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Abstract. The gradient optimization algorithms and network architectures play pivotal roles in the
field of artificial intelligence. However, there is limited research comparing multiple optimization
algorithms across different network structures. In this paper, the effectiveness of several optimization
techniques in image processing tasks is investigated, along with an investigation of their effects on
different neural network architectures. LeNet, AlexNet, and the backpropagation neural network are
the three popular neural network architectures included in the selection, along with three different
optimization algorithms. An extensive assessment of training loss, test accuracy, convergence time,
and other metrics was carried out to determine how well these algorithms worked in various network
designs through rigorous experimentation on image datasets. The results show complex differences
in the impact of optimization techniques across various neural network configurations, providing
essential information for the choice of the best algorithms and network structures.
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1. Introduction

Over the past two decades, machine learning has come a long way from being a research curiosity to
a practical technology with wide-ranging commercial applications. Regarding speech recognition,
computer vision, and other applications, machine learning has become the go-to technique within
artificial intelligence (Al) [1].

In the realm of artificial intelligence, the architectural design of neural network models alongside the
refinement of gradient descent algorithms stands as pivotal elements within the landscape of machine
learning. Various neural network structures and constantly updated gradient descent algorithms have
continuously improved the accuracy of machine learning models, allowing machine learning to be
applied to aspect of life such as medical diagnosis, financial analysis, and data statistics, providing
convenience for social development.

In the past development, artificial neural networks and convolutional neural networks were important
technologies for solving practical problems, and the gradient descent algorithm was widely used in
the training and optimization process of the model. Among them, back-propagation (BP) is one of
the most widely used parameter search techniques in ANN [2]. Convolutional neural networks (CNNSs)
demonstrated impressive performance on a variety of image categorization tasks [3].

Among the many gradient descent algorithms, stochastic gradient descent (SGD) is the most basic
method and the workhorse algorithm of deep learning technology [4]. And researchers continue to
propose and improve various gradient descent optimization algorithms. To expedite model
convergence and enhance performance, such as AdaGrad, Adam [5], etc.

Although the optimization algorithm of gradient descent has been widely researched and applied in
theory and practice, the network structure is a core component of the deep learning model, and the
performance of the optimization algorithm may be different under different neural network structures.
Factors such as the complexity of the structure, parameters count, and data characteristics may affect
the convergence speed and performance of the optimization algorithm.
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The objective of this study is to examine the influence of various network structures on several
prevalent gradient descent optimization algorithms and validate their efficacy across diverse scenarios
via empirical analyses. By conducting this research, we try to understand the interplay between
network architecture and optimization algorithms. Additionally, we seek to offer theoretical insights
and practical recommendations for constructing more efficient and robust deep learning models.

This article will comprise the following components. The initial section will elucidate the
experimental methodologies employed. Subsequently, the experimental data will be presented in the
second part. Following that, the third part will undertake the analysis and comparison of the
experimental data. Finally, the fourth part will encapsulate the summary of experimental results and
the formulation of conclusions.

2. Methods

This section will provide a concise exposition of the principles underlying the optimization algorithms
and network architectures involved in the experiments. It will delineate the underlying mathematical
logic and gradient descent formulations beneath optimization algorithms, as well as the structure of
neural networks, and discuss their distinctions and similarities.

2.1. Introduction to Optimization Algorithms

This study examines the performance of three optimization algorithms—SGD, Adaptive Moment
Estimation (Adam) and Adaptive Gradient Algorithm (Adagrad) to compare the performance on
different network structures. And then, this article will introduce the mathematical logic of three
optimization algorithms [6].

SGD stands up as a simple and incredibly successful approach in the context of machine learning
models. Large amounts of effort have been focused on improving optimization methods and solving
optimization problems in recent years. The general form of SGD for a given loss function f(x) is:

Xpe1 = X — @ Vi(xy) 1)

where o represents the learning rate, Vf,(x(®) represents the gradient and i denotes the index of a
randomly selected subset of samples from the dataset.

Adam combines adaptive learning rate with momentum techniques. The equation for each update is
as follows:
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Xi+1 and y,, are moment of the gradients.
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where 0<a<1 and 0<g<1.
AdaGrad adjusts the learning rate dynamically according to the gradients obtained in prior epochs.

The equation for each update is as follows:
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Xk+1 = X — ﬁgkﬂ (6)

where o is defaulted as 0.001, Gy is a diagonal matrix where each element is the sum of the squares
of the past gradients and gy, represents the gradient.

Among these three algorithms, SGD computes gradients using a randomly selected batch of data
samples, with the learning rate pre-declared and kept constant throughout the computation process.

However, for both Adam and AdaGrad algorithms, a learning rate needs to be manually specified
before the code execution. During the algorithm runtime, the learning rate dynamically adjusts with
the variation of gradients to discover the optimal learning rate, facilitating faster model convergence.
Notably, Adam algorithm introduces a momentum parameter, which remains unexplored in this paper,
thus default parameters of Adam algorithm will be employed.

2.2. Introduction to Network Structure

This study employs three classical neural network architectures: BPNN, LeNet and AlexNet, as the
experimental subjects to explore the impact of diverse network structures on the effectiveness of
optimization algorithms.

BPNN: The backpropagation neural network (BPNN) is characterized by its non-linear mapping
capability and flexible network architecture [7], comprising multiple neurons distributed across input,
hidden, and output layers. The topological structure of the BPNN is illustrated as figure 1.
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Figure 1. The structure of BPNN[7]

LeNet is a convolutional neural network model [8]. It is able to proficiently perform image processing
tasks. The topological structure of the LeNet is illustrated as figure 2: AlexNet features a novel deep
CNN architecture [9]. The topological structure of the LeNet is illustrated as figure 3:

Among these three network architectures, BPNN is the fundamental neural network structure, while
LeNet and AlexNet are both examples of deep neural networks. They are all capable of handling
image recognition tasks, but their performance may vary. In the subsequent sections of this paper, we
will discuss the impact of network architecture and optimization algorithms on model performance.
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Figure 2. The structure of LeNet [8]
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Figure 3. The structure of AlexNet [9]

3. Results

This study focuses on the evaluation of three distinct optimization algorithms across three varied
network nodes. By employing different optimization algorithms across diverse network structures
and evaluating various performance metrics such as training loss, test accuracy, and running time,
this research aims to elucidate the influence of network architecture on optimization algorithms.

3.1. Experimental Design

For each combination of network structure and optimization algorithms to maintain consistency,
identical learning rates, communication epochs, and batch sizes are employed across the three
optimization algorithms. The training procedures are executed under uniform hyperparameters.

1) Dataset: The standardized dataset utilized in this study is Fashion-MNIST, which comprises
grayscale images of diverse clothing items presented in a 28x28 format [10].

2) The Conceptual Framework of the Code: This article combines three types of network architectures
with three different optimization algorithms, for example, BPNN and SGD, BPNN and Adam, BPNN
and AdaGrad, LeNet and SGD, LeNet and Adam, LeNet and AdaGrad, AlexNet and SGD, AlexNet
and Adam, AlexNet and AdaGrad.

This article sets the same hyperparameters, learning-rate = 0.001, batch-size = 32, num-epochs = 50.
This article will use the training set for model training, record the data during the training process,
and output the training loss, training accuracy, testing accuracy, runtime, as well as the graphical
representation depicting the relationship between loss and epochs, testing accuracy and epochs, and
runtime and epochs, are presented in this paper. Furthermore, the graphs depicting the performance
of various optimization algorithms within identical network architectures are consolidated into a
singular visual representation.

3) Evaluation Criteria: After the model training is completed, we will assess its performance using
the test set and document the test accuracy.

This article will select the number of epochs of convergence points of different network structures
and optimization algorithm combinations, and compare the training accuracy, test accuracy and time
required for model convergence between different network structures and optimization algorithm
combinations under this epoch time. And the curves for each algorithm under every network structure
are compared to discern the differences in performance among the three algorithms.

3.2. Experimental Results and Analysis

This section showcases the findings from the experiments, focusing primarily on comparative
visualizations of the three different optimization algorithms under each network architecture.
Discussions and comparisons will be conducted regarding the performance of each algorithm within
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each network structure. Finally, a comparative analysis will be conducted among the three network
architectures to identify the optimal combination of network structure and algorithm performance on
the dataset employed in this study.

1) The Experimental Results for BPNN: The following figure 4 illustrates the relationship between
training loss and epochs, testing accuracy and epochs, and runtime and epochs for three different
optimization algorithms under the BPNN structure.

From the figure 4, it is evident that in the BPNN structure, due to the inability of the SGD algorithm
to dynamically adjust the learning rate like Adam and AdaGrad algorithms, the training loss values
of SGD algorithm are larger than those of Adam and AdaGrad algorithms within a finite number of
epochs. Consequently, the test accuracy of the SGD algorithm is lower. However, as Adam and
AdaGrad algorithms require dynamic updates of the learning rate hyperparameter and involve
momentum calculations in the case of Adam algorithm, the runtime of Adam and AdaGrad algorithms
is longer compared to that of the SGD algorithm.

2) The Experimental Results for LeNet : The following figure 5 illustrates the relationship between
training loss and epochs, testing accuracy and epochs, and runtime and epochs for three different
optimization algorithms under the LeNet structure.
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Figure 4. The experimental results plot for BPNN (Photo/Picture credit :Original)
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Figure 5. The experimental results plot for LeNet (Photo/Picture credit :Original)

From the figure 5, it is evident that in the LeNet structure, unlike the BPNN structure, the SGD
algorithm exhibits a smaller loss value compared to the AdaGrad algorithm. Although the AdaGrad
algorithm achieves convergence at a faster rate, its test accuracy is lower than that of the SGD
algorithm, while the runtime of both algorithms is almost identical. Among these three algorithms,
however, Adam exhibits superior performance in terms of both training loss and test accuracy, despite
requiring the longest runtime.
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3) The Experimental Results for AlexNet: The following figure 6 illustrates the relationship between
training loss and epochs, testing accuracy and epochs, and runtime and epochs for three different
optimization algorithms under the AlexNet structure.

From the figure 6, it is evident that in the AlexNet structure, the results indicate a close similarity
between the SGD and AdaGrad algorithms, with nearly identical training loss values and test
accuracies by the 50th epoch, alongside a relatively small difference in runtime. Among these three
algorithms, however, Adam exhibits superior performance in terms of both training loss and test
accuracy, despite requiring the longest runtime.

From Figures 4, 5, and 6, it can be observed that the performance of the three optimization algorithms
varies across different network architectures. Specifically, the SGD algorithm requires more epochs
to converge, while the Adam and AdaGrad algorithms converge in fewer epochs. Therefore, if a
limited number of epochs is available, opting for the Adam and AdaGrad algorithms is preferable.

4) Comparative Analysis

The following tablel presents the training loss values, testing accuracies, and total runtime for each
optimization algorithm at the 50th epoch under various network architectures. From Table I, it's
evident that the three optimization algorithms perform optimally when paired with the AlexNet
architecture on the dataset used in this study. The effectiveness arises from how AlexNet combines
depth and width in its network architecture, allowing it to capture more intricate features and thereby
enhance performance. Specifically, the Adam algorithm exhibits the best performance. However, due
to the intricacies of the network architecture and the design of the optimization algorithms, the
AlexNet architecture requires the longest runtime, with the Adam algorithm also having a longer
runtime compared to the other algorithms. Consequently, the combination of the Adam algorithm and
the AlexNet structure demonstrates the best performance, albeit with a lengthy runtime. To improve
runtime while maintaining performance, an alternative option would be to choose the combination of
the Adam algorithm with the LeNet structure.
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Figure 6. The experimental results plot for AlexNet (Photo/Picture credit :Original)
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Table 1. The experimental results at the 50th epoch

eural Network
N L BPNN LeNet | AlexNet
Optimization
Algorithms
Loss 0.3362 | 0.3529 0.311
SGD | Accuracy | 86.05% | 85.97% | 87.52%
Time | 1611.15s | 1240.41s | 3705.12s
Loss 0.075 0.0662 | 0.0258
Adam | Accuracy | 88.95% | 89.1% | 91.18%
Time | 2380.05s | 1445.98s | 4497.58s
Loss 0.2892 | 0.4733 | 0.3005
AdaGrad | Accuracy | 87.52% | 81.95% | 87.91%
Time | 1717.54s | 1247.18s | 3474s

4. Conclusion

This study's main goal is to investigate how gradient descent optimization algorithms are applied
inside neural network topologies, with an emphasis on how well they operate with the Fashion-
MNIST dataset. We can have a more thorough grasp of the benefits and drawbacks of different
network architectures and optimization techniques in real-world applications by contrasting their
performances.

Experimental results reveal that the Adam optimization algorithm exhibits the highest test accuracy,
particularly within the complex AlexNet architecture. However, it is also observed that compared to
simpler network structures, AlexNet incurs longer execution times, highlighting the crucial
importance of considering both performance and efficiency when selecting network structures.
Regarding the three optimization algorithms examined, it is found that due to the incorporation of
momentum computation, the Adam algorithm requires longer execution times compared to the other
two algorithms. Nevertheless, the Adam algorithm demonstrates the best performance in this
experiment.

As a result, it's critical to take performance and efficiency into careful consideration while choosing
optimization techniques. These experimental results offer important insights for the future
development of optimization algorithms and network structures, in addition to suggestions for
choosing the best algorithms and network architectures for certain tasks. To sum up, this research has
important applications for improving neural networks' effectiveness and performance in image
processing applications.
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