are summarized as follows:

• We demonstrate the effectiveness of finding flat minima to
improve the generalization performance of existing time se-
ries architectures. To our knowledge, this is the first attempt
to investigate the sharpness-aware training in time series
data.
• We propose a new fast sharpness-aware training method

called Periodic Sharpness-Aware Time series Training
(PSATT) that leverages the periodic characteristics of time
series data to avoid the additional gradient calculation re-
quired by SAM.
• The experimental results show that our approach achieves

both generalization and time efficiency in time series clas-
sification and forecasting. Specifically, our method achieves
over 3% accuracy gain on classification models and about 5%
error reduction rate on state-of-the-art forecasting models
without the need for additional computations.

. Related work

.1. Network architecture design for time series data

Classical statistical methods [19,20] have explored the detec-
ion of intrinsic patterns within data, by decomposing the data
nto three fundamental components: trend, seasonal, and remain-
er irregular components. The effectiveness of this approach has
een demonstrated through datasets like ETTh1 [5], as illustrated
n Fig. 2(a). Furthermore, the data shows strong autocorrelation
nd repeated patterns over time, as depicted in Fig. 2(b).
Recent years have seen a growing interest in time series

eep learning models to overcome the difficulty of statistical
pproaches on capturing complicated short-term and long-term

ependencies. Following [7], we divide time series architectures

2

into three categories: (i) recurrent neural networks (RNN), (ii)
convolutional neural networks (CNN), and (iii) Transformer net-
works [21].

RNN-based methods, the most traditional neural network for
time series, developed sequence-to-sequence prediction by recur-
sively propagating the fast information to the future inputs. RNN
and its variants, such as LSTM and GRU, successfully
captured temporal dependencies in classification [22,23] and
forecasting [24,25]. However, RNN-based models suffer from cap-
turing long-term patterns because of exploding/vanishing gradi-
ents [26] and recursively accumulated errors [27].

CNN-based models are designed to capture local correlation
of time series data using convolutions filters for classification
[28,29] and forecasting [30]. Especially, Bai et al. [31] suggested
a Temporal Convolutional Network (TCN) that learns the local
and repeated patterns of time series data through dilated convo-
lutions. A unique structure connecting convolutions discontinu-
ously allows TCN-based models to capture long-term repeating
patterns [6,32]. One of the state-of-the-art forecasting models
is a hierarchical TCN-based model called Sample Convolution
and Interaction Networks (SCINet) [9]. Using multiple binary tree
structures, SCINet progressively downsamples the input data and
interactively learns from the coarser sequences.

By contrast, Transformer-based [21] methods capture the
long-term dependency using attention mechanisms. However,
those methods [33,34] entail high computational burden. Thus,
Zhou et al. [5] suggested Informer, a new forecasting model with
sparse self-attention, to mitigate the computations in time series
forecasting. Liu et al. [8] adopted pyramidal tree structures to
efficiently capture long-term dependencies, which can reduce the
number of parameters and calculations while enhancing forecast-
ing abilities and recent models [35,36] are designed to capture

long-term and cross-dimensional dependencies.
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Fig. 2. Unique characteristics and decomposition of time series data (ETTh1).
Fig. 3. Illustration of flat and sharp minima. The flat minimum shows the better robustness to the same size of perturbation than the sharp one.
B
a
f

.2. Optimization strategies to alleviate overfitting

Generalization is a central topic in improving the performance
f overfitted deep learning architectures. An overparameterized
etwork trained with a large number of parameters can converge
o zero training error and even fit random noise [37]. To avoid
his overfitting, various studies [11,38,39] investigated the geo-
etrical property of loss landscape of model parameters to find
ell-generalizing minima.
Flat minima, described by having small eigenvalues of the Hes-

ian matrix, usually generalize better than sharp minima [11,12].
s shown in Fig. 3, the flatness of a model is directly related to the
obustness because the flat minimum shows a lower loss increase
ith irregular noise of time series data. Zhang et al. [37] proved
hat SGD, the primary key to the success of neural networks,
an implicitly converge to well-generalizing minima, especially
ith the small batch size and large learning rate by searching flat
inima [10]. Optimization techniques, such as batch normaliza-

ion [40] and residual connection [38], are also revealed to find
latter loss.

Recently, Foret et al. [12] proposed a new optimization method
alled Sharpness-Aware Minimization (SAM). SAM updates a
eight to minimize the worst loss in its neighborhood to avoid
harp minima in two steps. With this simple idea, SAM could
ffectively find flat minima and achieve state-of-the-art perfor-
ance on a wide range of domains, such as vision [13] and

anguage [15] models.

. Preliminaries

.1. Notations

• x ∈ Rd: A time series data sample where d = 1 indicates
univariate time series inputs and d > 1 denotes multivariate
time series inputs.
3

• X := {x1, x2, . . . , xp, . . . , xL} ∈ Rd×L
: time series data

with length L with xp in a time period p, where xp1:p2 :=
{xp1 , xp1+1, . . . , xp2} is an ordered set of xp between time
periods p1 and p2.
• B(i): Mini-batch time series set of randomly selected xp1:p2 .

A superscript is used to denote the index for data samples i.
• k, k′ ∈ R: Look-forward and look-back window sizes of a

time series model.
• f (x) := f (w; x): A prediction function f of input x with

parameter w ∈ Rk.
• ∇ℓ(wt ) := ∇wt ℓ(wt; x) ∈ Rk

: Gradient with respect to the
weights wt of loss ℓ for input xt of time step t . A subscript
is used to denote the time step t . We denote the time step
t with a subscript. ∇wt ℓ(wt; X) and ∇wt ℓ(wt; B) can also be
represented in this manner.
• ρ ∈ R : A positive scalar value of the perturbation radius.
• vt :=

∇ℓ(wt )
∥∇ℓ(wt )∥

∈ Rk
: A normalized vector with ∥vt∥2 = 1

that indicates the loss-maximization direction at step t .
• w

p
t := wt + ρvt : Perturbed weight along the direction of vt

at step t .

3.2. Time series modeling

The objective of time series classification is to classify the
time series data ŷ = f (x1:L) into the correct one-hot label y.
y contrast, the objective of time series forecasting is to predict
nd minimize the error of unseen target variables z . The model
orecasts ẑp+1:p+k = f (zp−k′:p, xp−k′:p), where k and k′ are the
look-forward and look-back windows of a model, respectively.

3.3. Overview of sharpness-aware minimization (SAM)

SAM [12] is a state-of-the-art optimization method that seeks
flat minima to improve generalization performance. Given a ra-
dius ρ, the objective of SAM is minimizing sharpness in addition
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Fig. 4. The overview of the proposed framework. By utilizing accumulated gradients with periodic information, the proposed method can approximate SAM’s ascent
direction without the need for gradient computation. As a result, we can achieve flat minima without incurring any additional computational overhead.
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to loss by solving the following problem:

min
w

max
∥v∥=1

ℓ(w+ ρv). (1)

Foret et al. [12] first approximated the inner-maximization prob-
lem in Eq. (1) using first-order Taylor expansion with radius size
of ρ. At time t , the inner step can be formulated as follows:

w
p
t = wt + ρ

∇ℓ(wt )
∥∇ℓ(wt )∥

. (2)

For outer-minimization of perturbed loss w
p
t in Eq. (2), wt is

updated toward ∇ℓ(wp
t ) as follows:

wt+1 = wt − η∇ℓ(wp
t ). (3)

For convenience, we denote Eq. (2) as the ascent step and Eq. (3)
s the descent step. By minimizing both loss ℓ(w) and sharpness
(wp

t )−ℓ(w), SAM successfully obtains well-generalizing minima.
While SAM has its benefits, it also has two main issues that

ust be considered. First, SAM requires twice (2×) computa-
ional costs compared to vanilla optimizers (e.g. SGD and Adam)
or propagating each gradient in the ascent and descent steps,
hich may hinder the quick real-time assessment. The second

ssue is that identifying the best direction for the ascent step is
till unknown because achieving higher loss in the inner maxi-
ization does not guarantee better generalization [41,42].
To address these issues, several papers have proposed se-

ecting a better-ascending direction [16,43] or investigating the
earning dynamics of SAM [44] to minimize the generalization
ap. Moreover, various studies [17,18,45] have attempted to re-
uce training time by approximating or skipping the ascent di-
ection. However, these methods still require more training time
han SGD, even though it is less than SAM.

. Methodology

.1. Overall framework

Our goal is to achieve both generalization and computational
fficiency in time series modeling. To accomplish this goal, iden-
ifying flat minima is essential for accurately capturing robust
rend and seasonal components. Therefore, we will utilize
harpness-aware training to make the loss flatter while address-
ng the main limitation of SAM, i.e., the computational burden of
alculating wp. To overcome this drawback, we propose a new

lgorithm called Periodic Sharpness-Aware Time series Training f

4

Table 1
A comparison of the sharpness of minima and computation burden among
vanilla optimizer, SAM, and the proposed method. The number in parenthesis
indicates the number of gradient calculation in each step.

Vanilla SAM Proposed

Converged minima Sharp Flat Flat
Computational burden Low (1×) High (2×) Low (1×)

(PSATT). A brief overview of the proposed method can be found
in Fig. 4. This method approximates the ascent direction using
the periodic momentum of time series data in the ascent step. By
eliminating the need for additional forward and backward steps,
the proposed method only requires the same computational time
as vanilla optimizers. A comparison of the vanilla optimizer
(SGD or Adam), SAM, and the proposed method is provided in
Table 1, where the proposed method achieves both flat minima
and computational efficiency.

In Section 4.2, we first analyze the impact of data period-
icity on loss increase. In Section 4.3, we demonstrate that this
periodicity induces batch-wise similarities in loss calculation, a
phenomenon that is not usual in other domains except for peri-
odic time series. Finally, we explain the details of the proposed
algorithm in Section 4.4.

4.2. Toy example: Analyzing loss and periodicity in time series data

This subsection presents a toy example using monthly airline
passenger data [46], as shown in Fig. 5. Our goal is to understand
the influence of periodicity, a fundamental property of time series
data, on loss increase and SAM’s ascent direction. We train a
simple one-layer LSTM model with a hidden size of 2 and a fully
connected layer. After training, we choose three training periods
X (1), X (2), and X (3) that exhibit similar seasonality in Fig. 5(a).

Given that all periods have similar trend and seasonality, we
hypothesize that we could utilize information from one period
in another. Therefore, we calculate the loss increase of each
period using the gradients of different periods. We first calculate
the ascent directions with respect to different periods v(j)

:=
∇ℓ(w;X (j))
∥∇ℓ(w;X (j))∥

for j ∈ {1, 2, 3} using the trained weight w. Then, we
easure the perturbed loss using different periods by calculating
ach w+ρv(j). Finally, we show the effectiveness of the perturbed
eights for different periods. In Fig. 5(b), we measure the loss in-
rease ratio along different ascent directions ℓ(w+ρv(j);X (i))−ℓ(w;X (i))

ℓ(w+ρv(i);X (i))−ℓ(w;X (i))
or (i, j) ∈ {1, 2, 3}2 and ρ = 0.01. The results indicate that the
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Fig. 5. Toy experiment on airline passenger data. (a) True data and prediction of the trained model. Three periods X (1), X (2) , and X (3) show similar trend and
seasonality. (b) Loss increase ratio ℓ(w+ρv(j);X (i))−ℓ(w;X (i))

ℓ(w+ρv(i);X (i))−ℓ(w;X (i))
on (i, j) ∈ {1, 2, 3}2 . The results of using other periods also show over 90% loss increase compared to the

hatched bars (i = j).
Fig. 6. (a) Loss increase ratio ℓ(w+ρv(j);B(1))−ℓ(w;B(1))
ℓ(w+ρv(1);B(1))−ℓ(w;B(1))

of ETTm1. Even in batch learning, all the v(j) for j ∈ {2, . . . ,N} effectively increase the loss of B(1) . (b) Illustration

f the loss landscape with two loss-increasing directions, v(1) and v(2) . Both directions show a similar loss increase on w in a given radius.
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oss increase is highly affected by periodicity regardless of the
scending direction v(j), for i ̸= j. Furthermore, the loss increase
sing the gradient of a different period is almost similar (over
0%) to the loss increase using its gradient. Thus, even though all
eriods have different numerical values, we conclude that trend
nd seasonality have a strong influence on training.

.3. Batch-wise periodicity and loss increase

To push further into the impact of periodicity on time series
ata, we now explore mini-batch training scenarios. Generally, it
s not possible to use information from different mini-batches to
pproximate SAM’s ascent step because the loss ℓ(w; B) highly
luctuates depending on mini-batch B in other domains [43,45],
uch as vision or language data. Thus, we now measure batch-
ise loss increase as v(j)

:=
∇ℓ(w;B(j))
∥∇ℓ(w;B(j))∥

, which is similar to the
nalysis in Section 4.2 but using random batches B instead of fixed
eriods X . For modeling, we train Pyraformer [8] on the ETTm1
ataset [5] with a radius of ρ = 0.1. Using the trained weights
, we measure the batch-wise loss increase to a fixed mini-batch
(1) by utilizing the ascent directions of other batches.
The results of the loss increase ratio ℓ(w+ρv(j);B(1))−ℓ(w;B(1))

ℓ(w+ρv(1);B(1))−ℓ(w;B(1))
are

llustrated in Fig. 6(a). All ratios are positive, suggesting that
radients from different batches can increase the loss on B(1)
5

nd approximate the ascent direction v(1) during sharpness-aware
raining. Specifically, other batch gradient directions show an
verage loss increase of over 75% compared to v(1). Note that even
hen directions are not aligned, we see a similar loss increase as

llustrated in Fig. 6(b). This observation can be summarized in the
ime series domain as follows:

∇ℓ(w; B(1))TEj∈{1,...,N}[v
(j)
]

= Ej∈{1,...,N}[ℓ(w+ ρv(j)
; B(1))− ℓ(w; B(1))] > 0.

(4)

herefore, Ej∈1,...,N [v
(j)
] can be viewed as the direction that in-

reases the loss of w. It is important to note again that the
oss increase among different batches is small due to batch-wise
isagreement in other domains.
.4. Periodic sharpness-aware time series training (PSATT)

Based on the analysis in Section 4.3, we alter the ascent
irection of SAM by considering gradients computed from mul-
iple batches. We first employ Eq. (4) to approximate the inner-
aximization as follows:

in
w

max
∥v∥=1

ℓ(w+ ρEj∈{1,...,N}[v
(j)
]). (5)

o reduce the computational burden of the expectation
[v(j)
] at each iteration t , we suggest leveraging previous
j∈{1,...,N}
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radient information for calculating the ascent step. Fortunately,
t every step t , we already possess the gradients of various
ini-batches {g1, . . . , g t−1} from prior training steps. As cur-

rent iterations contain gradient information to current step than
old gradients, we introduce momentum to establish the ascent
direction at step t > 1 as follows:

mt = g t + βmt−1, (6)

where m1 = g1 and β < 1. As the momentum method assigns
exponentially decreasing weights over time, the ascent momen-
tum of Eq. (6) can effectively accumulate gradient information
and achieve better convergence. Thus, we reformulate Eq. (6) as
follows:

mt = g t + βg t−1 + β2g t−2 + · · · + β t−1g1. (7)

Building on this intuition, we propose a novel optimization
method called Periodic Sharpness-Aware Time series Training (PSATT
for finding flat minima in time series data. This method uses a
weighted sum of diverse previous batches to approximate the
ascent step vPSATT

t by utilizing the previous ascent momentum
mt−1, without requiring additional gradient calculation at step t:

PSATT
t =

mt−1

∥mt−1∥
=

g t−1 + βg t−2 + · · · + β t−2g1

∥g t−1 + βg t−2 + · · · + β t−2g1∥
. (8)

Then, the perturbed weight w
p
t of PSATT can be calculated as

follows:

w
p
t = wt + ρvPSATT

t = wt + ρ
g t−1 + βg t−2 + · · · + β t−2g1

∥g t−1 + βg t−2 + · · · + β t−2g1∥
. (9)

The full algorithm of the proposed PSATT using Eq. (9) is shown
in Algorithm 1.
Algorithm 1: Periodic Sharpness-Aware Time series Training
Input: Initial weight w1, learning rate η, radius ρ,

momentum coefficient β , and small ε to prevent zero
division.

utput: Flat weight wT+1.
nitialize: Ascent momentum m0 = 0.
for t = 1 to T do

Sample a mini-batch B(t).

Compute ascent direction at no cost
vPSATT
t ← mt−1/(∥mt−1∥ + ε).

Compute descent gradient g t ← ∇ℓ(wt + ρvPSATT
t ; B(t)).

Update ascent momentum with periodicity
mt ← g t + βmt−1.

Update weights wt+1 ← wt − ηg t .
end

Please refer to Appendix B for the specific update algorithms
f vanilla and SAM. We now prove that the proposed method can
pproximate the perturbed loss of SAM under high batch-wise
imilarity.

heorem 1. Let a continuous loss function ℓ(·) is a differentiable
ipschitz function with L. Given vt =

∇ℓ(wt ;B(t))
∥∇ℓ(wt ;B(t))∥

and vPSATT
t in

Eq. (8), the difference between the perturbed losses using vt and
PSATT
t can be bounded:

ℓ(wt + ρvPSATT
t ; B(t))− ℓ(wt + ρvt; B(t))

⏐⏐ < 2ρL(1+ ϵ), (10)

where ρ is the radius in the parameter space and sufficiently small
ϵ > 0. Higher batch-wise similarity can guarantee lower ϵ.

Please refer to Appendix A for the proof. Note that we can
simply calculate the ascent direction mt =

1
ηt
(wt−1 − wt ) and

PSATT
t =

wt−1−wt
∥wt−1−wt∥

by setting the ascent momentum of Eq. (7)
qual to the momentum of the base optimizer.
 h

6

4.5. Computational efficiency of PSATT

We provide a naive analysis of the complexity in a single itera-
tion to explain the computational difference among vanilla, SAM,
and PSATT. As mentioned earlier, computational efficiency is a
significant limitation of sharpness-aware training in time series
models. Each forward and backward propagation requires O(ndw)
operations for training one iteration in vanilla optimizers, given
n data examples with d-dimensional features and the number
of total weights w in the network [47]. SAM requires O(ndw)
operations for both the ascent and descent steps, resulting in
doubled computations in a single iteration compared to vanilla
optimizers. In contrast, because reusing the information of previ-
ous model parameters mt−1 only needs O(w) operations, PSATT
requires negligible additional operations with respect to vanilla
training.

5. Experiments and analysis

We now demonstrate the advantages of the proposed method
in terms of performance and time complexity. We consider both
classification and forecasting tasks to verify the effectiveness.

5.1. Experimental setup

Baselines. For the baselines, we choose vanilla optimizer, SAM,
and various variants of SAM: ASAM [16], LookSAM [18], and
ESAM [17]. ASAM is designed to find better ascent direction with
adaptive sharpness requiring the same calculation as SAM. For
computational efficiency, LookSAM calculates the ascent gradient
only once out of several iterations and ESAM selects subsets and
reduces computations during both the ascent and descent steps.
We follow the best settings mentioned in the papers.

Classification. For multivariate classification, we conduct experi-
ments on the UCR (University of California, Riverside) time series
classification datasets [48] and evaluate the accuracy. For the
architecture, we use a CNN model with three convolution lay-
ers with a kernel size of [8,5,3] with batch normalization and
Rectified Linear Units (ReLU) in every layer. We select the hyper-
parameters of training via grid searches. As a result, all models are
trained with 100 epochs with batch size 128 and Adam optimizer
with momentum β1 = 0.9, β2 = 0.99 by decaying the learning
rate with cosine learning rate annealing from 0.1 initially. We
select the best radius ρ from the set {0.001, 0.01, 0.1, 1, 2, 3, 5}.

Forecasting. For multivariate forecasting, we use the Electricity
Transformer Temperature (ETT) [5] datasets, i.e., ETTh1, ETTh2,
and ETTm1, by varying the look-forward window size (forecast
horizon) k. For the architectures, we select two state-of-the-
art models: Transformer-based Pyraformer [8], and TCN-based
SCINet [9]. Both models achieve the best performance in time
series forecasting tasks using tree-based architectures to capture
long-term dependencies. By default, we re-implement experi-
ments using the official GitHub repository of the papers, following
the hyperparameters used in the original papers or GitHub im-
plementations.1 We use Adam optimizer with momentum β1 =

.9, β2 = 0.99 and report the hyperparameters of Pyraformer and
SCINet in Table 2. We choose the radius ρ from the set {0.001,
0.005, 0.01, 0.05, 0.1, 0.2, 0.4}.

All the experiments are implemented using PyTorch-based
libraries [50,51] on NVIDIA TITAN V.

1 https://github.com/alipay/Pyraformer [49],
ttps://github.com/cure-lab/SCINet [9].

https://github.com/alipay/Pyraformer
https://github.com/cure-lab/SCINet
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Table 2
Experimental settings of the forecasting models. We report the best batch size (bs), learning rate (lr), and radius ρ

for the proposed PSATT. k and k′ indicate look-forward and look-back window sizes, respectively.
Method Pyraformer SCINet

Dataset k k′ bs lr epoch ρ k bs lr epoch ρ

ETTh1
168 168 32 1.00E−05 5 0.05 336 32 5.00E−04 100 0.01
336 168 32 1.00E−05 5 0.1 336 512 1.00E−04 100 0.001
720 336 32 1.00E−05 5 0.01 736 256 1.00E−05 100 0.01

ETTh2
168 168 32 1.00E−05 5 0.05 336 16 5.00E−05 100 0.2
336 168 32 1.00E−05 5 0.2 336 128 5.00E−05 100 0.4
720 336 32 1.00E−05 5 0.001 736 128 1.00E−05 100 0.2

ETTm1
96 384 32 1.00E−05 5 0.1 384 32 5.00E−05 100 0.01
288 672 32 1.00E−05 5 0.1 672 32 1.00E−05 100 0.1
672 672 16 1.00E−05 5 0.4 672 32 1.00E−05 100 0.4
Table 3
Classification accuracy and computational time to process a data example in seconds of vanilla, SAM, and PSATT on UCR time series
datasets. We calculate the Gain and Time Overhead Ratio (∆Time

Time ) of SAM and PSATT w.r.t. vanilla training. Please refer to Appendix C
for the classification results of ASAM [16], ESAM [17], and LookSAM [18].

Datasets Vanilla SAM PSATT
Acc Time Acc Gain Time ∆Time

Time Acc Gain Time ∆Time
Time

(%) (sec) (%) (%) (sec) (%) (%) (%) (sec) (%)
ACSF1 95.00 0.0778 96.00 1.05 0.1542 98.20 95.00 0.00 0.0792 1.80
ArrowHead 88.00 0.0456 89.71 1.94 0.0883 93.64 90.29 2.60 0.0508 11.40
BirdChicken 99.33 0.1445 100.00 0.67 0.2826 95.57 100.00 0.67 0.1533 6.09
CBF 96.67 0.0314 100.00 3.44 0.0587 86.94 100.00 3.44 0.0376 19.75
Chinatown 97.96 0.0250 99.13 1.19 0.0462 84.80 99.13 1.19 0.0272 8.80
CinCECGTorso 83.55 0.2172 84.35 0.96 0.4317 98.76 86.09 3.04 0.2216 2.03
CricketZ 79.49 0.0052 81.03 1.94 0.0101 94.23 81.79 2.89 0.0056 7.69
Crop 76.86 0.0001 77.61 0.98 0.0002 100.00 77.15 0.38 0.0001 0.00
DistalPhalanx-
OutlineCorrect

81.88 0.0011 82.97 1.33 0.0021 90.91 82.97 1.33 0.0014 27.27

Earthquakes 66.30 0.0091 79.86 20.45 0.0178 95.60 79.14 19.37 0.0097 6.59
ECG5000 92.00 0.0020 94.71 2.95 0.0038 90.00 94.56 2.78 0.0024 20.00
ECGFiveDays 94.38 0.0431 100.00 5.95 0.0816 89.33 100.00 5.95 0.0515 19.49
EthanolLevel 83.40 0.0184 84.40 1.20 0.0365 98.37 84.80 1.68 0.0187 1.63
FaceAll 81.30 0.0017 82.66 1.67 0.0032 88.24 85.38 5.02 0.0020 17.65
FacesUCR 91.41 0.0047 93.37 2.14 0.0089 89.36 92.39 1.07 0.0057 21.28
FiftyWords 63.74 0.0039 65.49 2.75 0.0077 97.44 65.27 2.40 0.0044 12.82
Fish 96.00 0.0150 97.71 1.78 0.0293 95.33 97.14 1.19 0.0161 7.33
FreezerSmallTrain 86.07 0.0713 95.02 10.40 0.1391 95.09 93.47 8.60 0.0779 9.26
Ham 76.19 0.0246 82.86 8.75 0.0482 95.93 81.90 7.49 0.0262 6.50
Haptics 49.68 0.0401 52.92 6.52 0.0794 98.00 52.27 5.21 0.0413 2.99
HouseTwenty 97.48 0.2758 99.16 1.72 0.5479 98.66 99.16 1.72 0.2795 1.34
InsectWing-
beatSound

41.41 0.0077 43.03 3.91 0.0150 94.81 42.88 3.55 0.0086 11.69

ItalyPower-
Demand

96.70 0.0075 97.47 0.80 0.0139 85.33 97.28 0.60 0.0082 9.33

LargeKitchen-
Appliances

91.20 0.0104 94.40 3.51 0.0205 97.12 92.80 1.75 0.0109 4.81

MiddlePhalanx-
OutlineAgeGroup

66.88 0.0017 68.18 1.94 0.0031 82.35 68.18 1.94 0.0022 29.41

Average 82.92 0.0434 85.68 3.60 0.0852 93.36 85.56 3.44 0.0457 10.68
5.2. Classification results

Generalization performance. We first experimentally prove the
ffectiveness of the sharpness-ware training in time series clas-
ification. We report the best test accuracy and its corresponding
ime to process a data example in seconds, obtained by vanilla,
AM, and PSATT in Table 3. We also note Gain, the percentage
mprovement of accuracy. To verify the effectiveness of the pro-
osed PSATT, we select 25 datasets that show the most improved
ccuracy with SAM compared to vanilla training. Similar to exper-
ments in other classification tasks [12,43], the experimental re-
ults in Table 3 indicate that sharpness-aware training improves
he classification accuracy in various time series data. Please refer
o Appendix C for the classification results of ASAM, ESAM, and
ookSAM. Overall, both SAM and PSATT show a performance gain
f over 3% on average.

omputational overhead. In Table 3, we note the computational
ime of vanilla, SAM, and PSATT for processing one example
7

while training and Time Overhead Ratio (∆Time
Time ), the percentage

overhead of computational time of SAM and PSATT compared
to the vanilla optimizer. The experimental results show that our
proposed PSATT improves the time efficiency of SAM. Specifi-
cally, the proposed method only requires 10.68% of the additional
computation burden. By contrast, SAM needs 93.36% computation
more than vanilla optimizer. Please refer to Appendix C for the
classification times of ASAM, ESAM, and LookSAM. To summarize,
the proposed PSATT shows the lowest computational overhead.

5.3. Forecasting results

We further conduct experiments on forecasting to evaluate the
effectiveness of sharpness-aware training in regression tasks, par-
ticularly multivariate forecasting: test error in Table 4 and com-
putational time in Table 5. The proposed method also achieves
both performance and time efficiency in forecasting tasks.
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Table 4
Forecasting performance of vanilla, SAM [12], ASAM [16], ESAM [17], LookSAM [18], and the proposed PSATT on ETTh1, ETTh2, and ETTm1 with Pyraformer
[8] and SCI-Net [9]. We calculate the error reduction rate (ERR) w.r.t. vanilla training.

Network Optimizer Metric ETTh1 ETTh2 ETTm1 Average
168 336 720 168 336 720 96 288 672

MSE 0.7846 0.9153 0.9703 0.7704 0.9262 0.9792 0.5017 0.6960 0.8570 0.8223Vanilla MAE 0.6822 0.7530 0.7727 0.6671 0.7548 0.7798 0.4980 0.6378 0.7070 0.6947
MSE 0.7488 0.8697 0.9563 0.7519 0.8987 0.9726 0.4694 0.5989 0.6830 0.7721
MAE 0.6599 0.7232 0.7782 0.6561 0.7364 0.7775 0.4867 0.5786 0.6390 0.6706SAM

ERR(%) 3.96 4.52 0.49 2.05 2.73 0.51 4.36 11.72 15.47 5.09
MSE 0.7920 0.8916 0.9432 0.7495 0.8578 0.9678 0.4851 0.6232 0.7180 0.7809
MAE 0.6740 0.7358 0.7691 0.6637 0.7113 0.7821 0.4933 0.5932 0.6560 0.6754ASAM

ERR(%) 0.05 2.45 1.76 1.69 6.66 0.52 2.12 8.80 12.15 4.02
MSE 0.7590 0.9191 0.9588 0.7760 0.9060 0.9363 0.5074 0.6020 0.7119 0.7863
MAE 0.6672 0.7492 0.7791 0.6772 0.7343 0.7620 0.5122 0.5805 0.6309 0.6770ESAM

ERR(%) 2.76 0.00 0.29 −1.09 2.42 3.45 −1.99 11.34 14.14 3.48
MSE 0.7837 0.8976 0.9951 0.8179 0.9012 0.9812 0.5052 0.6174 0.6968 0.7996
MAE 0.6620 0.7360 0.7877 0.6888 0.7311 0.7793 0.4976 0.5840 0.6389 0.6784LookSAM

ERR(%) 1.43 2.08 −2.29 −4.81 2.90 −0.09 −0.31 9.93 14.60 2.60
MSE 0.7562 0.8882 0.9519 0.7549 0.8658 0.9388 0.4950 0.5983 0.7111 0.7734
MAE 0.6564 0.7334 0.7738 0.6540 0.7110 0.7656 0.4942 0.5799 0.6449 0.6681

Pyra
former

PSATT
ERR(%) 3.69 2.80 0.99 1.99 6.20 3.10 1.05 11.67 13.30 4.98
MSE 0.4515 0.5858a 0.5833 0.5051 0.6183 1.0749 0.1915 0.3654 1.1520a 0.6142Vanilla MAE 0.4566 0.5478a 0.5607 0.5044 0.5605 0.7617 0.2912 0.4150 0.8162a 0.5460
MSE 0.4354 0.5099 0.5741 0.4583 0.5586 1.0749 0.1889 0.2964 1.1396 0.5819
MAE 0.4404 0.5017 0.5529 0.4797 0.5331 0.7617 0.2882 0.3541 0.8081 0.5245SAM

ERR(%) 3.56 10.76 1.49 7.08 7.39 0.00 1.16 16.65 1.04 5.45
MSE 0.4372 0.5169 0.5660 0.5303 0.6163 1.0749 0.1944 0.3476 0.7187 0.5558
MAE 0.4423 0.5061 0.5483 0.5106 0.5593 0.7617 0.2923 0.4000 0.6126 0.5148ASAM

ERR(%) 3.15 9.76 2.60 −3.11 0.27 0.00 −0.83 4.20 32.36 5.38
MSE 0.4688 0.5305 0.5815 0.3934 0.5277 1.0862 0.1904 0.2835 0.8961 0.5509
MAE 0.4705 0.5143 0.5567 0.4291 0.5198 0.7684 0.2881 0.3450 0.7063 0.5109ESAM

ERR(%) −3.44 7.83 0.51 18.52 11.14 −0.98 0.87 19.46 18.59 8.06
MSE 0.4653 0.5508 0.5820 0.4731 0.5654 1.0918 0.1963 0.3123 1.1004 0.5930
MAE 0.4641 0.5275 0.5588 0.4854 0.5375 0.7693 0.2930 0.3715 0.8067 0.5349LookSAM

ERR(%) −2.35 4.88 0.28 5.05 6.44 −1.33 −1.37 12.38 3.10 3.01
MSE 0.4435 0.5098 0.5831 0.4244 0.5166 1.0224 0.1804 0.2981 0.6819 0.5178
MAE 0.4483 0.5017 0.5605 0.4571 0.5134 0.7448 0.2759 0.3583 0.5841 0.4938

SCI-
Net

PSATT
ERR(%) 1.79 10.77 0.03 12.68 12.62 3.78 5.47 15.89 35.68 10.97

aWe cannot reproduce the reported results of SCINet on ETTh1 336 (MSE 0.502 and MAE 0.497) and ETTm1 672 (MSE 0.713 and MAE 0.604).
However, SAM and PSATT show improvement in both experiments.
eneralization performance. In Table 4, we evaluate the perfor-
ance of vanilla, SAM, ASAM, ESAM, LookSAM, and proposed
SATT for long-range forecasting with two state-of-the-art mod-
ls: Pyraformer [8] and SCINet [9]. We calculate the error reduc-
ion rate (ERR), the percentage reduction in error, of the sum
f mean standard error (MSE) and mean absolute error (MAE),
ompared to the vanilla optimizer.
All sharpness-aware training methods improve MSE and MAE

n all tasks, even though we set the base architectures as the
tate-of-the-art models in Transformer and TCN. For Pyraformer,
oth SAM and PSATT show about 5% of the overall ERR. For
CINet, SAM shows 5.45% of ERR, and PSATT further reduces the
egression error with 10.97% on average. While ASAM achieves
imilar performance to SAM, both ESAM and LookSAM show
ower performance than SAM.

To investigate how the sharpness-aware training affects fore-
asting, we plot the prediction value of variates from the ETTh1
ataset with vanilla and PSATT, in Fig. 7. Interestingly, the
ransformer-based Pyraformer (Figs. 7(a) and 7(b)) shows smooth
orecasting results. Simultaneously, TCN-based SCINet (Figs. 7(c)
nd 7(d)) predicts each data point more precisely. Although all
igures have different variate and time steps, PSATT shows accu-
ate regression to the ground truth by maximizing the advantages
f each method.

omputational overhead. Furthermore, Table 5 shows the compu-
ational time for processing one forecasting example in seconds
sing Pyraformer. Similar to the classification time in Table 3,
AM and ASAM require the twice computation as a vanilla op-
imizer. However, the proposed method only further requires
8

10.51% computation. Although ESAM and LookSAM are designed
to increase the speed of SAM, they still have a computational
burden of 66.81% and 46.34%, respectively. This is because both
methods reduce the level of gradient calculation but cannot fully
replace the gradient calculation of the ascent step.

5.4. Visualizing the local minima of the time series model

As the sharp minima can cause overfitting problems in time
series data, we visualize the loss landscape of the trained neural
networks of vanilla training and sharpness-aware training using
filter normalization [38]. We perturb the trained weight into two
random orthogonal directions and calculate the sharpness of each
point in grids. The results are illustrated in Fig. 8 using CNN on
classification and Pyraformer [8] on forecasting. In both tasks, the
vanilla optimizer shows sharper minima than sharpness-aware
training. Since the sharp local minima can be easily affected
by noisy irregular components, sharpness-aware training helps
robust prediction in time series data.

5.5. Sensitivity analysis to radius ρ

As the radius ρ is a hyperparameter, we now give the sensi-
tivity analysis on selecting the best ρ. It is known that selecting
proper ρ significantly affects the generalization performance [12].
Fig. 9 shows the difference in MSE between models trained with
PSATT with given radius ρ ∈ {0.001, 0.005, 0.01, 0.05, 0.1, 0.2,
0.4} and vanilla, with Pyraformer (solid line) and SCINet (dash-
dotted line) on three forecasting datasets. Lower MSE indicates a
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Fig. 7. The prediction values of vanilla and PSATT on randomly-selected time steps and variates from the ETTh1 dataset.
Table 5
Computational efficiency of forecasting to process a data example in milliseconds (ms) of vanilla, SAM [12], ASAM [16],
ESAM [17], LookSAM [18], and the proposed PSATT. We also calculate the Time Overhead Ratio (∆Time

Time ) w.r.t. vanilla training.

Optimizer Metric ETTh1 ETTh2 ETTm1 Average
168 336 720 168 336 720 96 288 672

Vanilla Time (ms) 2.49 2.52 5.68 2.50 2.52 5.68 4.07 9.12 8.85 4.82
Time (ms) 4.94 4.99 11.35 4.96 5.00 11.34 8.05 18.15 17.57 9.59

SAM ∆Time
Time (%) 98.59 98.02 99.89 98.44 98.41 99.58 98.11 99.07 98.62 98.75

Time (ms) 4.81 5.00 11.38 4.94 5.01 11.35 7.92 17.85 17.57 9.54
ASAM ∆Time

Time (%) 93.59 98.15 100.44 97.99 98.78 99.87 94.83 94.83 94.83 97.04
Time (ms) 4.08 4.24 9.63 4.37 4.64 9.52 6.40 12.89 14.08 7.76

ESAM ∆Time
Time (%) 64.21 68.04 69.64 75.00 84.23 67.62 57.53 57.53 57.53 66.81

Time (ms) 3.31 3.63 8.34 3.96 4.03 8.26 6.08 12.21 12.89 6.97
LookSAM ∆Time

Time (%) 33.17 43.82 46.88 58.40 60.11 45.42 49.62 33.91 45.77 46.34
Time (ms) 2.86 2.88 6.09 2.87 2.90 6.08 4.42 9.48 9.58 5.24

PSATT ∆Time
Time (%) 14.96 14.32 7.17 14.94 15.04 7.08 8.81 3.99 8.26 10.51
m
s
S
q
p
t
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better forecasting model in Fig. 9. ETTh1 (k = 336) shows lower
SE with a smaller radius ρ, while ETTm1 (k = 288) performs
etter on large ρ. In contrast, ETTh2 (k = 336) performs well
nder various radius ρ. Similar to other hyperparameters, such as
atch size and learning rate, the best radius ρ should be searched
epending on look-forward window k.

. Conclusion

In this study, we explore the effectiveness of sharpness-aware
raining for time series data. We demonstrate that time series
 m

9

odels are prone to overfitting and can become trapped in
harp local minima. To overcome this challenge, we introduce
harpness-Aware Minimization, which has the drawback of re-
uiring twice the computational time. To address this issue, we
ropose a sharpness-aware training method that incorporates
he periodic characteristics of time series data and results in
egligible additional computational overhead compared to vanilla
ptimizers. Our experimental results show that our proposed
ethod improves the performance of time series data while
aintaining computational efficiency. However, our work has
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Fig. 8. Landscape of sharpness in two random directions with vanilla and the proposed method on classification and forecasting models.
Fig. 9. Sensitivity analysis to radius ρ of PSATT with Pyraformer (solid line) and
CINet (dash-dotted line) on ETTh1, ETTh2, and ETTm1. We plot the difference
f MSE between models with PSATT at given ρ and vanilla (lower is better).

the limitation of not providing an adaptive way to select the
best radius ρ, which can be influenced by the dataset and look-
forward window size. In future work, we plan to develop an
10
adaptive method for selecting radius ρ during training and online
learning situations.
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Table C.6
Classification accuracy and computational time to process a data example in seconds of ASAM, ESAM, and LookSAM on UCR time series datasets. We
calculate the Gain and Time Overhead Ratio (∆Time

Time ) of SAM and PSATT w.r.t. vanilla training in Table 3.

Datasets ASAM ESAM LookSAM
Acc Gain Time ∆Time

Time Acc Gain Time ∆Time
Time Acc Gain Time ∆Time

Time
(%) (%) (sec) (%) (%) (%) (sec) (%) (%) (%) (sec) (%)

ACSF1 96.00 1.00 0.1668 114.42 95.00 0.00 0.1035 33.02 95.00 0.00 0.0975 25.32
ArrowHead 90.86 2.86 0.1059 132.32 88.00 0.00 0.0914 100.50 88.57 0.57 0.0774 69.66
BirdChicken 100.00 0.67 0.2754 90.55 95.00 −4.33 0.2731 88.98 100.00 0.67 0.2296 58.87
CBF 98.33 1.66 0.0619 97.25 96.67 0.00 0.0668 112.62 98.33 1.66 0.0513 63.53
Chinatown 99.13 1.17 0.0508 103.21 99.13 1.17 0.0551 120.47 99.13 1.17 0.0413 65.06
CinCECGTorso 81.88 −1.67 0.4499 107.14 81.01 −2.54 0.2634 21.29 81.01 −2.54 0.2729 25.63
CricketZ 80.51 1.02 0.0123 136.59 78.97 −0.52 0.0118 126.82 80.26 0.77 0.0096 85.04
Crop 77.86 1.00 0.0002 108.95 77.12 0.26 0.0002 126.97 77.26 0.40 0.0002 62.33
DistalPhalanx-
OutlineCorrect

82.25 0.37 0.0022 100.85 81.88 0.00 0.0024 118.51 82.25 0.37 0.0017 53.15

Earthquakes 92.00 25.70 0.0172 88.95 94.00 27.70 0.0148 62.52 94.00 27.70 0.0143 56.64
ECG5000 100.00 8.00 0.0040 100.29 100.00 8.00 0.0043 114.08 100.00 8.00 0.0031 57.39
EthanolLevel 80.40 −3.00 0.0345 87.45 78.20 −5.20 0.0216 17.46 78.20 −5.20 0.0230 24.78
FaceAll 86.21 4.91 0.0034 97.11 86.98 5.68 0.0037 118.97 83.14 1.84 0.0026 53.31
FacesUCR 93.22 1.81 0.0092 96.70 92.34 0.93 0.0096 104.84 92.63 1.22 0.0072 54.20
FiftyWords 64.18 0.44 0.0077 96.27 64.62 0.88 0.0084 115.37 64.62 0.88 0.0066 68.17
Fish 97.14 1.14 0.0309 105.73 97.14 1.14 0.0265 76.89 97.14 1.14 0.0247 64.63
FreezerSmallTrain 94.00 7.93 0.1523 113.61 84.11 −1.96 0.1513 112.27 90.81 4.74 0.1228 72.22
Ham 79.05 2.86 0.0518 110.68 81.90 5.71 0.0465 89.13 79.05 2.86 0.0409 66.28
Haptics 53.90 4.22 0.0813 102.82 50.97 1.29 0.0534 33.11 51.62 1.94 0.0533 32.90
HouseTwenty 99.16 1.68 0.6157 123.24 99.16 1.68 0.3215 16.57 97.48 0.00 0.3361 21.88
InsectWing-
beatSound

43.33 1.92 0.0145 88.03 42.73 1.32 0.0159 106.74 42.73 1.32 0.0125 62.65

ItalyPower-
Demand

97.47 0.77 0.0130 73.42 96.99 0.29 0.0148 97.04 96.89 0.19 0.0111 48.48

LargeKitchen-
Appliances

92.80 1.60 0.0185 77.79 93.33 2.13 0.0152 46.08 91.47 0.27 0.0150 43.98

MiddlePhalanx-
OutlineAgeGroup

67.53 0.65 0.0032 85.87 67.53 0.65 0.0037 116.24 67.53 0.65 0.0027 60.50

Average 85.30 2.86 0.0909 101.64 84.28 1.85 0.0658 86.52 84.55 2.11 0.0607 54.03
e

Appendix A. Proof of Theorem 1

We here provide the proof of Theorem 1.

roof. First of all, by the batch-wise similarity of the perturbed
oss assumption, the equation can be transformed as follows:⏐⏐ℓ(wt + ρvPSATT

t ; B(t))− ℓ(wt + ρvt ; B(t))
⏐⏐

≤

⏐⏐⏐⏐ℓ(wt + ρvPSATT
t ; B(t))− EB

[
ℓ(wt + ρ

∇ℓ(wt ; B)
∥∇ℓ(wt ; B)∥

; B(t))
]⏐⏐⏐⏐

+

⏐⏐⏐⏐EB

[
ℓ(wt + ρ

∇ℓ(wt ; B)
∥∇ℓ(wt ; B)∥

; B(t))
]
− ℓ(wt + ρvt ; B(t))

⏐⏐⏐⏐
= (1+ ϵ)

⏐⏐⏐⏐ℓ(wt + ρvPSATT
t ; B(t))− EB

[
ℓ(wt + ρ

∇ℓ(wt ; B)
∥∇ℓ(wt ; B)∥

; B(t))
]⏐⏐⏐⏐

∵ Batch-wise similarity

= (1+ ϵ)
⏐⏐⏐⏐ρ∇ℓ(wt ; B(t))T

[
vPSATT
t − EB

∇ℓ(wt ; B)
∥∇ℓ(wt ; B)∥

]⏐⏐⏐⏐
∵ Taylor expansion

≤ (1+ ϵ)ρL
⏐⏐⏐⏐vPSATT

t − EB
∇ℓ(wt ; B)
∥∇ℓ(wt ; B)∥

⏐⏐⏐⏐ ∵ Lipschitz condition

≤ 2ρL(1+ ϵ). □

ppendix B. Algorithms of vanilla training and SAM

We illustrate the algorithms of vanilla training and SAM in Al-
orithm 2 similar to Algorithm 1. Because the gradient calculation
ℓ(w) takes dominant time in training, SAM requires twice the
omputations than vanilla or the proposed PSATT.
11
Algorithm 2: Vanilla and SAM
Input: Initial parameter w1, learning rate η, radius ρ,

momentum coefficient β , and small ε to prevent zero
division.

Output: Final parameter wT+1.
for t = 1 to T do

Sample a mini-batch B(t).

if Vanilla then
Update weights wt+1 ← wt − η∇ℓ(wt; B(t)).

if SAM then
Compute ascent direction vSAM

t ←
∇ℓ(wt )

∥∇ℓ(wt )∥+ε
.

// Computational burden of extra gradient
calculation

Compute descent gradient g t ← ∇ℓ(wt + ρvSAM
t ; B

(t)).
Update weights wt+1 ← wt − ηg t .

nd

Appendix C. Classification results of variants of SAM

We report the classification results of variants of SAM in
Table C.6. The experimental settings are equal to Table 3. The
variants of SAM also improved performance, indicating the use-
fulness of sharpness-aware training. Note that ESAM is designed
to boost the computational efficiency of SAM. However, due to
small datasets and additional computations for calculating the
difference in the loss in ESAM, it sometimes takes longer than
SAM or ASAM.
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