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Abstract

The insufficient generalization of adaptive moment estima-
tion (Adam) has hindered its broader application. Recent
studies have shown that flat minima in loss landscapes
are highly associated with improved generalization. Inspired
by the filtering effect of integration operations on high-
frequency signals, we propose multiple integral Adam (MI-
Adam), a novel optimizer that integrates a multiple integral
term into Adam. This multiple integral term effectively filters
out sharp minima encountered during optimization, guiding
the optimizer towards flatter regions and thereby enhancing
generalization capability. We provide a theoretical explana-
tion for the improvement in generalization through the diffu-
sion theory framework and analyze the impact of the multiple
integral term on the optimizer’s convergence. Experimental
results demonstrate that MIAdam not only enhances general-
ization and robustness against label noise but also maintains
the rapid convergence characteristic of Adam, outperforming
Adam and its variants in state-of-the-art benchmarks.

Code — https://github.com/LongJin-lab/MIAdam
Extended version — https://arxiv.org/abs/2412.12473

Introduction
An appropriate optimizer is essential to train a deep neu-
ral network (DNN), as it directly affects the training con-
vergence and performance of a model (Yao et al. 2021).
The goal of optimizers is usually to minimize (or maxi-
mize) a certain objective function, typically a loss func-
tion, which measures the gap between the predictions and
ground-truth values. As a traditional optimizer, stochastic
gradient descent (SGD) is a commonly used optimizer for
training DNNs (Deng et al. 2023). However, SGD suffers
from certain limitations, such as the need to precisely tune
the learning rate, the uniform scaling of gradients in all di-
rections, and the risk of being trapped in saddle points (John-
son et al. 2020; Liu et al. 2021). In order to address these
challenges, adaptive learning rate optimizers are developed,
offering more nuanced control over learning rates and im-
proved convergence in diverse training scenarios. Among
them, adaptive moment estimation (Adam) (Kingma and Ba
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Figure 1: The idea of this work and the filtering effect of in-
tegrations on optimizer trajectories. The blue integrated tra-
jectory represents an equivalent path that does not actually
exist on the original loss landscape.

2015) is currently one of the most popular adaptive learning
optimizers for its rapid convergence and efficient handling of
sparse gradients. The combination of first-order and second-
order moments in Adam enables the effective incorporation
of momentum-based optimization and adaptive learning rate
methods, thereby enhancing its overall efficiency and appli-
cability in various neural network training contexts. Despite
being widely used, Adam also exhibits certain limitations,
such as the inferior generalization capabilities compared to
SGD in some scenarios (Wilson et al. 2017; Luo et al. 2019;
Zou et al. 2021). Therefore, several enhanced variants of
Adam are developed to alleviate the issue of poor generaliza-
tion. Switching from Adam to SGD (SWATS) (Keskar and
Socher 2017) is designed to start training with the Adam
optimizer, then automatically switch to SGD, aiming to
improve the model’s generalization performance. However,
this method can not maintain the original convergence rate
of Adam to some extent. ND-Adam (normalized direction-
preserving Adam) (Zhang 2018) meticulously preserves the
direction of gradients for each parameter and produces the
regularization effect akin to L2 weight decay. Despite this,
its ability to enhance generalization is quite limited. Ad-
aBound (Luo et al. 2019) employs dynamic constraints on
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the learning rate to achieve a smooth and gradual transition
from adaptive methods to SGD, which enhances the gener-
alization of a model and reduces the dependence on detailed
learning rate adjustments. Nonetheless, a significant draw-
back of AdaBound is its potential for slow convergence in
certain scenarios (Savarese 2019). Overall, these improved
optimizers of Adam attempting to enhance the generaliza-
tion of Adam are unable to simultaneously retain the rapid
convergence characteristic of Adam and enhance generaliza-
tion effectively.

Many studies show theoretically and empirically that the
generalization performance of a model is highly correlated
with its loss landscape in the parameter space (Hochreiter
and Schmidhuber 1997; Chaudhari et al. 2019; Jiang et al.
2020; Petzka et al. 2021; Du et al. 2022). A crucial observa-
tion is that flat regions in the loss landscape tend to be as-
sociated with good generalization performance, while sharp
or narrow regions may lead to overfitting (Mulayoff and
Michaeli 2020; Sun et al. 2023). This means that optimiz-
ers can effectively improve the generalization of a model by
converging to flat minima during the training process, which
provides a new perspective to alleviate the issue of the poor
generalization of Adam. In order to improve the generaliza-
tion of a model by finding flat minima in the loss landscape,
we propose multiple integral Adam (MIAdam), which is in-
spired by the effect that the multiple integral term can often
serve as filters and noise suppressions in the field of signal
processing and control systems (Roberts and Mullis 1987;
Jin, Zhang, and Li 2015). MIAdam introduces a multiple
integral term to the parameter update formula of Adam, uti-
lizing the filtering effect of multiple integrations to smooth
the optimizer’s trajectory. As shown in Fig. 1, if we consider
the trajectory as a time-varying input signal, integrating the
signal is equivalent to filtering out the sharp minima encoun-
tered by the optimizer on the loss landscape, thereby en-
abling the optimizer to converge to flat minima. More details
about the design of the MIAdam optimizer are discussed in
Section MIAdam. The main contributions of this paper are
summarized as follows.

• To the best of our knowledge, the method of introducing
multiple integral term in the optimizer to find flat minima
in the loss landscape is proposed for the first time. Fur-
thermore, we propose a new optimizer based on Adam,
which is called MIAdam.

• We provide theoretical analyses on MIAdam. Specifi-
cally, utilizing the diffusion theory framework in (Xie,
Sato, and Sugiyama 2020), we prove that the multiple
integral term enables MIAdam to generalize better than
Adam under some assumptions. In addition, we also ana-
lyze the effect of multiple integral terms on convergence.

• The effectiveness of the proposed method is validated
through image classification experiments, text classifi-
cation experiments, and experiments that inject label
noises into datasets. Experimental results demonstrate
that MIAdam outperforms the Adam and its state-of-the-
art (SOTA) variants on both generalization and robust-
ness against label noises.

Preliminaries
In this section, core concepts about Adam and the related
theoretical analyses on the relationship between flat minima
and generalization are briefly given to set the stage for the
detailed exposition of MIAdam that follows.

Overview of Adam
The training procedure for a DNN can be primarily char-
acterized as an optimization problem, which is defined as
follows:

min
θ

1

|S|

|S|∑
k=1

L (xk,yk;θ), (1)

where L (xk,yk;θ) represents the loss function; θ denotes
the parameter of the model; xk and yk are the input and its
corresponding ground-truth label, respectively; S is a subset
of D and D is the training dataset. In the early stages of
deep learning development, SGD emerges as a prevailing
optimizer, with its parameter update formula expressed as
follows:

θt+1,i = θt,i − αgt,i, (2)
where α represents the learning rate; θt,i represents the i-
th dimension of the parameter at discrete time t; gt,i is the
gradient with respect to the parameter θt,i. The gradient is
formally defined as

gt,i =
∂L(θt,i)

∂θt,i
, (3)

where L(θ) = (1/ |S|)
∑|S|

k=1 L (xk,yk;θ). Momentum is
a strategy used to expedite convergence of SGD towards
minima and escape saddle points on the loss landscape (Qian
1999). It is computed by accumulating previous gradients
into the current gradient. The parameter update formula of
SGD with momentum (SGDM) is shown as{

mt,i = βmt−1,i + gt,i, (4a)
θt+1,i = θt,i − αmt,i, (4b)

where mt,i denotes the momentum at t and β is the hyperpa-
rameter is used to trade off between the current gradient and
the accumulation of historical gradients. Adam refines the
momentum formulation in Eq. (4a) and introduces an adap-
tive learning rate achieved through the computation of the
first-order and the second-order moments concerning cur-
rent gradients. The first-order and second-order moments are
calculated by the following expressions:{

mt,i = β1mt−1,i + (1− β1)gt,i, (5a)

vt,i = β2vt−1,i + (1− β2)g
2
t,i, (5b)

where vt,i denotes the second-order moment at t; the β1 and
β2 are the exponential decay rates used to adjust the first-
order and second-order moments, respectively. Furthermore,
the parameter update formula of Adam is expressed as

θt+1,i = θt,i −
αm̂t,i√
v̂t,i + ϵ

, (6)

where m̂t,i = mt,i/(1 − βt
1) and v̂t,i = vt,i/(1 − βt

2). The
hyperparameter ϵ is assumed as a small value to prevent di-
vision by zero in the denominator.
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The Relationship Between Flat Minima and
Generalization
The generalization of DNNs has been extensively explored
in recent years. In order to understand the phenomenon
of generalization of DNNs, some of the existing research
delves into understanding the relationship between loss
landscapes and the generalization. A correlation between
the flatness of the loss landscape and model generalization
is revealed in (Hochreiter and Schmidhuber 1995). Subse-
quent investigations in (Hochreiter and Schmidhuber 1997)
expand on this correlation and provide a method for identi-
fying flat minima. In (Keskar et al. 2017), a definition of the
sharpness of a specified point on a loss landscape is given.
The study in (Dinh et al. 2017) introduces a reparameteri-
zation method and argues that previous sharpness measure-
ments are inadequate for predicting generalization capabili-
ties. Furthermore, it is demonstrated that the generalization
capability is influenced by factors such as the batch size,
higher-order “smoothness” terms characterized by the Lips-
chitz constant of the Hessian matrix, the loss function, and
the number of parameters (Wang et al. 2018). Based on the
above theoretical studies, empirical experiments extensively
explore the intrinsic link between the generalization perfor-
mance of a model and loss landscapes. A consensus emerg-
ing from these studies, including (Chaudhari et al. 2019;
Jiang et al. 2020; Du et al. 2022; Petzka et al. 2021), is that
flat minima usually yield better generalization compared to
sharp minima.

MIAdam
In the parameter update formula of Adam, the first-order
moment, as defined in Eq. (5a), is reformulated as follows
(Kingma and Ba 2015):

mt,i =(1− β1)
t∑

j=0

βt−j
1 gj,i. (7)

Consequently, the parameter update formula of Adam is
rewritten as

θt+1,i = θt,i −
α(1− β1)

∑t
j=0 β

t−j
1 gj,i

(1− βt
1)
√

v̂t,i + ϵ
. (8)

When the learning rate α is sufficiently small, Eq. (8) is ap-
proximated in a continuous form as follows:

dθt̃,i = µt̃,i

w t̃

0
β t̃−τ
1 gi(τ)dτ, (9)

where t̃ is the continuous time, dτ is equivalent to α and
µt̃,i = −(1−β1)/((1−β t̃

1)
√
v̂t̃,i + ϵ). It is noteworthy that

the integral term appears in Eq. (9). In signal processing, a
continuous input signal x(t̃) that undergoes an integral op-
eration is written as

y(t̃) =
w t̃

t̃0
x(τ)dτ, (10)

where y(t̃) is the integrated signal and the integration range
is from t̃0 to t̃. Ultimately, the resulting integral signal y(t̃)

contains the cumulative information of the original signal
x(t̃) at different points in time. After the integral operation,
the high-frequency components of the signal are filtered out.
Inspired by this, the trajectory of the optimizer on the loss
landscape can be viewed as the input signal when training
a DNN, and the sharp minima are equivalent to the high-
frequency components in the signal. Integrating this signal
is equivalent to filtering out the sharp minima encountered
by an optimizer in the loss landscape, thereby guiding the
optimizer toward convergence in flat regions. Therefore, to
further achieve the effect of filtering out the sharp minima
encountered by the optimizer, multiple integrations, an en-
hanced version of the integral operation, are introduced into
the parameter update formula of Adam. Based on the pro-
cess involving the integration as depicted in Eq. (10), we
obtain the following equation:
dθt̃,i =

µt̃,i

n-th-order multiple integration︷ ︸︸ ︷
w t̃

0
κt̃−t̃1

w t̃1

0
· · ·
w t̃n−2

0
κt̃n−2−t̃n−1

w t̃n−1

0
β
t̃n−1−τ̃
1 gi(τ̃)dτ̃dt̃n−1· · ·dt̃1,

(11)
where κ is multiple integration rate which adjusts the mul-
tiple integral term. Then, we perform cumulative operations
on the first-order moments in the parameter update formula
of Adam to transform the multiple integral term from a con-
tinuous form to its corresponding discrete form. Thus, the
corresponding parameter update formula of Eq. (11) is de-
rived as follows:

mt,i = β1mt−1,i + (1− β1)gt,i,

m
(n)
t,i =(1−β1)

n-th-order multiple summation︷ ︸︸ ︷
t∑

t1=0

κt−t1

t1∑
t2=0

· · ·
tn−2∑

tn−1=0

κtn−2−tn−1

tn−1∑
tn=0

β
tn−1−tn
1 gtn,i

=
t∑

t1=0

κt−t1

t1∑
t2=0

· · ·
tn−2∑

tn−1=0

κtn−2−tn−1mtn−1,i
,

θt+1,i = θt,i −
αnm

(n)
t,i

(1− βt
1)
√
v̂t + ϵ

,

(12)
where the superscript (n) means the n-th-order multiple
summation. According to the theoretical analyses in Section
and the simulations in Fig. 2, although the multiple integral
term helps an optimizer to find flat minima, the optimizer
hovers around flat minima and does not converge. Thus,
we only use the multiple integral term in the early stages
of training, and after that, the optimizer switches to Adam
to ensure that the training is convergent eventually. At this
point, the multiple integral term is introduced into Adam,
and this new optimizer is named MIAdam. The pseudo code
for MIAdam is shown in Algorithm 1.

Note that the multiple integration is approximated by the
multiple summation in Algorithm 1, which adds only n ad-
ditional summation operations at each iteration for each di-
mension of the parameter. Therefore, MIAdam adds very lit-
tle additional computational overhead compared to Adam.
In the following text, we refer to Adam with an additional
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Algorithm 1: MIAdam
Given: Learning rate: α;
exponential decay rates: β1, β2;
multiple integration rate: κ;
infinitesimal term: ϵ;
the order of the multiple integral item: n;
switching moment: ζ.
Initialize: Step time t← 0;
first moment vector mt=0,i ← 0;
second moment vector vt,i ← 0, m(0)

t=0,i ← mt=0,i.
1: while stopping criterion is not met do
2: t← t+ 1
3: using Eq. (3) to get the gradient gt,i
4: mt,i ← β1mt−1,i + (1− β1)gt,i
5: vt,i ← β2vt−1,i + (1− β2)g

2
t,i

6: if t < ζ then
7: m

(0)
t,i ← mt,i

8: for j = 1 to n do
9: m

(j)
t,i ← κm

(j)
t−1,i +m

(j−1)
t,i

10: end for
11: αt ← αn

12: m̂t,i ← m
(n)
t,i /(1− βt

1)
13: else
14: αt ← α
15: m̂t,i ← mt,i/(1− βt

1)
16: end if
17: v̂t,i ← vt,i/(1− βt

2)

18: θt,i ← θt−1,i − αtm̂t,i/(
√
v̂t,i + ϵ)

19: end while

first-order integration as MIAdam1, and the one with an ad-
ditional second-order integration as MIAdam2, and so on.

Generalization and Convergence Analyses
In this section, we present the theoretical analyses of the
generalization and convergence associated with the addition
of the multiple integral term to Adam, which does not in-
volve the switching of optimizers. These analyses provide a
theoretical foundation for our proposed optimizer.

Generalization Analyses
In this subsection, the diffusion theory framework is utilized
to rigorously demonstrate that the incorporation of the mul-
tiple integral term enhances the generalization capabilities
of the model. Specifically, generalization is quantitatively
assessed by comparing the mean escape time, represented
as ϕ, which indicates an optimizer’s ability to escape from
sharp minima. In the following analyses, we begin by de-
lineating three fundamental assumptions that are crucial for
the application of the diffusion theory framework (Xie, Sato,
and Sugiyama 2020).

Assumption 1. The loss function around the critical point
p is approximately written as

L(θ) = L(p) +
1

2
(θ − p)⊤H(p)(θ − p), (13)

where the superscript ⊤ means the transpose of a vector.
Assumption 2. (Quasi-equilibrium approximation). The
system is in quasi-equilibrium near minima.
Assumption 3. (Low-temperature approximation). The sys-
tem is under low temperature (small gradient noise).

Consequently, following the theoretical analyses in (Xie,
Sato, and Sugiyama 2020; Xie et al. 2022), we can further
deduce Theorem 1. The detailed proof is given in the Ap-
pendix.
Theorem 1. Suppose that Assumption 1, Assumption 2, and
Assumption 3 hold while saddle point u is the exit from
sharp minimum a. Then the mean escape time of MIAdam1
from sharp minimum a to flat minimum b through saddle
point u before the switch is

ϕMIAdam1 =

π

√1 +
4α
√

b |Hue|
t̃(1− β1)

+ 1

 ∣∣det (H−1
a Hu

)∣∣ 14
|Hue|

exp

[
2
√
b∆L

t̃α

(
ϱ√
Hae

+
(1− ϱ)√
|Hue|

)]
,

(14)

where subscript e denotes the escape direction; ϱ is the
path-dependent parameter; b = |S| indicates the batch size;
∆L = L(u)− L(a); H represents the Hessian matrix.

Comparing the mean escape time ϕMIAdam1 obtained
from Theorem 1 with that of Adam’s in (Xie et al. 2022),

ϕAdam =π

√1 +
4α
√
b |Hue|

(1− β1)
+ 1

 ∣∣det (H−1
a Hu

)∣∣ 14
|Hue|

exp

[
2
√
b∆L

α

(
ϱ√
Hae

+
(1− ϱ)√
|Hue|

)]
,

(15)
when t̃ > 1, it is found that ϕMIAdam1 is smaller than
ϕAdam, indicating that Adam introduces an additional first-
order integration which is more likely to escape from sharp
minima and consequently converge to flat minima, thereby
improving the generalization.

Convergence Analyses
In order to verify the effect of the multiple integral term on
the convergence of the optimizer, we follow the analytical
framework of Adam which is also used in this subsection.
Concretely, the regret bound R(t̂) is utilized to evaluate the
convergence of the algorithm and is defined as follows:

R(t̂) =
t̂∑

t=1

ft(θt)−min
θ

t̂∑
t=1

ft(θ), (16)

where ft(·) is a convex loss function.
Theorem 2. Assume that the convex function ft has
bounded gradients, ∥∇ft(θ)∥2 ≤ g, ∥∇ft(θ)∥∞ ≤ g∞ for
all θ ∈ Rd and distance between any θt is guaranteed to
be bounded, ∥θn − θm∥2 ≤ d, ∥θm − θn∥∞ ≤ d∞ for any
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(a) First Loss Landscape (b) α=0.05 (c) α=0.1 (d) α=0.15

(e) Second Loss Landscape (f) MIAdam1 and Adam (g) MIAdam2 and Adam (h) MIAdam3 and Adam

Figure 2: Simulations of trajectory of Adam and MIAdam on 2-parameter loss landscapes.

m,n ∈ {1, . . . , t̂}, and β1, β2 ∈ [0, 1) satisfy β2
1/
√
β2 < 1.

Let αt = α/th and β1,t = β1λ
t−1, κ ∈ (0, 1], λ ∈ (0, 1).

For the convex problem, the R(t̂) of MIAdam1 before the
switch satisfies

lim
t̂→∞

R(t̂)

t̂
̸= 0. (17)

The detailed proof of Theorem 2 is thoroughly presented
in the Appendix. From Theorem 2, it is evident that merely
adding an extra first-order integration to the parameter up-
dating formula of Adam leads to the non-convergence of the
optimizer. Although it is non-convergent, it effectively es-
capes sharp minima and hovers around flat minima in the
loss landscape. This observation is corroborated by the sim-
ulation results shown in Figs. 2(f)-(h). As a result, the MI-
Adam’s algorithm is structured to switch to Adam after a
certain number of epochs to guarantee convergence.

Simulations and Experiments
In this section, we conduct the simulations on 2-parameter
loss landscapes to illustrate the efficiency of MIAdam to
escape from sharp minima. Furthermore, extensive empiri-
cal experiments are conducted to demonstrate that MIAdam
outperforms Adam in terms of generalization and robustness
against label noises.

Simulations
This subsection mainly includes simulations demonstrating
that MIAdam is easier to escape from a sharp minima com-
pared to Adam and exploring the impact of learning rate
on the optimization process. The first simulation is con-
ducted on an elaborate 2-parameter loss landscape (Yang
2020) with one flat minima surrounded by two sharp min-
ima, whose contour map is displayed in Fig. 2(a). On this
loss landscape, the learning rates of Adam and MIAdam1

are respectively set to 0.05, 0.1, and 0.15, and the simula-
tion results for their corresponding optimization trajectories
are shown in Figs. 2(b)-(d). It is clear that MIAdam1 tends to
escape from sharp minima and converge to flat minima com-
pared to Adam on the 2-parameter loss landscape. Moreover,
as the learning rate increases, MIAdam1 is able to converge
to the flat minima. In contrast, Adam always shows poor
convergence on this loss landscape and can not converge
well to the flat minima or sharp minima. Therefore, our pro-
posed method is effective in finding flat minima and can not
be simply replaced by increasing the learning rate of Adam.

The second 2-parameter loss landscape used for sim-
ulations is depicted in Fig. 2(e), which contains a large
number of sharp minima and flat minima. On this loss
landscape, the optimization trajectories of MIAdam1, MI-
Adam2, MIAdam3, and Adam are compared in Fig. 2(f)-
(h), respectively. Simulation results indicate that MIAdam1,
MIAdam2, and MIAdam3 tend to converge toward flat min-
ima, while the Adam optimizer tends to converge to the near-
est sharp minima. It’s worth noting that MIAdam3 exhibits
more intense oscillations near the flat region compared to the
MIAdam2. This suggests that increasing the order of multi-
ple integration does not always lead to improved outcomes.
Different starting points influence the trajectory of the opti-
mizer. Therefore, to make the simulation results more con-
vincing, we conduct additional simulations using 2,500 dif-
ferent starting coordinate points and calculate the sum of the
absolute values of the eigenvalues of the Hessian matrix of
the different optimizers for the final convergence points at
different starting coordinate points and compare them. Due
to space constraints, the simulation results are presented in
the Appendix.

Experiments
The effectiveness of MIAdam is evaluated in this subsection
through extensive empirical experiments. Initially, we con-
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(a) Adam (b) MIAdam1 (c) MIAdam2 (d) MIAdam3

Figure 3: Comparisons of top Hessian eigenvalues λtop, Hessian traces λtrace, and full Hessian eigenvalue densities for loss
landscapes on the CIFAR-10 dataset using ResNet18.

Optimizer ResNet18 ResNet50
CIFAR-10(%) Time CIFAR-100(%) Time CIFAR-10(%) Time CIFAR-100(%) Time

Adam 93.89±0.18 47m 73.17±0.26 47m 93.69±0.28 2h 45m 75.24±0.62 2h 47m
NAdam 93.92±0.11 46m 73.08±0.31 46m 94.03±0.07 2h 57m 74.95±0.08 2h 58m
AdamW 93.74±0.07 48m 72.11±0.23 47m 93.80±0.11 2h 45m 74.40±0.61 2h 48m
ND-Adam 93.69±0.08 44m 72.26±0.34 48m 93.81±0.18 2h 39m 74.18±0.35 2h 57m
Adamax 93.68±0.25 1h 28m 74.27±0.19 1h 27m 94.10±0.19 2h 48m 76.30±0.10 2h 52m
AdaBound 92.93±0.11 48m 72.51±0.23 49m 93.14±0.29 3h 1m 73.87±0.27 3h 2m
SWATS 92.73±0.10 1h 6m 72.76±0.27 54m 92.38±1.38 2h 51m 72.83±2.10 2h 50m
Adai 93.86±0.15 53m 74.82±0.09 53m 93.95±0.06 3h 32m 76.07±0.36 3h 18m
MIAdam1 94.20±0.12* 47m 75.03±0.05* 47m 94.17±0.10 2h 49m 76.96±0.31* 2h 47m
MIAdam2 94.03±0.12 47m 74.41±0.38 46m 94.28±0.15* 2h 47m 76.63±0.15 2h 46m
MIAdam3 93.96±0.17 47m 74.53±0.22 47m 94.10±0.10 2h 48m 76.51±0.02 2h 46m

DenseNet121 PyramidNet110
CIFAR-10(%) Time CIFAR-100(%) Time CIFAR-10(%) Time CIFAR-100(%) Time

Adam 94.11±0.01 3h 30m 73.88±0.34 3h 32m 93.45±0.10 2h 46m 72.20±0.09 2h 50m
NAdam 94.39±0.30 4h 23m 65.71±0.34 4h 24m 93.33±0.20 3h 34m 71.26±0.44 3h 32m
AdamW 94.16±0.11 3h 25m 75.07±0.15 3h 30m 93.25±0.08 2h 48m 70.41±0.69 2h 43m
ND-Adam 94.11±0.01 3h 23m 74.59±0.20 3h 34m 93.00±0.15 2h 58m 70.72±0.30 3h 11m
Adamax 90.97±0.15 3h 40m 63.48±0.08 3h 47m 92.46±0.24 4h 51m 69.43±0.28 5h 16m
AdaBound 93.14±0.10 4h 0m 73.88±0.35 4h 2m 92.14±0.22 3h 32m 68.97±0.39 3h 27m
SWATS 93.64±0.94 3h 35m 75.62±3.10 3h 45m 89.42±4.13 3h 35m 49.82±25.13 2h 29m
Adai 94.45±0.21 4h 28m 76.77±0.31 4h 42m 93.50±0.10 4h 18m 71.94±0.31 4h 5m
MIAdam1 94.75±0.10* 3h 29m 77.02±0.10* 3h 26m 93.65±0.08* 2h 59m 72.51±0.24* 2h 56m
MIAdam2 94.43±0.12 3h 29m 76.21±0.33 3h 32m 93.02±0.10 2h 52m 71.96±0.59 2h 52m
MIAdam3 94.35±0.03 3h 30m 76.54±0.28 3h 30m 93.07±0.25 2h 54m 71.34±0.17 2h 53m

Table 1: Top-1 test accuracy (mean±std) on CIFAR-10 and CIFAR-100.

duct image classification experiments with various neural
network architectures on CIFAR1 and ImageNet-1k2, com-
pared against widely-used adaptive learning rate optimiz-
ers, including Adam and its SOTA variants. Additionally, we
utilize the fast computation method of Hessian information
of loss landscapes provided in (Yao et al. 2020) for further
comparative analyses. Subsequently, the effectiveness of the
proposed MIAdam optimizer for text classification tasks is
tested using the BERT and RoBERTa models across four
distinct datasets (Lin et al. 2021). Finally, to validate the ro-

1http://www.cs.toronto.edu/ kriz/cifar.html
2https://www.image-net.org/

bustness against label noises of MIAdam, we perform im-
age classification experiments on datasets injected with label
noises. The results of MIAdam exceeding Adam are all bold,
and the optimal experimental results are all marked by aster-
isks. Because of space constraints, the detailed experimental
settings for all experiments are included in the Appendix.

Image Classification Experiments To enhance the con-
viction of our experimental results, we employ four dif-
ferent neural network architectures for image classification
tasks on the CIFAR-10 and CIFAR-100 datasets: ResNet18
(He et al. 2016), ResNet50 (He et al. 2016), DenseNet121
(Huang et al. 2017), and PyramidNet110 (Han, Kim, and
Kim 2017). For experiments on large-scale image datasets,
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Optimizer AlexNet(%) ResNet18(%) DenseNet121(%)

Adam 46.48 67.19 71.48
MIAdam1 52.34* 72.27* 75.39*
MIAdam2 49.61 70.70 74.22
MIAdam3 43.36 70.31 74.60

Table 2: Top-1 test accuracies (mean±std) on ImageNet-1k

Dataset Optimizer BERT(%) RoBERTa(%)

R8

Adam 98.15±0.02 98.36±0.05

MIAdam1 98.18±0.03* 98.45±0.05*
MIAdam2 98.11±0.10 98.29±0.10

MIAdam3 98.04±0.09 98.29±0.06

R52

Adam 96.36±0.21 96.21±0.13

MIAdam1 96.42±0.23 96.48±0.01

MIAdam2 96.57±0.07 96.46±0.23

MIAdam3 96.65±0.27* 96.65±0.07*

MR

Adam 86.03±0.30 87.72±0.09

MIAdam1 86.51±0.09* 89.73±0.17*
MIAdam2 86.45±0.19 89.54±0.19

MIAdam3 86.34±0.09 89.54±0.18

Table 3: Test accuracies (mean±std) on text classification
experiments

we utilize the AlexNet (Krizhevsky, Sutskever, and Hinton
2012), ResNet18, and DenseNet121 architectures for both
training and testing on the ImageNet-1k. The classification
performance of MIAdam is compared with optimizers such
as Adam, NAdam (Dozat 2016), AdamW (Loshchilov and
Hutter 2017), ND-Adam, Adamax (Kingma and Ba 2015),
AdaBound, SWATS, and Adai (Xie et al. 2022). Detailed hy-
perparameters and experimental settings are presented in the
Appendix. As observed from Table 1 and Table 2, MIAdam
maintains a training time comparable to Adam while obtain-
ing much better performance than Adam. To provide a com-
parison of the flatness in the final convergence regions, we
compute top Hessian eigenvalues, Hessian traces, and full
Hessian eigenvalue densities for loss landscapes of Adam,
MIAdam1, MIAdam2, and MIAdam3 using DenseNet121
on the CIFAR-100 dataset in Fig. 3. Fig. 3 suggests that the
multiple integral term is helpful in finding flatter minima in
a specific neural network training task.

Text Classification Experiments We conduct text clas-
sification experiments by fine-tuning the pre-trained mod-
els, BERT and RoBERTa models, on three widely-used text
datasets R8, R52, and Movie Review (MR). Each optimizer
is run three times on each dataset using different network
structures, with the mean and standard deviation of the test
accuracy reported in Table 3. The experimental results in-
dicate that MIAdam significantly outperforms Adam in text
classification tasks.

Optimizer Noise rate(%)
20 40 60 80

Adam 88.24 84.90 79.61 66.39
ND-Adam 87.52 84.10 78.34 63.51
AdaBound 86.51 82.46 76.58 57.86
SWATS 89.43 85.47 80.30 53.50
Adai 86.09 81.92 75.72 58.60
MIAdam1 90.32* 87.67* 82.02* 67.68*
MIAdam2 89.13 85.03 79.84 64.96
MIAdam3 88.71 85.87 79.40 64.27

Table 4: Top-1 test accuracy on CIFAR-10 under label
noises.

Robustness Against Label Noises In this subsection, we
investigate the capacity of MIAdam to withstand label
noises in the training dataset, thereby validating its robust-
ness against label noises. The ResNet18 network is trained
by using Adam and MIAdam on the corrupted version of
the CIAFR10 dataset, where some of its training labels are
randomly flipped while the inputs are kept clean. The noise
levels are 20%, 40%, 60%, and 80%. On each noise level,
each optimizer is run only once. The remaining experimen-
tal settings are consistent with those used in the previous im-
age classification experiments. As indicated in Table 4, MI-
Adam consistently achieves the highest test accuracy across
all noise levels, underscoring MIAdam’s superior robustness
against label noises.

Conclusion

In this paper, we have proposed MIAdam, a new adaptive
learning rate optimizer algorithm with a multiple integral
term added to Adam. MIAdam smoothes the optimization
trajectory through the filtering effect of the multiple inte-
gral term, enabling it to escape sharp local minima during
training and converge towards flat minima, thereby allevi-
ating the problem of poor generalization of Adam and im-
proving the robustness against label noises while retaining
the fast convergence of Adam. Utilizing the diffusion the-
ory framework, we have provided the proof that incorpo-
rating the multiple integral term enhances the capability of
the optimizer to escape sharp minima and converge to flat-
ter minima, thus improving the generalization of the mod-
els. We have analyzed the convergence of MIAdam and
provided a guarantee of convergence. The simulations have
demonstrated that MIAdam is capable of finding flatter min-
ima compared to Adam. For empirical analyses, We have
conducted image classification experiments, text classifica-
tion experiments, and experiments that inject label noises
into datasets. The experimental results show that MIAdam
has much better generalization and robustness against label
noises than Adam. Future work will focus on introducing
multiple integral terms into other optimizers.
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