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Abstract. Neural network (NN) model has been widely used in pattern recognition
(PR), speech recognition, image processing and other fields, but its application in edge com-
puting (EC) environment faces performance and energy consumption problems. This article
first introduced the basic structure and training process of NN, including backpropagation
algorithms. Then, this article presented a NN modeling approach based on EC, including
NN model compression, distributed NN model and knowledge distillation approach. Finally,
this article implemented a PR model for the MNIST (Mixed National Institute of Standards
and Technology database) dataset and analyzed the experimental results. The experimental
outcomes indicated that the presented approach can significantly enhance the performance of
the NN model in the EC environment, while ensuring a high recognition accuracy. The NN
modeling approach based on EC can reduce the amount of computation and storage of the
NN, thus improving the operating efficiency of the NN in the EC environment by 6%-12%.
The NN modeling approach based on EC can optimize the performance and efficiency of the
NN model in the EC environment, and provide new ideas and approaches for the application
of NN in the EC environment.

Key-words: Edge computing; Mixed National Institute of Standards and Technology
Database; neural networks; pattern recognition.

1. Introduction

Edge computing is to provide cloud services and IT environment services for application
developers and service providers at the edge of the network; the goal is to provide computing,
storage, and network bandwidth close to data input or users. EC is a computing mode that
brings computing resources close to data sources, aiming to address the issues of massive data
transmission, processing delay, etc. in traditional cloud computing architecture. It is gradually
becoming a hot area of concern. NN, as an important machine learning technology, are widely
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used in fields such as image recognition and speech recognition. However, the application of NN
in the field of EC is greatly limited due to its large amount of computation and high computational
complexity. Therefore, this article mainly studies the optimization of NN modeling approach
based on EC and the realization of PR model, and discusses the main research content of this
article on this basis: the optimization of NN modeling approach based on EC is mainly to solve
the problem of low efficiency of traditional NN models in EC environment, so as to improve the
performance of NN. Firstly, the existing NN modeling approaches are analyzed and summarized.
Through experimental verification, the optimization approach for NN modeling is discussed.
This approach can not only quickly construct efficient network models, but also effectively reduce
network training time. Secondly, on the basis of the above approaches, a NN PR system based
on EC is constructed.

NN, as the fundamental model of Al, are currently a hot research topic, and many scholars
have conducted research on NN. Iris Cong proposed a quantum circuit-based algorithm inspired
by convolutional NN [1]. David Bau believed that deep NN are adept at finding hierarchical
representations to solve complex tasks on large datasets, and proposed an analytical framework
for network anatomy [2]. Kun Yao believed that NN have the potential to solve the problem of
traditional force fields being unable to simulate chemical reactivity, and have low universality
without re-fitting. He also proposed that NN molecular dynamics has the potential to reduce re-
source barriers in simulation chemistry [3]. Nikolaus Kriegeskorte believed that deep NN models
can help people understand brain computing [4]. Changliu Liu proposed that deep NN is widely
used for nonlinear function approximation, and its application range is from computer vision to
control [5]. John T. Hancock proposed dividing the techniques for using classified data in NN
into three categories. Three different patterns have been discovered in technology, which identify
technology as deterministic, algorithmic, or automated patterns [6]. Abul Bashar believed that
deep learning (DL) NN have the most advanced accuracy and introduced a survey of DL NN
architectures used in various applications, which accurately classify through automatic feature
extraction [7]. These scholars have explored the applications of NN from multiple perspectives,
their role in DL, and their potential for improving human life.

At present, EC has been widely used in various fields, and many scholars have studied it.
Jiasi Chen believed that EC is a feasible approach to meet the high computing and low latency
requirements of DL of edge device by placing the fine grid of computing nodes near the terminal
devices [8]. Fang Liu proposed the energy efficiency and DL optimization of EC system, and
also studied the open problem of analyzing and designing EC system [9]. Gopika Premsankar
believed that EC is necessary to satisfy the delay needs of applications relating virtual reality
and augmented reality [10]. Olga Krestinskaya believed that the data processing capability of
EC devices can reduce the multiple costs of cloud computing solutions [11]. Yuan Ai proposed
to transfer the function of centralized cloud computing to the edge device of the network [12].
Preitl, Zsuzsa presented some main aspects regarding multi-parametric quadratic programming
(mp-QP) problems. Model Predictive Control (MPC) is considered as a particular mp-QP prob-
lem, and this powerful tool is applied for control and simulation through a case study [13]. Pre-
cup also discussed the situation prior to using the proposed approach. The results of this analysis
demonstrate the efficiency of his approach based on complex systems optimization, modeling,
and control targeting real-world practical applications, and a numerical outcome of the approach
is given. This allows students to gain a better understanding of the theoretical aspects acquired
during the lectures in comparison with the situation prior to using the proposed approach [14].
Zamfirache introduced a novel reference tracking control approach implemented using a combi-
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nation of the Actor-Critic Reinforcement Learning (RL) framework and the Grey Wolf Optimizer
(GWO) algorithm. The classical neural network (NN)-based implementation of the Critic, opti-
mized with the Gradient Descent (GD) algorithm, is replaced with the GWO algorithm, aiming
to eliminate the main drawbacks of the GD algorithm, ie, slow convergence and the tendency to
get stuck in local optimal values [15]. The research on EC has been very mature, but the research
involving NN is less.

Since the development of pattern recognition in the 1920s, it is a common view that there is
no single model and single technology to solve all pattern recognition problems. What we have is
just a tool bag, what we need to do is combine statistical and syntactic recognition with specific
problems, combine statistical or syntactic pattern recognition with heuristic search in artificial
intelligence, and combine statistical or syntactic pattern recognition with machine learning of
support vector machines. Artificial neural networks can be combined with various existing tech-
nologies, as well as expert systems and uncertain reasoning approaches in artificial intelligence,
to gain a deep understanding of the effectiveness and potential of various tools, learn from each
other’s strengths and weaknesses, and create new prospects for pattern recognition applications.
This article discussed the NN modeling approach based on EC to optimize the performance of
PR model, and tested it on MNIST dataset. Firstly, the basic structure and training process of NN
were introduced, and then the improvement ideas and implementation process of this approach
were elaborated in detail. Finally, this article provided a specific implementation of a PR model
based on this approach and conducted experimental verification. The research results of this arti-
cle showed that the NN modeling approach based on EC is an effective approach for optimizing
NN models. The compression and knowledge distillation of NN models can not only reduce the
storage and computational resource consumption of NN models, but also enhance the accuracy
and generalization ability of the models.

In the research of pattern recognition based on neural network under the framework of edge
computing, Section 2 mainly introduces the basic structure and training process of neural net-
work. In Section 3, this paper mainly analyzes the optimization of neural network modeling
approaches based on edge computing, and deeply studies neural network model compression,
distributed neural network model and knowledge distillation approaches. Section 4 discusses
the construction of neural network pattern recognition models. Section 5 conducts experimental
analysis and characterization and discussion of experimental results from several aspects, includ-
ing accuracy, performance level, model parameter improvement effect, and application testing.
Finally, a summary of the research findings, contributions, and impacts of this article is presented
in Section 6.

2. Basic Structure and Training Process of NN

2.1. Basic structure of NN

NN are Al algorithms that mimic the working principles of biological neural systems. Its
basic structure includes input layer, hidden layer, and output layer. The specific functions are
shown in Table 1.

In a NN, each neuron is connected to other neurons and has weights. These weights are
adjusted during the training process to minimize errors and maximize accuracy.
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Table 1. Basic structure of NNs

Structure Function

The input layer of a NN accepts external input data and converts it into a
form that the network can process, usually a set of numbers or vectors.
The hidden layer is the core part of a NN, composed of multiple neurons.

Input layer

Hidden layer The neuron receives the input signal from the upper layer, performs weighted
The output layer receives signals from the hidden layer and converts them
into the final output result. The output layer is usually task related, for

Output layer

example, in image classification tasks, the output layer typically represents
different categories.

2.2. Backpropagation algorithm

The backpropagation algorithm, as a commonly used optimization approach for training mod-
els in NN, updates the weights and biases of NN by calculating error gradients. The basic thought
of the back propagation algorithm is to perform gradient descent optimization by calculating the
partial derivative of the loss function for each weight [16—17]. The steps of the back-propagation
algorithm are as follows: 1) Forward propagation: The input data is passed through the input
layer of the NN, and the results of the output layer are finally obtained through the operation of
the hidden layer and the activation function. 2) Calculation error: The output results of the NN
are compared with the actual results, and the value of the loss function is calculated. 3) Back-
propagation error: Starting from the output layer, the error gradient of each neuron is calculated
and the error is propagated forward to the hidden layer and input layer. 4) Updating weight and
offset: According to the error gradient, the weights and offsets of the NN are updated to minimize
the loss function.

In practical applications, approaches such as Batch Gradient Descent or Stochastic Gradient
Descent are usually used to update the weights for a batch of samples or a single sample. In
addition, techniques such as Momentum optimization and Adaptive Learning Rate can also be
used to improve training effectiveness.

2.3. NN training process

The training process of the NN is to update the weight and deviation of the NN by optimizing
the back-propagation algorithm of the input data to minimize the loss function and maximize the
prediction accuracy. The training process of the NN is as follows:

The first step is to initialize the weights and deviations, which need to be randomly initialized
to a small value for each neuron’s weight and deviation, usually using a normal or uniform
distribution to generate random numbers.

Forward propagation: The input data is passed through the input layer of the NN, and through
the operation of the hidden layer and the activation function, and finally the outcome of the output
layer is obtained. The forward calculations are done in terms of

g=f"C. P () (1

p; = soft max(y;) 2)

where z, y and p are input values, output values, and probabilities, respectively.
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The loss function is calculated. The value of the loss function is calculated by comparing the
difference between the output result of the NN and the actual result. The expression of the loss
function is

A
Loss = N zZ: zc: Yic log(pic) (3)

where NN is the number of samples, and C'is the number of categories.

Back propagation is used to update the weight and deviation of the NN by calculating the gra-
dient of the loss function to the weight and deviation. The formulae specific to back propagation
are
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wgere 0 is the deviation, and W is the gradient of the weight.

It is necessary to repeat the steps of forward propagation, calculation of loss function and
back propagation until the value of loss function is small enough or the training times reach the
set value.

In the training process, attention should be paid to avoid overfitting, that is, the NN performs
well on the training set, but poorly on the test set. To avoid overfitting, regularization approaches,
such as /; and [ regularization, can be used to limit the weight. In addition, techniques such as
data augmentation and dropout can also be used to improve the generalization ability of NN.

3. Optimization of NN Modeling Approaches Based on EC

In the EC environment, the NN model needs to satisfy the needs of real-time response and
small computing resource consumption. For this reason, researchers have proposed a NN model
modeling approach based on EC, and optimized the model structure and parameters to achieve
efficient PR tasks on edge device. Common optimization approaches include NN model com-
pression, distributed NN models, and knowledge distillation approaches. These approaches can
design and optimize appropriate NN models according to different application scenarios and the
characteristics of edge device to achieve efficient PR tasks on edge device.

The first network design model principle (past algorithms) used by the author for this task is
to significantly increase the depth of the network, which has been elaborated in many existing
studies. This principle is that the model can learn from deeper feature embeddings.

A major problem with this principle is that when the model is too deep, it is very difficult for
the model to train on the riverside. In order to solve this problem and improve the accuracy of the
model, the author proposed a second design principle (optimization algorithm), which is to add
shortcut connections in the network. By adding shortcuts to the residual architecture, iterative
optimization approaches, including random gradient descent, will be more effective even in deep
networks.
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3.1. NN model compression

NN model compression refers to the process of pruning, quantifying, and decomposing NN
models to reduce model size, reduce computational complexity, and improve model efficiency.
NN model compression technology is currently a hot research direction in the field of DL, with
a wide range of applications, including DL applications on mobile devices and DL training on
large-scale cloud computing platforms. Common NN model compression approaches include:

Weight pruning: By removing some weights from the NN, the goal is to reduce the size of the
model. Pruning can be done based on weight size or through approaches such as clustering and
cluster analysis. Weight pruning can reduce the model size to 10%—-20% without significantly
affecting the accuracy of the model. Channel pruning: For convolutional NN, channel pruning
can delete some channels in the convolutional layer, reducing the number of parameters in the
convolutional layer. Channel pruning can reduce the parameters in the convolutional layer to
the original 20-30% without reducing the accuracy of the model. Quantization: By quantifying
the parameters in the NN from high precision (such as 32-bit floating point) to low precision
(such as 8-bit integer), the storage and calculation overhead of the NN model can be reduced.
Without reducing the accuracy of the model, quantization can reduce the size of the model to
more than four times its original size. Decomposition: By decomposing the convolutional or
fully connected layers in a NN into multiple sub layers, the number of model parameters can
be reduced, thereby reducing model size and computational complexity. Decomposition can be
carried out through approaches such as low-rank matrix factorization.

In summary, NN model compression is a hot research direction in the field of DL, which
has broad application prospects in reducing model size, reducing computational complexity, and
improving model operation efficiency.

3.2. Distributed NN model

Distributed NN model refers to distributing the calculation and storage of NN models across
multiple computing nodes, and improving the efficiency and speed of model training through
parallel computing [18]. It typically includes two key technologies: data parallelism and model
parallelism.

Data parallelism refers to spreading training data across multiple computing nodes. Each
node uses the same NN model for training, but uses different data. The backpropagation of each
node calculates the gradient and aggregates it to the central node. The central node uses the
summarized gradient to update the parameters of the NN model. Model parallelism refers to
the allocation of different layers of a NN model to different computing nodes, with each node
responsible for calculating the forward and backward propagation of the NN layers assigned to
it. Data exchange and synchronization between different layers are achieved through message
passing between each node. Model parallelism can solve the problem of large NN models being
unable to store and compute on a single computing node.

Distributed NN model is widely applied in the field of DL, especially in large-scale DL
training. At the same time, distributed NN models also bring new challenges and problems,
such as communication and synchronization issues between computing nodes, and handling node
failures. Therefore, in the design and implementation of distributed NN models, it is necessary
to consider these issues and select appropriate algorithms and frameworks for implementation.
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3.3. Knowledge distillation approaches

Knowledge distillation is an approach used for NN model compression, which introduces
knowledge from larger models into smaller models to achieve similar performance on smaller
models. The basic idea of knowledge distillation approach is to use the output of larger models
(that is, probability distribution) as the soft targets of smaller models, and use these soft targets to
guide the training of smaller models to accomplish better performance. Specifically, the knowl-
edge distillation approach includes the following steps: The first step is to train a larger model,
such as a deep NN with many layers and parameters, to provide “soft targets”. The next step
is to use this larger model to generate soft targets for the training set, and use these soft targets
as objective functions for the smaller model. Smaller models are trained based on these soft
targets to achieve performance similar to larger models. Finally, when generating soft targets, a
“distillation temperature” parameter can also be used to control the “softness” of the soft target.
Higher temperatures can lead to softer targets, thereby improving the training speed and stability
of smaller models, but may reduce performance. The lower temperature would lead to a harder
target, thus improving performance, but may lead to overfitting of smaller models.

The knowledge distillation approach can enable smaller models to have similar performance
to larger models, and can reduce the computational and storage costs of the model.

4. Implementation of PR Model

4.1. Test dataset

The MNIST dataset takes a significant part in the implementation of PR models. Firstly,
the MNIST dataset has become one of the standard benchmark test sets in the field of machine
learning, widely used for algorithm performance evaluation and comparison in fields such as
image classification and PR [19]. Therefore, researchers can use the MNIST dataset to evaluate
the performance of their models in handwritten digit recognition tasks. Secondly, the MNIST
dataset can serve as an entry-level dataset to help beginners understand the basic structure and
training process of NN. Due to the clear labeling of the MNIST dataset, learners can quickly
build and train a simple NN model, thereby mastering the basic principles and training process
of NN. In addition, MNIST data sets can also be used to train and debug various DL models,
such as convolutional NN, recurrent NN and multilayer perceptron. These models can be used
for recognizing handwritten numbers, other image classification and PR tasks. Therefore, the
MNIST dataset plays an important role in the implementation of PR models.

4.2. Model implementation steps and iterative optimization

The PR model of NN is the process of automatically determining the category of the target or
sample to be recognized according to its characteristics. In PR, there are two main types of NN:
feedforward NN and feedback NN. The feedforward NN processes the input signal through the
weight and offset between the input layer and the output layer. It is composed of a hidden layer
and an output layer. Feedback NN is a special type of NN that introduces feedback information
on the basis of feedforward NN. The implementation process of NN PR models usually includes
the following steps:

In the data preprocessing stage, it is necessary to load and process the raw data to make it
suitable for the training of NN. Data preprocessing mainly includes data cleaning, data conver-
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sion, and data normalization. Data cleaning refers to removing unnecessary data, processing
missing data, removing outlier, etc. Data conversion is the process of converting raw data into
a format that can be processed by NN, such as converting text data into numerical data. Data
normalization is the process of normalizing data to ensure the same range of values for different
features and to make the training process more stable.

The design of NN structure is an important step in model implementation. When designing
a network structure, it is necessary to consider factors such as the characteristics of the data, the
interpretability of the model, and the performance of the model. Common network structures
include feedforward NN, convolutional NN, cyclic NN, etc. The network structure design also
needs to determine the activation function, loss function, optimization algorithm, etc.

Model training is a process of updating network parameters through training data. The com-
monly used optimization algorithms include random gradient descent approach, momentum ap-
proach, Adam (adaptive moment estimation), etc. During the model training process, it is neces-
sary to divide the training data into training sets, validation sets, and testing sets.

Model evaluation evaluates the performance of a model through a test set, typically using
metrics such as accuracy, recall, and accuracy. When evaluating the performance of the model,
it is also necessary to consider the generalization ability and overfitting of the model.

Model tuning is the optimization of a model to improve its performance. The model tuning
approaches include adjusting the network structure, changing the learning rate, and adding reg-
ularization items. During the model tuning process, it is necessary to continuously adjust the
model parameters based on the model evaluation results.

Model application is the application of a trained model to practical scenarios. The application
approaches of the model include batch processing and online processing. In the process of model
application, it is necessary to consider factors such as the running speed, reliability, and security
of the model. Overall, the implementation process of NN PR models is an iterative process
that requires continuous data preprocessing, network structure design, model training, model
evaluation, and tuning to achieve optimal recognition results.

5. Experimental Results and Discussion

At present, deep neural networks mainly optimize their models through gradient descent,
which can be divided into three forms: batch gradient descent, random gradient descent, and
small batch gradient descent. The optimization problem includes the following directions: in
addition to adjusting the learning rate, the direction of parameter updates can also be replaced
by using the average gradient of the recent period of time as the current gradient. The Adaptive
Moment Estimation (Adam) algorithm can be seen as a combination of momentum approach and
RMSprop. It not only uses momentum as the parameter update direction, but also can adaptively
adjust the learning rate.

The training process of the model is very important. The training set is used to fit the model
and train the classification model by setting the parameters of the classifier. When combined with
the validation set, different values of the same parameter will be selected to fit multiple classifiers.
The purpose of a Cross Validation set is to use each model to predict the validation set data and
record the accuracy of the model after training multiple models to find the best performing model.
This article selects the parameters corresponding to the best performing model, which are used
to adjust model parameters, such as parameter ¢ and kernel function in SVM. Test set refers to
the use of the training set and validation set to obtain the optimal model, and then use the test
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set for model prediction. It can be used to measure the performance and classification ability of
the optimal model, that is, the test set can be treated as a non-existent dataset. After the model
parameters have been determined, the test set can be used for model performance evaluation.

When deploying branch EC based neural network modeling in the edge computing scenario,
it first needs to complete the model training process on the ECS, which is delay tolerant. This
paper focuses on the process of model task inference. The structure of EC based neural network
modeling is an ordered sequence between layers, where each layer receives the output data from
the previous layer and processes it before transmitting it to the next layer. By utilizing this feature,
EC based neural network modeling can be constructed as an EC based neural network modeling
with multiple branches, each consisting of a specific neural network layer, which together form
a complete EC based neural network modeling. In response to the problem of excessive memory
space and resources required for convolutional neural network computation in resource limited
embedded devices, the optimization algorithm proposed in this paper combines network weight
pruning and dynamic fixed-point quantization approaches for embedded platforms. This can
effectively compress the neural network model and reduce computational consumption.

In neural networks, parameters are usually weights and biases, which control the model’s
transformation of input data. The goal of the training process is to adjust these parameters so
that the model can minimize the error between prediction and actual labels on the training data,
thereby achieving better generalization ability. The learning rate, weight and biases, batch size,
epochs are selected by the user, and the activation function is randomly selected. Through appro-
priate optimization algorithms and techniques, the accuracy and performance of the model can be
significantly improved. Firstly, the model was subjected to training and testing errors, as shown
in Table 2. Ten tests were conducted on the accuracy of the model on the training set, validation
set, and testing set. The training error reflects the fitting degree of the model on the training set,
and the testing error reflects the generalization ability of the model on unprecedented data.

Table 2. Model test results

Training Adj 'us.ted Validation Ad.J ust.ed Test  Adjusted
set training st validation set test set
set set
Testl 82 82 85 84 70 80
Test2 83 83 79 80 74 78
Test3 79 83 78 84 69 81
Test4 81 79 83 82 70 79
Test5 80 79 79 81 72 82
Test6 83 84 83 81 73 80
Test7 78 85 85 83 71 80
Test8 82 81 84 80 72 84
Test9 84 83 83 82 70 80
Test10 84 82 84 79 68 84

Usually, the training error and testing error of the model were to some extent related, as they
were all evaluated on the same dataset. However, it can be found that the model performed very
well on the training set in this test, but performed poorly on the test set, which meant that the
model may overfitting the training set data. If the training error of the model is low, but the
testing error is high, it is necessary to check whether the data preprocessing is correct or whether
there are issues such as data leakage.
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Therefore, by using the regularization approach, such as /; and [ regularization, the second
test was conducted after adjusting the model. The test results are shown in Fig. 1.
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Fig. 1. The number of participants to online conferences organized by the Romanian Academy
in the period April 2020- August 2023. Source: Authors’ graph.

The training error and test error of the model basically maintain a positive correlation. How-
ever, at this point, the overall accuracy of the model is only about 80%, and a lot of training is
needed to improve the accuracy of the model.

A large amount of training was conducted on the NN model to test its performance level in
Fig. 2.
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Fig. 2. The number of participants to online conferences organized by the Romanian Academy
in the period April 2020- August 2023. Source: Authors’ graph.

This test mainly tested the PR function of the model. 50 target images and 50 non target
images were selected for each round of testing, and a total of 60 rounds of testing were con-
ducted to test the accuracy, precision, and recall of the model. Through testing, it was found that
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the overall accuracy, precision, and recall of the model showed an upward trend, and with the
increase of training times, the accuracy, precision, and recall of the model gradually stabilized.
Overall, the performance of the model fluctuates greatly in the early stages, gradually improves
with the increase of training times, and tends to stabilize.

In terms of optimizing the model, NN model compression, distributed NN model, and knowl-
edge distillation approaches were used to test the improvement effect of different approaches on
model parameters, as shown in Fig. 3.

Percentage%

AN

Fig. 3. The number of participants to online conferences organized by the Romanian Academy
in the period April 2020- August 2023. Source: Authors’ graph.

The experimental results showed that these approaches can effectively optimize the model
structure and parameters, reduce the computational resource consumption of the model, and
maintain high recognition accuracy. By comparing the experimental results of different opti-
mization approaches, it can be concluded that the knowledge distillation approach was slightly
better than the NN model compression and distributed NN model. The application of different
optimization approaches can improve the overall efficiency of the model by 6%-12%. The op-
timization effect of the knowledge distillation approach reached over 10%. The compression of
NN models, distributed NN models, and knowledge distillation approaches have improved the
efficiency of NN models. In this experiment, this article used the classic MNIST dataset for PR
tasks. Experimental results showed that the NN model based on EC has less computing resource
consumption. The fundamental purpose of establishing a NN model is to apply the trained model
to practical scenarios. Therefore, in the process of model application, it is necessary to consider
factors such as the running speed, reliability, and safety of the model.

As shown in Fig. 4, the model was subjected to application testing, selecting indicators such
as model recognition speed, information synthesis ability, and information integrity for multiple
rounds of testing. Among them, the recognition speed of the model for each frame of image
reached 20-30 milliseconds, and the information comprehensive ability index and information
integrity index were basically between 8-9. Overall, in practical applications, the running speed
of the model meets the standards, and its reliability and safety are guaranteed.

In the neural network modeling of ordinary edge computing, multiple branch network models
are added and early exit points are deployed. When the system is confident about the inference
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Fig. 4. The number of participants to online conferences organized by the Romanian Academy
in the period April 2020- August 2023. Source: Authors’ graph.

task, it can exit the task from the branch added in the middle of the model without making
samples go through all levels of neural network modeling of edge computing, thus reducing the
inference delay and improving the operation efficiency. To be effective, feature selection should
improve classification performance while reducing the number of features. The existing algo-
rithm can be adjusted and modified as a feature selector. The implementation of the anarchic
social optimization algorithm is a human inspired algorithm that serves as a feature selector.
Someone has proposed that the nearest meta heuristic optimization algorithm, the Grey Wolf op-
timizer, can be used to optimize and adjust the membership function parameters and rules of the
proposed fuzzy controller [20-21]. Evolutionary algorithms are effective approaches for solving
complex optimization problems with multiple constraints. In response to the local adjustment
characteristics and cross recombination of cubic B-spline curves in differential evolution algo-
rithms, someone has designed and implemented a global optimal brainstorming optimization
(GBSO) algorithm based on cross recombination to solve the multi constraint 3D path planning
problem considering path continuous curvature [22].

6. Conclusions

Based on the NN modeling approach of EC, this article discussed the optimization approach
of NN in the field of PR. A detailed introduction was given to the basic structure, training pro-
cess, backpropagation algorithm, model compression, distributed NN model, and knowledge
distillation approach of NN. The implementation process of NN models was demonstrated using
the MNIST dataset as an example. In PR tasks, NN models have become a very effective tool.
The process of modeling approach preference and implementation of NN models in PR tasks
can be seen through the presentation of this article. Among them, the training process of the
model is very important, and through appropriate optimization algorithms and techniques, the
accuracy and performance of the model can be significantly improved. In practical applications,
as the amount of data continues to increase, the model size and computational complexity also
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continue to increase. Therefore, model compression and distributed NN models have become
research hotspots. The knowledge distillation approach can reduce the size and computational
complexity of the model while ensuring its accuracy. In conclusion, the NN modeling approach
based on EC can optimize the performance and efficiency of the NN model in the EC environ-
ment.
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