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Abstract

This paper presents a new gradient descent optimization method, AMAdam,
designed to address the critical limitations of existing optimization techniques.
AMAdam’s innovation lies in its ability to dynamically adjust the learning rate
by exploiting delicate gradient variations. This dynamic adaptation improves
convergence speed while guaranteeing robust generalization, a balance that has
proved difficult to achieve for many conventional algorithms. A key feature of
AMAdam is its remarkable reduction in memory usage and hyperparameter com-
plexity, compared to established methods. A comprehensive convergence analysis
is carried out to establish the reliability of the algorithm. To empirically evaluate
AMAdam, extensive experiments are carried out on different datasets, including
MNIST, IMDB movie reviews, CIFAR-10, and CIFAR-100 datasets. Compar-
isons reveal AMAdam’s consistent superiority over widely adopted optimizers
such as SGD(M), Adam, Adamax, RMSProp, Adagrad, AdaDelta, AdamW, and
Radam. Our results demonstrate AMAdam’s efficacy in optimization tasks while
enhancing computational efficiency. Code is available at https://github.com/
thchi/AMad.

Keywords: Stochastic Gradient Descent, Adaptive Momentum, Learning Rate, Deep
Neural Networks

1

https://github.com/thchi/AMad
https://github.com/thchi/AMad


1 Introduction

In recent years, the use of artificial neural networks (ANNs) has increasingly grown,
due to their outstanding results in tasks ranging from image recognition to natu-
ral language processing [1–7]. ANNs operate on the fundamental premise of using
loss scores to fine-tune their parameters, through optimization algorithms, often
referred to as optimizers, being the workhorses driving this fine-tuning process [8, 9].
Consequently, every deep learning framework offers a variety of gradient descent
optimization algorithms [10–12].

However, as machine learning methods have rapidly advanced, new challenges
have emerged. These include achieving robust performance in the face of limited data,
dealing with non-convex optimization landscapes, and addressing the phenomenon
of slow convergence in deep networks [13–16]. To tackle these challenges, numerous
gradient descent optimization methods have been devised, each striking a unique
balance between computational efficiency, convergence speed, and parameter update
characteristics [17–20]. Choosing the right optimizer hinges on the specific dataset
and learning task at hand [21].

This paper introduces an innovative optimizer, Absolute Momentum Adam
(AMAdam), a variant of the widely-used Adam algorithm. AMAdam addresses
the sensitivity of Adam’s convergence behavior to the choice of its second moment
estimate, which plays a crucial role in learning rate adaptation for each parameter
[22, 23]. Our solution replaces the second moment estimate with the absolute value
of the first moment estimate, effectively moderating the learning rate throughout
training. Through extensive experimentation across diverse machine learning tasks
and datasets, including image classification and text categorization, we empirically
demonstrate that AMAdam consistently outperforms not only the Adam algorithm
but also other prominent optimization methods such as SGD, Adam, AdamW, and
Radam [24, 25].

To facilitate a more nuanced understanding of these optimization methods,
including AMAdam, and their inherent trade-offs, we present Table 1 2.4. This table
acts as a compass for making informed decisions about the optimization strategy best
suited to specific machine learning tasks, showcasing the respective strengths and
weaknesses of each method.

Our contributions to this work can be summarized as follows:

• Innovative Variant: We introduce a novel variant of the Adam algorithm by
replacing the second moment estimate with the absolute value of the first moment
estimate.

• Hyperparameter Reduction: We streamline the hyperparameters, making the
optimization process more efficient for various models.
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• Improved Convergence: We enhance the convergence properties and generaliza-
tion performance across a range of machine learning tasks.

• Empirical Validation: We provide a thorough experimental evaluation, substan-
tiating our approach’s superiority over several popular optimization methods.

The rest of this paper is organized as follows: Section 2 provides an overview of
the existing literature on the Adam algorithm and related optimization techniques.
In Section 3, we detail our proposed AMAdam algorithm and its distinctive fea-
tures. Section 4 presents the experimental results, illustrating the effectiveness of our
approach. Section 5 delves into the implications of our work within the broader con-
text of optimization methods in machine learning. Finally, Section 6 concludes our
paper and outlines avenues for future research.

2 Related work

Notation: For all vector a, b ∈ Rd, with slight abuse of notation we denote a2 as the
element-wise square, the element-wise division as a

b , max(a, b) as the element-wise

maximum, abs (a) as the element-wise absolute value, and we use
√
a or a1/2 for

element-wise square root. For the weight vector θt ∈ Rd we denote θt,i its i-th coor-
dinate where i ∈ [d]. The loss function is denoted as ft(θ) (to be considered as the
loss of the model with the values chosen in mini batch), and the gradient of the loss
function ∇θf(θt) = gt, we denote gt,i as the i-th coordinate of gradient obtained in
the time step t with t ∈ [T ].

In this section, we present an overview of different types of gradient descent
algorithms used in machine learning problems.

2.1 Stochastic Gradient Descent with Momentum (SGD(M))

Stochastic Gradient Descent method is the first and most used optimization method
that works by iteratively modifying the variables in the reverse direction of the gra-
dients of the objective function. The traditional Stochastic Gradient Descent (SGD)
method can get stuck in a local minimum, as it has difficulty traversing valleys with
steep curves in one direction. Momentum (M) is a technique that helps SGD to over-
come this limitation by adding a fraction γ of the previous update vector mt−1 to the
current gradient update mt. The learning rate α determines the step size in each iter-
ation, while γ controls the momentum [26]. The parameters of the SGD(M) method
are updated as follows:

mt = γmt−1 + gt

θt = θt−1 − α mt
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2.2 Accelerated Nesterov Gradient

The main purpose of the Nesterov Accelerated Gradient (NAG) method [27] is to
obtain a kind of projection into the future by computing a gradient that is not relative
to the current parameters. The key update is described as follows:

mt = γmt−1 + α · ∇θft(θt−1 − γmt−1)

θt = θt−1 −mt

2.3 Adagrad

In addition, Adagrad [26] is a gradient optimization approach that adjusts the learning
rate by the sum of the squares of the gradients of each parameter, resulting in smaller
fits for values associated with recurrent circumstances and larger fits for values with
unusual features. As a result, it is best suited for handling small amounts of data.
According to [28], Adagrad improves the robustness of SGD and has been used to
train Google’s large-scale neural networks, which have explored how to detect cats in
YouTube videos. This update can be described as:

gt,i = ∇θft(θt−1,i)

θt,i = θt−1,i −
α√

Gt,i + ϵ
.gt,i

Gt,i =
∑i=t

i=0 g
2
t,i : The sum squares of the past gradients and ϵ is a smoothing con-

cept that prevents division by zero . By using a matrix-vector product ⊙, we could
vectorize the method. The resulting update is as follows :

θt+1 = θt −
η√

Gt + ϵ
⊙ gt

Gt is diagonal matrix in which each diagonal element represents the sum of the squares
of gradient gt.

2.4 Adam

The adaptive momentum estimation (Adam) method is widely used for deep learning.
It is distinguished by its approach of determining adaptive learning rates for each of
the parameters. To do this, it stores the quadratic gradient priors as exponentially
decreasing averages, which is similar to the approaches of RMSprop [29] and Adadelta
[30]. Parameter updates are performed according to the formula described belove. In
its original formulation, Adam employs default values of β1 = 0.9 and β2 = 0.999,
along with a small ϵ value of 10−8. The authors showed that Adam outperforms other
adaptive learning algorithms in practice.
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gt = ∇θft(θt−1)

mt = β1 ·mt−1 + (1− β1) · gt
vt = β2 · vt−1 + (1− β2) · g2t
m̂t =

mt

1− βt
1

v̂t =
vt

1− βt
2

θt = θt−1 − α · m̂t√
v̂t + ϵ

Moreover, as shown in the work of Reddi [35], Adam may not converge to an
optimal solution even in cases of simple one-dimensional convex configurations. These
examples of non-convergence contradict the convergence claim of Kingma and Ba [31],
and they raise the crucial issue of the quantity Ωt =

vt
αt

− vt−1

αt−1
which must be positive

to guarantee convergence. Whereas for Amsgrad method, the second momentum is

Table 1 Overview of the key optimization methods.

Method Advantages Shortcomings
AMAdam - Improved generalization

- Reduced hyperparameters
- Faster convergence
- Robust performance

- Sensitive to hyperparameters
- May not universally outperform other
methods
- Risk of overshooting in non-convex
landscapes

Adam [31] - Effective for diverse tasks
- Adaptive learning rates
- Converges quickly

- Non-monotonic convergence
- Sensitivity to hyperparameters

AdamW [32] - Weight decay regularization
- Mitigates weight updates

- Requires additional hyperparameter
tuning

Adagrad [26] - Adaptive learning rates based
on past gradients
- Effective for sparse data

- Rapid decay of learning rates
- Inefficient on non-sparse data

AdaDelta [30] - No learning rate hyperparam-
eter
- Effective on some non-convex
landscapes

- Slow convergence in some scenarios
- Sensitivity to learning rate parame-
ters

Radam [33] - Adaptive learning rates based
on moving averages of gradi-
ents

- May not consistently outperform
other methods

NAG [15] - Simplicity and low memory
usage
- Can escape local minima

- Slow convergence
- Susceptible to local minima

AdaBelieve [34] - Improved generalization
- Adaptive learning rates

- Prone to overfitting
- Computationally expensive for larger
networks

Adamax [31] - Effective for noisy gradients
- Simpler than Adam

- Robustness issues in extreme gradient
scenarios

RMSProp [29] - Adaptive learning rates with
gradient moving averages

- Non-monotonic convergence
- Oscillation around minima
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computed as the maximum of the past square gradients, using an additional variable
v̂ to store these maximums, which allows for more efficient updating of weights and
subsequently guarantees that the quantity Ωt is positive. On the other hand, the
Adadelta and RMSprop approaches also have their drawbacks, such as the potential
looping update around a late local minimum in the learning phase [36].

Table 2.4 summarises the adopted algorithms by highlighting their advantages and
shortcomings, together with the proposed new optimization algorithm, detailed in the
following paragraph.

3 Improved Adaptive Momentum Method -
AMAdam

We propose a new optimization algorithm called AMAdam that aims to improve the
convergence properties of the classical Adam algorithm and addresses some problems
with current optimization methods. Our main idea is to replace the second moment
estimate used to update the parameters with the absolute value of the first moment
estimate[37].

Our Stochastic Gradient Descent optimization method employs an adaptive decay
rate rather than a fixed and pre-configured one. The suggested optimization strategy
is based on changes in simple gradients and manages the learning rate based on the
need for effective learning adjustment mechanism [38]. This suggests that our devel-
oped algorithm follows the rule that the parameter change ought to be smaller in low
gradient changing regions and larger in high gradient changing regions. The method
significantly reduces the number of hyper-parameters that needed to be modified and
adjusted when necessary [39].

The key steps in our algorithm are as follows:

1. Compute the first momentum estimate mt as it is in Adam algorithm .
2. Use the absolute estimate of mt to regulate the rate at which the parameters are

changed: we compute the absolute estimate of mt using the absolute function, as
shown below:

vt = abs(mt) (1)

3. Re-initialize v̂: to avoid problems due to excessive decay, we use re-initialization of
v̂ to maintain some stability in updating the parameters. Moreover we guarantee
that the quantity

Ωt =
vt
αt

− vt−1

αt−1

is positive to ensure convergence as mentioned in [40] . This is accomplished by
using the max function to compare v̂ to vt, as shown below:

v̂t = max(v̂t−1, vt) (2)

With this update. The iteration using the stochastic gradient descent method is
done as follows:
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θt = θt−1 − α
m̂t

(
√
v̂t + ϵ)

(3)

Algorithm 1 summarises the requirements and the adopted steps.

Algorithm 1 Proposed Algorithm - AMAdam.

Require: α = 0.01, β1 = 0.9, and ϵ = 10−8. With βt
1, denote β1 to the power t.

1: m0 = 0 and v0 = 0
2: t = 0
3: while θt not converged do
4: t = t+ 1
5: gt = ∇θft(θt−1)
6: mt = β1 ·mt−1 + (1− β1) · gt
7: m̂t =

mt

(1−βt
1)

8: vt = abs(m̂t)
9: v̂t = max(v̂t−1, vt)

10: θt = θt−1 − α m̂t√
v̂t+ϵ

11: end while
return θt

3.1 Mathematics intuition and Motivation behind the
modification

To understand our modification, it is important to note that optimization algorithms
such as Adam use two types of estimates to update the parameters: the first is the
estimate of the first moment mt:

mt = β1mt−1 + (1− β1)gt. (4)

This gives an idea of the direction in which the parameters should be changed, and
the second estimate of the moment, vt, regulates the rate at which the parameters are
changed. In the classical Adam algorithm, vt is calculated as the exponential moving
average of the squares of the gradients.

vt = β2vt−1 + (1− β2)g
2
t . (5)

In the Adam’s original algorithm, the rule for updating the θ parameters is as follows:

θt = θt−1 −
α

√
vt + ϵ

mt. (6)

7



Fig. 1 Comparison the effect of update magnitude and the value of the function over time.

The proposed modification of the update rule is motivated by the need of preventing
the value of vt to be excessively small, which can cause instability in the algorithm.
This phenomenon can occur when the gradient is consistently small, causing the value
of vt to approach zero. As a result, the scaling factor 1√

vt+ϵ in the update rule becomes

very large, potentially leading to overshooting of the optimum solution. This over-
shooting can result in slow convergence or even divergence of the algorithm. Therefore,
by using the absolute value of mt instead of vt in the denominator of the update rule,
we ensure that the denominator is always positive, and the stability of the update rule
is maintained. The updated equation then becomes:

θt = θt−1 −
α√

abs(mt) + ϵ
mt. (7)

This modification does not change the direction of the update, but it alters the
magnitude of the update by including the absolute value of mt in the denominator of
the update rule. Specifically, this modification changes the magnitude of the update
and leads to faster optimization and better convergence properties.

(ie) In the case of the Adam optimization algorithm, the magnitude of the update
is controlled by the denominator of the update rule, which involves the exponential
moving average of the squares of the gradients (vt) and the epsilon value for numer-
ical stability. The larger the denominator value, the smaller the magnitude of the
parameter update. By changing the denominator to include the absolute value of
mt rather than vt, the magnitude of the update is changed, which leads to better
convergence properties and faster optimization.

To further illustrate the effect of the modification on the magnitude of the updates,
let’s consider a simple example. We can compare the effect of the standard Adam
optimizer with the modified version on a quadratic function defined by f(x) = x2.
Figure 1 shows the value of the function and the magnitude of the parameter updates
over time for the two optimizers (Adam and AMAdam):

• The standard Adam optimizer tends to make large updates at the beginning of
the optimization process and gradually reduces the magnitude of the updates as it
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converges to the minimum. This can be observed in the figure where the magnitude
of the parameter updates (blu line) starts high but gradually decreases over time.

• In contrast, the modified version of the Adam optimizer (orange line) starts with a
small update magnitude and gradually decreases it, as it approaches the minimum.
This helps to avoid overshooting the minimum and may result in faster convergence
to the minimum.

In the case of the quadratic function f(x) = x2, the standard Adam algorithm
overshoot the minimum due to its large initial updates, while the modified optimizer
converge faster due to its gradual decay in update magnitude.

In conclusion, the modified Adam algorithm changes the scaling factor of the
update rule to be based on the gradient magnitude estimate abs(mt) rather than the
second moment estimate of the gradient (vt). This modification ensures that updates
are always correctly adjusted for gradient magnitude, while avoiding the potential for
vanishing scaling factors when the second moment estimate is close to zero.

Theorem 1. (Convergence) Assume that the gradient gt = ∇θft(θt−1) is bounded for
all t ∈ [T ], ||abs(gt)||∞ ≤ G∞ for all θ ∈ Rd and distance between any θt generated by
our algorithm is bounded, ||θm − θn||∞ ≤ D∞ for any n,m ∈ 1, ...., T and 0 ≤ β1 <
1.let αt = α√

t
and β1,t = β1λ

t−1, 0 ≤ λ < 1. Our algorithm achieves the following

guarantee, for all T ≥ 1

R(T ) ≤ dG
1/2
∞ D2

∞
2α(1− β1)

√
T +

β1d G
1/2
∞ D2

∞
2α(1− β1)(1− λ)2

+
αG

3/2
∞ d

(1− β1)

√
T

A side-benefit of our work is adopting a similar demonstration approach in [23].
Eventually our analysis shows that the proposed algorithm achieves convergence rate
of O(1/

√
T ) (See Appendix A) .

3.2 Efficiency and Characteristics

In this part we discuss the main characteristics and efficiency of our proposed
algorithm in relation to a set of algorithms well known in the literature for their
performance and efficiency.

One key advantage of AMAdam is its ability to effectively adapt the learning
rate for each parameter based on the historical gradient information. This allows
AMAdam to avoid non-monotonic slowdowns in convergence and improve gen-
eralization performance. In addition, AMAdam requires less memory than other
optimization algorithms that uses the gradient descent square and its derivatives,
making it a more efficient and scalable option for large-scale machine learning tasks.
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Table 2 Set of algorithms used in the literature and their differences in terms of several parameters such as 1st

Momentum, 2nd Momentum, Update, and Hyper-parameter.

Algorithm 1st Momentum 2nd Momentum Update Hyper-parameter
SGD(M) mt = γmt−1 + gt I θt+1 = θt − αmt γ, α
Adagrad gt Gt θt+1 = θt − α√

Gt+ϵ
gt α, ϵ

AdaDelta gt E[g2]t θt+1 = θt + ∆θt β1, ϵ
RMSProp m̂t E[g2]t θt+1 = θt− α√

E[g2]t+ϵ
gt α, β1, β2, ϵ

Adam m̂t v̂t θt+1 = θt − α√
v̂t+ϵ

m̂t α, β1, β2, ϵ

Adamax m̂t ut θt+1 = θt − α√
ut+ϵ m̂t α, β1, β2, ϵ

Nadam mt = β1m̂t−1+(1−
β1)gt

v̂t θt+1 = θt − α√
v̂t+ϵ

m̂t α, β1, β2, ϵ

Amsgrad m̂t v̂t = max(v̂t−1, vt) θt+1 = θt − α√
v̂t+ϵ

m̂t α, β1, β2, ϵ

Adabelief m̂t vt = β2vt−1 + (1 −
β2)(gt − mt)

2 + ϵ

θt+1 = θt − α√
v̂t+ϵ

m̂t α, β1, β2, ϵ

AdamW m̂t vt = β2vt−1 + (1 −
β2)g

2
θt+1 = θt − α√

v̂t+ϵ
m̂t +

λθ

α, β1, β2, λ, ϵ

AMAdam m̂t abs(m̂t) θt+1 = θt −
α√

abs(m̂t)+ϵ
m̂t

α, β1, ϵ

where: mt = β1mt−1 + (1 − β1)gt, m̂t =
mt

1−βt
1
, vt = β2vt−1 + (1 − β2)g

2
t , v̂t =

vt
1−βt

2
,

ut = β∞
2 ut−1 + (1 − β∞

2 )|gt|∞ = max(β2 · ut−1, |gt|),
E[g2]t is the decaying average over past squared gradients,
E[g2]t = 0.9E[g2]t−1 + 0.1g2

t , Gt =
∑i=t

i=1 g2
i ,

∆θt = −E[∆θ]t−1
E[g]t

gt.

Another main advantage of AMAdam is that it has fewer hyperparameters than
Adam, which may make it easier to configure for different models. Furthermore,
AMAdam is designed to reduce the rate of learning in the last iterations, which may
contribute in avoiding poor generalization performance caused by a non-linear rate of
learning.

As we will see in the experimental part, our algorithm at the beginning of the
learning process makes iterations with very little progress compared to the other
algorithms that use the second decay rate and its variants. What explains the greater
progress of the other adaptive methods compared to ours is that they use the second
momentum vt (square gradient and its variants), while our algorithm just uses the
first average exponential decay of the gradient with its absolute value. However, dur-
ing the training, our algorithm adapts well and manages to have the same behavior
as the other methods. Furthermore, it succeeds in outperforming most of the widely
used algorithms.

Note that the attributes presented in Table 2 are a summary of the characteristics
of each algorithm and how they relate to our proposed method, to support our claims
about the effectiveness of our method.

To recapitulate, in our proposed stochastic gradient descent optimization method,
we make sure that the learning rate decreases to avoid any dispersion or poor gener-
alization performance caused by a non-monotonic slowdown of the learning rate. We
then check that the learning rate decreases more and more even in the last iterations
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until our optimal solution is reached. Another advantage of our strategy is that the
algorithm requires less memory than other methods that use the gradient descent
square and its different derivatives. In addition, we decreased the hyper-parameters
in order to obtain efficiently various learning rates for different models. The proposed
algorithm is represented in Table 1 (We set our default hyper-parameterization as it
is introduced in the Adam and Amsgrad algorithms [31][30]).

4 Experiments

The following sections provide a detailed description of the experimental setup,
including the datasets and tasks used, the model architectures, and the evaluation
metrics. We then present the results of our experiments, comparing AMAdam to the
standard Adam algorithm on a variety of tasks and datasets.

4.1 Small Data and Architecture

We present the datasets and network architecture used in many works in the litera-
ture. The results of our classification algorithms are then analyzed. The comparisons
are conducted on a local computer with a 1.40 GHz AMD E1-2500 APU and 4 GB
of Random Access Memory (RAM).

Our algorithm was implemented in python 3.6 using Tensorflow 2.x. We held our
approach to the test on two datasets using different Recurrent Neural Network archi-
tectures. To minimize the Cross-Entropy loss target between network performance
and labels, we train our neural networks in a supervised manner using SGD(M),
Adam, Adamax, Nadam RMSProp, Adagrad,and AdaDelta. For all algorithms, we
use the hyper-parameter defaults introduced in the keras library [11]. However, we
used the fixed learning α = 0.01, β1 = 0.9, and ϵ = 10−8 for the hyper-parameters of
our algorithm.

4.1.1 Classification of Handwritten Digits

In our first set of experiments, we use the MNIST handwritten digit classification task
to train a neural network. We trained our model with 500 hidden units in the first
layer, 250 hidden units in the second layer, and the final softmax output layer on top
for an easy comparison with SOTA algorithms. All models were trained over 50 epochs
using mini-batches of 128 frames each.

The comparison involves seven different algorithms: SGD(M), Adam, Adamax,
Nadam, RMSProp, Adagrad and AdaDelta with our algorithm. Figure 2 shows differ-
ent experiments in which we used 20% of the data as test set and performed real-time
training on the remaining 80%. From the results in Figure 2 and Table 3, it is clear
that the adaptive algorithms are clearly superior to the non-adaptive algorithm in
terms of speed and accuracy. However, the closer we get to the optimal solution, the
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Fig. 2 Classification of MNIST Digit.

Table 3 Classification result of MNIST Dataset
(Results are averaged across five repetitions of the
experiment).

Algorithm Training accuracy Test accuracy
SGD(M) 0.9778 0.9548
Adam 0.9937 0.9702
Adamax 0.9931 0.9652
Nadam 0.9941 0.9704
RMSProp 0.9932 0.9688
Adagrad 0.9935 0.9683
AdaDelta 0.9944 0.9710
Ours 0.9954 0.9731

more robust our method becomes and does not suffer from oscillations. In the training
phase, we achieved an accuracy rate of 99.54% as the highest achieved compared to
all known adaptive algorithms in the Keras library. In the test part, our approach per-
forms admirably and achieves a higher accuracy than all the established algorithms,
See Table 3.

4.1.2 Classification of IMDB movie reviews

In our second set of tests, we use the IMDB movie analysis classification task to train
the models. 128 hidden units were used in the first layer for training, 0.3 dropout
in the second layer, and 1 unit and the sigmoid function in the final output layer.
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We have matched the architecture to models that were trained using SGD, Adam,
Adamax, Nadam, RMSProp, Adagrad and AdaDelta. We used 80% of data for train-
ing and 20% for testing.

As it can be seen in the experiments shown in Figure 3, our algorithm advances
very slowly at the beginning of the learning process compared to adaptive algorithms
using the secondary decay rate and its variants such as Adam, Adamax, Nadam,
RMSProp, Adagrad and AdaDelta, but with much higher accuracy and speed than the
non-adaptive SGD(M) algorithm. However, the closer we get to the optimal solution,
the more stable and oscillation-free our algorithm becomes. Table 4 reports the clas-
sification results on Training and Test sets, with all the considered algorithms. It can
be observed that we achieved 100% accuracy for all known adaptive algorithms in the
literature in the training phase (including ours). For the tests, our algorithm performs
very well compared to all previous algorithms with a very high accuracy, demonstrat-
ing its high efficiency and effectiveness [41]. Moreover, the fine-tuning of our method
allows it to achieve higher levels of performance than any of the other adaptive algo-
rithms tested, without suffering from the instability and oscillations encountered by
some of them as they approach the optimal solution [42][43].
Briefly, we compared the performance of AMAdam to the standard Adam algorithm
and several other popular optimization algorithms. The results of our experiments
demonstrate that AMAdam consistently outperforms the standard Adam algorithm

Fig. 3 Comparison on IMDB movie reviews.
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Table 4 Classification result IMDB movie reviews
(Results are averaged across five repetitions of the
experiment).

Algorithm Training accuracy Test accuracy
SGD 0.8762 0.8566
Adam 1.000 0.8658
Adamax 1.000 0.8759
Nadam 1.000 0.8710
RMSProp 1.000 0.8702
Adagrad 1.000 0.8795
AdaDelta 1.000 0.8789
Ours 1.000 0.8801

and other popular optimization algorithms, achieving higher accuracy and faster con-
vergence on a variety of tasks and datasets. In particular, AMAdam was able to achieve
state-of-the-art performance on the MNIST and IMDB datasets.

4.2 Large Data and Architecture

In this part, we explore the details of our experimental setup, particularly focusing on
training large-scale deep learning models on CIFAR-10 and CIFAR-100 datasets. We
outline the consistent conditions under which our experiments were conducted and
the strategies employed to enhance model learning capabilities, including learning rate
scheduling. Furthermore, we provide a comprehensive analysis of our optimization
algorithm’s performance across different architectures, namely AlexNet, VGG19-bn,
and ResNet-18, while comparing it with a selection of widely used optimization
methods. Additionally, we explore the impact of varying learning rates on model
performance, with a particular focus on our AMAdam algorithm’s behavior under
different learning rate regimes.

To ensure fair and unbiased evaluation in our experiments, we conducted exper-
iments under consistent conditions. The model was trained for 250 epochs using a
batch size of 128. Additionally, we incorporated a learning rate scheduling strategy,
where the learning rate was multiplied by 0.1 at epoch 80 and again at epoch 160. This
approach aimed to enhance the model’s learning capability and enable it to adapt to
the complex underlying patterns in the data [44]. We trained AlexNet, VGG19-bn,
ResNet-18 models on the CIFAR-10 and CIFAR-100 datasets using 8 different opti-
mization algorithms: Adam, Adamax, Adadelta, SGD, RMSProp, Radam, AdamW,
and our proposed method. For AlexNet, we used a learning rate of 0.001. For VGG19-
bn, we used a learning rate of 0.01. For ResNet-18, we used a learning rate of 0.01.

The results of our experiments provide strong evidence supporting the superi-
ority of our proposed optimization method. When compared to other optimizers,
our algorithm consistently outperformed them for both the AlexNet, VGG19-bn and
ResNet-18 models. As it can be seen in Figures 4, 5, and 6, our method achieved higher
accuracy at a faster rate while maintaining stability throughout the training process.
These results are further reinforced by the summarized findings in Tables 5, where
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Table 5 Classification results on Cifar 10 (Results are averaged across five
repetitions of the experiment).

Architecture Algorithm Training accuracy Test accuracy
AlexNet SGD 0.8445 0.7127
AlexNet AdaDelta 0.9197 0.7761
AlexNet Adamax 0.9148 0.7588
AlexNet RMSProp 0.9235 0.7531
AlexNet Adagrad 0.9596 0.7623
AlexNet Adam 0.8783 0.7638
AlexNet AdamW 0.9713 0.7709
AlexNet Radam 0.9268 0.7736
AlexNet AMAdam (Ours) 0.9663 0.7781
VGG19-bn SGD 0.9995 0.9307
VGG19-bn AdaDelta 0.9997 0.9165
VGG19-bn Adamax 0.9995 0.9279
VGG19-bn RMSProp 0.9996 0.9276
VGG19-bn Adagrad 0.9997 0.9201
VGG19-bn Adam 0.9996 0.9288
VGG19-bn AdamW 0.9996 0.9303
VGG19-bn Radam 0.9998 0.9297
VGG19-bn AMAdam (Ours) 0.9997 0.9329
ResNet-18 SGD 0.9595 0.8207
ResNet-18 AdaDelta 0.9897 0.8975
ResNet-18 Adamax 0.9196 0.8794
ResNet-18 RMSProp 0.9045 0.8475
ResNet-18 Adagrad 0.9267 0.8502
ResNet-18 Adam 0.9383 0.8538
ResNet-18 AdamW 0.9867 0.8997
ResNet-18 Radam 0.9783 0.9038
ResNet-18 AMAdam (Ours) 0.9797 0.9042

Table 6 Classification results on Cifar 100 (Results are averaged across
three repetitions of the experiment).

Architecture Algorithm Training accuracy Test accuracy
ResNet-18 SGD 0.8784 0.6846
ResNet-18 AdaDelta 0.8465 0.6392
ResNet-18 Adamax 0.7686 0.6186
ResNet-18 RMSProp 0.8416 0.6296
ResNet-18 Adagrad 0.7406 0.6097
ResNet-18 Adam 0.8417 0.6598
ResNet-18 AdamW 0.8391 0.6436
ResNet-18 Radam 0.8429 0.6312
ResNet-18 AMAdam (Ours) 0.9012 0.6631

our approach clearly surpassed other optimizers in terms of accuracy by a significant
margin.

In addition, we carefully trained ResNet-18 on the challenging Cifar100 dataset,
Figure 7 and Table 4.2, while systematically varying the learning rate. This rigorous
approach enabled us to explore the impact of different learning rates on model perfor-
mance. We closely monitored training and test accuracy, as well as loss, as a function
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Fig. 4 Comparison on CIFAR-10 with Alexnet

Fig. 5 Comparison on CIFAR-10 with VGG19-bn.
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Fig. 6 Comparison on CIFAR-10 with ResNet-18.

of these different learning rates, to better understand how this crucial hyperparame-
ter influences the network’s training dynamics and its ability to generalize efficiently
on the complex Cifar100 dataset. However AMadam generates higher test accuracy
curve, but unfortunately it is not robust to the change of learning rate (see Figure 8).

In conclusion, our proposed optimization method shows great potential for improv-
ing deep neural network training on complex datasets such as CIFAR-10, and
CIFAR-100 outperforming Adam, Adamax, Adadelta, SGD, RMSProp, AdamW, and
Radam in terms of accuracy and efficiency.

5 Discussion

The proposed AMAdam algorithm undoubtedly brings advances in gradient descent
optimization. However, like any methodology, it has certain limitations that deserve
to be examined and discussed in depth.

Hyperparameter Sensitivity: while AMAdam reduces the number of hyper-
parameters compared to some traditional optimization algorithms, it still retains
sensitivity to hyperparameter settings. The performance of AMAdam can be influ-
enced by choices like learning rate, decay rates, and initialization values. Fine-tuning
these hyperparameters for optimal results remains a non-trivial task and can be
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Fig. 7 Comparison on CIFAR-100 with ResNet-18.

Fig. 8 Study of the impact of different learning rates on CIFAR-100 data with ResNet-18.
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computationally demanding, especially in complex neural network architectures.

Limited Performance on Certain Architectures: although AMAdam
demonstrates significant improvements in various scenarios, its performance might
not be universally superior across all neural network architectures and datasets. Its
effectiveness could potentially be contingent on factors like network depth, width,
and problem complexity. Identifying the specific conditions under which AMAdam
excels or underperforms requires further investigation .

Sparse Gradient Tasks: the algorithm’s response to tasks characterized by
sparse gradients could be an area of concern. Since AMAdam incorporates the abso-
lute value of gradients, it might not handle sparse gradients as effectively as other
optimization methods specifically designed for such scenarios. Careful exploration is
necessary to gauge its performance in such contexts.

Risk of Overshooting in Non-Convex Surfaces: while AMAdam’s adjust-
ment of learning rates is designed to facilitate convergence, there exists a possibility of
overshooting or oscillations in non-convex optimization landscapes. This risk becomes
more pronounced in intricate loss surfaces with numerous local optima. Analyzing the
algorithm’s behavior in these situations and implementing countermeasures would be
valuable.

Generalization Across Diverse Datasets: while the algorithm’s success across
image and text categorization tasks is promising, its generalizability across a broader
spectrum of tasks and datasets needs validation. Extending the experimentation
to encompass diverse domains, such as audio or video data, could provide a more
comprehensive understanding of its applicability.

In addition, there are many other optimization algorithms that can be used in
machine learning and deep learning, here are a few examples :

• Newton’s Method is an optimization algorithm for finding the minimum of a function
using the first and second derivatives of the function.

• L-BFGS (Limited-memory Broyden–Fletcher–Goldfarb–Shanno) is a quasi-Newton
method that approximates the BFGS algorithm using a limited amount of computer
memory.

• L-BFGS-B (Limited-memory BFGS with Bounds) is an optimization algorithm that
combines L-BFGS with bound constraints on the variables.

• Conjugate Gradient is an optimization algorithm for finding the minimum of a
function using the first derivatives of the function.

• Trust Region is an optimization algorithm that seeks to find the minimum of a
function by iteratively approximating the function using a quadratic model.

Each algorithm has its own advantages and disadvantages and it’s up to the
researcher to decide which algorithm to use based on their specific problem and
dataset. It’s important to carefully evaluate the different options and choose the one
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that is best suited to the task at hand [45][46][47][48]. Table 7 compares various
optimization algorithms and highlights some of their differences:

Table 7 Comparison of Optimization Algorithms.

Algorithm Approach Memory Convergence Rate
SGD(M) Stochastic Low SC , FNC
Adagrad Adaptive Learning Rate Low SC , FNC
RMSProp Adaptive Learning Rate Low SC , FNC
Adam Adaptive Moments Low FC , FNC
L-BFGS Quasi-Newton High FC
Newton’s Method Second-order High FC
Conjugate Gradient First-order Low FC
Trust Region Iterative Medium FNC

SC : Slow for Convex functions, FC : Faster for Convex functions and FNC : Faster
for Non-Convex functions.

Overall, the AMAdam method offers a promising alternative to traditional opti-
mization algorithms, especially for tasks involving deep learning models. Its ability to
adjust the learning rate for each parameter based on the absolute value of the first
estimate may result in improved convergence and generalization properties. Further
research is needed to fully understand the behavior of the AMAdam algorithm and
determine its limitations and potential uses.

6 Conclusion and Future work

The research presented in this paper has provided a solution to the pervasive chal-
lenge of poor generalization in adaptive gradient algorithms by introducing the novel
AMAdam optimization method. Through extensive experimentation in the domains
of image and text categorization tasks using recurrent neural networks, we have
demonstrated that AMAdam outperforms existing optimization methods. AMAdam
exhibits several key advantages, including superior accuracy, reduced hyperparameter
dependence, faster convergence, and robust generalization. This contribution signif-
icantly advances the field of machine learning optimization, and we anticipate its
adoption as a prominent method for enhancing the performance of deep learning and
other machine learning tasks.

In light of these achievements, we now turn our attention to the promising avenues
for future research. We recognize the need for further empirical studies to comprehen-
sively assess AMAdam’s performance across a wide spectrum of tasks and datasets.
Specifically, we plan to investigate its efficacy in scenarios involving sparse gradients,
which pose unique challenges. Additionally, exploring AMAdam’s compatibility with
various regularization techniques is of paramount importance to adapt it to a broader
range of applications.

Another intriguing direction for future work involves the continuous refinement
and enhancement of the AMAdam algorithm itself. This could encompass the exhaus-
tive search for optimal hyperparameters that maximize its performance, although we
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acknowledge the computational complexity and time constraints associated with this
endeavor, particularly for intricate models characterized by numerous hyperparame-
ters.

Furthermore, our research agenda extends to the development of hybrid opti-
mization methods that capitalize on the strengths of multiple algorithms, including
Adabelieve, AdamW, Radam, AdaBound and others. These hybrid approaches have
the potential to deliver even better performance and accelerated convergence rates,
opening new possibilities for addressing complex machine learning challenges.
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7 Appendix A: Convergence Proof

Definition 1. Definition 1: A function f : Rd → R is convex if for all x,y ∈ Rd,
f(λy + (1− λ)x) ≤ λf(y) + (1− λ)f(x) for all λ ∈ [0; 1]

lemma 1. A function f : Rd → R is convex if for all x,y ∈ Rd,
all λ ∈ [0; 1]

f(y) ≥ f(x) + λ∇f(x)T (y − x)

lemma 2. For M ∈ R

i=M∑
i=1

1√
i
≤ 2

√
M

lemma 3. For β ∈ R and 0 ≤ β ≤ 1∑
t≥1

βt =
1

1− β

lemma 4. For β ∈ R and 0 ≤ β ≤ 1∑
t≥1

tβt−1 =
1

(1− β)2
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By using the Lemma 1 above and the notation ∇θf(θt) = gt, we can get :

ft(θt)− ft(θ
∗) ≤ gTt (θt − θ∗) =

i=d∑
i=1

gt,i(θt,i − θ∗,i)

From the update rule in our algorithm, Table??, we ignoring ϵ:

θt+1 = θt − αt
m̂t√
v̂t

= θt −
αt

1− βt
1

(
β1,t

mt−1√
v̂t

+ (1− β1,t)
gt√
v̂t

) (8)

This yields

(θt+1 − θ∗,i)
2 = (θt − θ∗,i)

2 − 2αt

(1− βt
1)

(
β1,t

mt−1,i√
v̂t

+ (1− β1,t)
gt,i√
v̂t

)
(θt − θ∗,i) + α2

t

m2
t

v̂t
(9)

By reordering the above Equation 9, we obtain :

gt,i(θt,i − θ∗,i) =
(1− βt

1)
√

v̂t,i

2αt(1− β1,t)

(
(θt,i − θ∗,i)

2 − (θt+1,i − θ∗,i)
2
)

+
β1,t

(1− β1,t)
mt−1,i(θ

∗
,i − θt,i)

+
αt(1− βt

1)

2(1− β1,t)

m2
t,i√
v̂t,i

(10)

The regret bound is defined as follows :

R(T ) =

t=T∑
t=1

ft(θt)− ft(θ
∗) ≤

i=T∑
i=1

gTt (θt − θ∗)

=

t=T∑
t=1

i=d∑
i=1

gt,i.(θt,i − θ∗,i)

(11)

Therefore by combining the two Equations ,10 and 11, above:

We have
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R(T ) ≤
t=T∑
t=1

i=d∑
i=1

gt,i(θt,i − θ∗,i) =

t=T∑
t=1

i=d∑
i=1

(1− βt
1)
√

v̂t,i

2αt(1− β1,t)

(
(θt,i − θ∗,i)

2 − (θt+1,i − θ∗,i)
2
)

+

t=T∑
t=1

i=d∑
i=1

β1,t

(1− β1,t)
mt−1,i(θ

∗
,i − θt,i)

+

t=T∑
t=1

i=d∑
i=1

αt(1− βt
1)

2(1− β1,t)

m2
t,i√
v̂t,i

(12)
We now use the standard approach of bounding the regret at each step by bound-

ing each term of these three terms in Equation 12.

The first term in the Equation 12 is bounded as follows:

i=d∑
i=1

i=T∑
t=1

√
v̂t,i

2αt(1− βt,i)

(
(θt,i − θ∗,i)

2 − (θt+1,i − θ∗,i)
2
)
=

i=d∑
i=1

√
v̂1,i

2α1(1− β1,t)
(θ1,i − θ∗,i)

2+

i=d∑
i=1

t=T∑
t=2

√
v̂1,i

2αt(1− β1,t)
(θt,i − θ∗,i)

2 −
i=d∑
i=1

t=T∑
t=2

√
v̂t−1,i

2αt−1(1− β1,t−1)
(θt,i − θ∗,i)

2

−
i=d∑
i=1

√
v̂T,i

2αT (1− β1,T )
(θT+1,i − θ∗,i)

2

(13)

Ignoring the term
∑i=d

i=1

√
v̂T,i

2αT (1−β1,T ) (θT,i − θ∗,i)
2 ≥ 0 and Since β1,t ≤ β1 (1 ≤ t ≤

T ), we obtain

i=d∑
i=1

i=d∑
i=1

√
v̂t,i

2αt(1− βt,i)
((θt+1,i − θ∗,i)

2 − (θt,i − θ∗,i)
2) =

i=d∑
i=1

√
v̂1,i

2α1(1− β1)
(θ1,i − θ∗,i)

2

+

i=d∑
i=1

t=T∑
t=2

(θt,i − θ∗,i)
2

( √
v̂t,i

2αt(1− β1,t)
−

√
v̂t−1,i

2αt−1(1− β1,t−1)

)
(14)
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The second term in Equation 12 is bounded as follows :

(θ∗,i − θt+1,i)mt−1,i =(θ∗,i − θt+1,i)
v̂
1/4
t−1,i√
αt−1

√
αt−1

v̂
1/4
t−1,i

mt−1,i

≤ (θ∗,i − θt+1,i)
2
v̂
1/2
t−1,i

2αt−1
+

αt−1

2v̂t−1,i
1/2

m2
t−1,i

(15)

The inequality above is from the fact that ab ≤ a2/2 + b2/2 for any a, b ∈ R.

Since m0 = v0 = 0,we have

i=d∑
i=1

t=T∑
t=1

β1,t

(1− β1,t)
(θ∗,i − θt+1,i)mt−1,i =

i=d∑
i=1

t=T∑
t=2

β1,t

(1− β1,t)
(θ∗,i − θt+1,i)mt−1,i

≤
i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1,t)
(θ∗,i − θt+1,i)

2
v̂
1/2
t−1,i

αt−1

+

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1,t)

αt−1

v̂
1/2
t−1,i

m2
t−1,i

(16)
For the first term in the inequality above, Eq.16 we have

i=d∑
i=1

t=T∑
t=2

√
v̂t−1,i

2αt−1(1− β1,t)
(θt,i − θ∗,i)

2 ≤
i=d∑
i=1

t=T∑
t=2

√
v̂t−1,i

2αt−1(1− β1)
(θt,i − θ∗,i)

2

since β1,t ≤ β1 for (1 ≤ t ≤ T )

Moreover,for the second term, Eq.16, we have :

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1,t)

αt−1

v̂
1/2
t−1,i

m2
t−1,i =

i=d∑
i=1

t=T−1∑
t=1

β1,t+1

2(1− β1,t+1)

αt

v̂
1/2
t,i

m2
t,i

≤
i=d∑
i=1

t=T∑
t=1

1

2(1− β1)

αt

v̂
1/2
t,i

m2
t,i

Adding this last term to Third term in the Equation 12 we obtain

i=d∑
i=1

t=T∑
t=1

1

2(1− β1)

αt

v̂
1/2
t,i

m2
t,i +

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1,t)

αt−1

v̂
1/2
t−1,i

m2
t−1,i ≤

i=d∑
i=1

t=T∑
t=1

1

(1− β1)

αt

v̂
1/2
t,i

m2
t,i
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Since β1,t ≤ β1 ≤ 1 for (1 ≤ t ≤ T )

Therefore, we return to our regret bound of Equation.12. Using the above
inequalities we obtain

R(T ) ≤
i=d∑
i=1

√
v̂1,i

2α1(1− β1)
(θ1,i − θ∗,i)

2 +

i=d∑
i=1

t=T∑
t=2

(θt,i − θ∗,i)
2

( √
v̂t,i

2αt(1− β1,t)
−

√
v̂t−1,i

2αt−1(1− β1,t−1)

)

+

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1,t)
(θ∗,i − θt+1,i)

2

√
v̂t−1,i

αt−1
+

i=d∑
i=1

t=T∑
t=1

1

(1− β1)

αt√
v̂t,i

m2
t,i

(17)
lemma 5. For the parameter configurations and conditions assumed in Theorem 1,
we have

∥vt∥ ≤ G∞

In fact

vt = abs(mt) = (1− β1)abs(

i=t∑
i=1

βt−i
1 gi)

≤ (1− β1)abs(

i=t∑
i=1

βt−i
1 (max(gi)))

≤ (1− β1)(

i=t∑
i=1

βt−i
1 (abs(max(gi)))

≤ G∞(1− β1)(

i=t∑
i=1

βt−i
1 )

≤ G∞

The fourth inequality is from Lemma 3
lemma 6. For the parameter configurations and conditions assumed in Theorem 1,
we have

1

(1− β1)

αt√
v̂t,i

m2
t,i ≤ G3/2

∞
α

(1− β1)

1√
t
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In fact

1

(1− β1)

αt√
v̂t,i

m2
t,i =

α

(1− β1)

m2
t,i√
tv̂t,i

=
α

(1− β1)

abs(mt,i)
2√

abs(mt,i)t

=
α

(1− β1)

abs(mt,i)
3/2

√
t

≤ α

(1− β1)

(1− β1)
3/2(abs(

∑k=t
k=1 β

t−k
1 max(gk,i)))

3/2

√
t

≤α(1− β1)
1/2 (

∑k=t
k=1 β

t−k
1 abs(max(gk,i)))

3/2

√
t

≤G3/2
∞

α(1− β1)
1/2

(1− β1)3/2
1√
t

≤G3/2
∞

α

(1− β1)

1√
t

Hence

i=d∑
i=1

t=T∑
t=1

1

(1− β1)

αt√
v̂t,i

m2
t,i ≤

i=d∑
i=1

t=T∑
t=1

G3/2
∞

α

(1− β1)

1√
t

≤G3/2
∞ d

α

(1− β1)

t=T∑
t=1

1√
t

≤G3/2
∞ d

α

(1− β1)
2
√
T

where the first inequality is from Lemma 5 The last inequality is from Lemma 2
lemma 7. For the parameter configurations and conditions assumed in Theorem 1,
we have

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1)
(θ∗,i − θt+1,i)

2

√
v̂t−1,i

αt−1
≤ β1d G

1/2
∞ D2

∞
2α(1− β1)

1

(1− λ)2
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Indeed

i=d∑
i=1

t=T∑
t=2

β1,t

2(1− β1)
(θ∗,i − θt+1,i)

2

√
v̂t−1,i

αt−1
=

i=d∑
i=1

t=T∑
t=2

β1λ
t−1

2(1− β1)
(θ∗,i − θt+1,i)

2

√
t− 1

√
v̂t−1,i

α

≤β1G
1/2
∞ D2

∞
2α(1− β1)

i=d∑
i=1

t=T∑
t=2

λt−1
√
t− 1

≤β1G
1/2
∞ D2

∞
2α(1− β1)

i=d∑
i=1

t=T∑
t=2

λt−1t

≤β1d G
1/2
∞ D2

∞
2α(1− β1)

1

(1− λ)2

The first inequality is from Lemma 2 and the last inequality is from Lemma 4
lemma 8. For the parameter configurations and conditions assumed in Theorem 1,
we have

i=d∑
i=1

i=d∑
i=1

√
v̂t,i

2αt(1− βt,i)
((θt+1,i − θ∗,i)

2 − (θt,i − θ∗,i)
2) ≤ dG

1/2
∞ D2

∞
2α(1− β1)

√
T

In fact

i=d∑
i=1

i=d∑
i=1

√
v̂t,i

2αt(1− βt,i)
((θt+1,i − θ∗,i)

2 − (θt,i − θ∗,i)
2) =

i=d∑
i=1

√
v̂1,i

2αt(1− β1,t)
(θ1,i − θ∗,i)

2

+

i=d∑
i=1

t=T∑
t=2

(θt,i − θ∗,i)
2

( √
v̂t,i

2αt(1− β1,t)
−

√
v̂t−1,i

2αt−1(1− β1,t−1)

)

≤dD2
∞

√
v̂T,i

2αT (1− β1)

≤ dG
1/2
∞ D2

∞
2α(1− β1)

√
T

In summary. Using Lemmas 6,7,8 we have

R(T ) ≤ dG
1/2
∞ D2

∞
2α(1− β1)

√
T +

β1d G
1/2
∞ D2

∞
2α(1− β1)(1− λ)2

+
αG

3/2
∞ d

(1− β1)

√
T (18)

which ends the poof.
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8 Data and Architectures

MNIST: The images in the MNIST database were produced in 1998 and contain
numbers from zeros to nine written by high school students and employees. This is a
large database of handwritten digits that is widely used for training various image
processing algorithms and commonly used for training and testing in the field of
machine learning. The MNIST database contains 60,000 training images and 10,000
test images [49].

IMDB: This dataset has 25000 high polarity movie reviews for training and 25000
for prospecting, for a total number of 50000 reviews with positivity and negativity
labels[50].

CIFAR-10 is an image (32x32 pixels) dataset used for deep learning. It contains
10 different classes, each with 5,000 training images and 1,000 test images. The
classes are: airplanes, cars, birds, cats, deer, dogs, frogs, horses, ships and trucks. The
images are in color with a depth of 3 (red, green and blue) [51].

CIFAR-100 is a collection of 60,000 32x32 pixel images, grouped into 100 dif-
ferent classes, each containing 600 images. These 100 classes are divided into 20
superclasses, each of which includes 5 subclasses. This hierarchical structure adds an
extra layer of complexity compared to CIFAR-10. The dataset covers a wide range of
object categories, making it suitable for evaluating the ability of models to recognize
various objects and scenes. Some example classes include ”apple,” ”beaver,” ”sun-
flower,” ”worm,” and ”cloud.” [52].

AlexNet is a deep convolutional neural network designed for deep learning. It
was created in 2012 by the research team of Alex Krizhevsky, Ilya Sutskever and
Geoffrey Hinton. AlexNet is the first deep convolution neural network that has
achieved state-of-the-art performance in image recognition using massive training
data. The AlexNet model contains 8 layers, including five convolution layers followed
by pooling layers and two fully connected layers. The model also uses optimization
techniques such as oversampling, pooling layer regularization, batch normalization,
and stochastic gradient descent method [53].

VGG19-bn is another deep convolutional neural network model designed for
deep learning. It was created in 2014 by Karen Simonyan and Andrew Zisserman.
The model is similar to AlexNet in structure, but uses smaller filters in the convolu-
tion layers. The VGG19-bn model contains 19 layers, including 16 convolution layers
followed by pooling layers and three fully connected type layers. The model also uses
optimization techniques such as batch normalization and stochastic gradient descent
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method. The ”bn” in the model name stands for ”batch normalization”, which is an
optimization technique that normalizes the inputs to each layer to facilitate deep
learning convergence [54].

ResNet ResNet’s structure is quite different from traditional models like VGG19-
bn or AlexNet. The core innovation of ResNet is the use of residual blocks. These
blocks introduce a shortcut connection or skip connection that skips one or more
layers, allowing the network to learn residual functions instead of directly fitting the
desired underlying mapping. This ingenious approach makes it easier for the network
to capture fine-grained details and learn deeper features.The ResNet architecture
comes in various depths, such as ResNet-18, ResNet-50, ResNet-101, and even deeper
variants. Deeper networks have been shown to perform exceptionally well in image
classification and other computer vision tasks [55].
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