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ABSTRACT 

The purpose of this study is to analyze and implement the acceleration of the neural network learning process by predicting the 

weight coefficients. The relevance of accelerating the learning of neural networks is touched upon, as well as the possibility of using 

prediction models in a wide range of tasks where it is necessary to build fast classifiers. When data is received from the array of 

sensors of a chemical unit in real time, it is necessary to be able to predict changes and change the operating parameters. After 

assessment, this should be done as quickly as possible in order to promptly change the current structure and state of the resulting 

substances.  Work on speeding up classifiers usually focuses on speeding up the applied classifier. The calculation of the predicted 

values of the weight coefficients are carried out using the calculation of the value using the known prediction models. The possibility 

of the combined use of prediction models and optimization models was tested to accelerate the learning process of a neural network. 

The scientific novelty of the study lies in the effectiveness analysis of prediction models use in training neural networks. For the 

experimental evaluation of the effectiveness of prediction models use, the classification problem was chosen. To solve the 

experimental problem, the type of neural network “multilayer perceptron” was chosen. The experiment is divided into several stages: 

initial training of the neural network without a model, and then using prediction models; initial training of a neural network without 

an optimization method, and then using optimization methods; initial training of the neural network using combinations of prediction 

models and optimization methods; measuring the relative error of using prediction models, optimization methods and combined use. 

Models such as “Seasonal Linear Regression”, “Simple Moving Average”, and “Jump” were used in the experiment. The “Jump”

model was proposed and developed based on the results of observing the dependence of changes in the values of the weighting 

coefficient on the epoch. Methods such as “Adagrad”, “Adadelta”, “Adam” were chosen for training neural and subsequent 

verification of the combined use of prediction models with optimization methods. As a result of the study, the effectiveness of the use 

of prediction models in predicting the weight coefficients of a neural network has been revealed. The idea is proposed and models are 

used that can significantly reduce the training time of a neural network. The idea of using prediction models is that the model of the 

change in the weight coefficient from the epoch is a time series, which in turn tends to a certain value. As a result of the study, it was 

found that it is possible to combine prediction models and optimization models. Also, prediction models do not interfere with 

optimization models, since they do not affect the formula of the training itself, as a result of which it is possible to achieve rapid 

training of the neural network. In the practical part of the work, two known prediction models and the proposed developed model 

were used. As a result of the experiment, operating conditions were determined using prediction models. 

Keywords: Neural network; learning process efficiency; prediction error; classification tasks; prediction models; optimization 

methods 
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INTRODUCTION, FORMULATION 

OF THE PROBLEM 

Since the beginning of the 21st century, neural 

networks have become especially relevant, as 

information technologies began to develop, where it 

is necessary to process a huge amount of data and 

neural networks perfectly cope with classification 

tasks (for example, building a space of diagnostic 

features based on a large amount of input data [1]) 

and pattern recognition (for example, for fast online 

extracting of faces in a real-time video stream with 

© Speranskyy V.,  Domanciuc M., 2021 

use of serverless computing for the purpose of 
subsequent analysis]. As a result of the development 
of neural networks, various areas of science 
continued to grow actively (mathematics, physics, 
biology, chemistry, and, most importantly, 
medicine). Unfortunately, neural networks also have 
a disadvantage, because of which it is not always 
possible to use. This is the so-called “curse of 
dimension”. It is formed due to such reasons as a 
large amount of input data and a large structure of 
the neural network. As a result, there is a need for 
significant computing power and a significant 
increase in training time (up to a year on the most 
voluminous tasks), as well as optimizing existing 
developments  in  order  to  reduce  time and  energy  
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costs. Thus, the purpose of the work is to increase 

the neural network training speed due to accelerating 

the learning process, which in turn is an urgent 

scientific and technical task with subsequent 

practical application. The following task is to apply 

existing time series prediction models. To analyze 

the effectiveness of applying prediction models, they 

will be compared with existing methods for 

optimizing neural networks such as “Adagrad”, 

“Adadelta” and “Adam”. These methods make it 

possible to repeatedly increase the speed of neural 

network learning process. A feature of using 

prediction models is that the model data is not tied to 

the input data; the synapse value itself serves as 

coefficients in the models, which allows the models 

to be used on different types of neural networks. 

1. LITERATURE REVIEW  

The process of selecting a model for building a 

neural network is caused on the one hand by the 

simplicity of implementation, on the other hand by 

the accuracy of the obtained results and the 

magnitude of errors [3]. 

Solutions to various problems using neural 

networks involve the following steps [4]: 

 data collection for training; 

 data preparation and normalization; 

 network topology selection; 

 experimental selection of network 

characteristics; 

 experimental selection of training 

parameters; 

 actually, training; 

 verification of the training adequacy; 

 adjustment of parameters, final training; 

 verbalization of the network for further use. 

A study of the applicability of deep learning 

models for classification tasks was considered in [5], 

and clarification for practical tasks related, for 

example, to chemistry was obtained to optimize 

predictions of chemical patterns in [6, 7], [8]. 

2. MODELS ANALYSIS 

Further, models and their adaptation for 

organization of neural network training and work 

with experimental data sets are considered. 

2.1. “Seasonal Linear Regression” model 

A “Seasonal Linear Regression” model is a 

model that defines a relationship between two or 

more correlated variables. It is used to predict the 

value of one variable based on the value of other 

variables. Relationships are usually established 

based on observed data [10, 14], [17, 25]. 

The future meaning of the synapse is expressed 

by equation (1): 

𝑤 = 𝑏 + 𝑘 × 𝐸𝑟𝑟𝑜𝑟, 
(1) 

where: w – predicted value of the future synapse; 

Error – the value of the global finite root-mean-

square error; the coefficients k and b are calculated 

using the least squares method [11]. 

𝑘 =
𝑎1 − 𝑚𝐸𝑟𝑟𝑜𝑟 ∗ 𝑚𝑤

𝑎2 − 𝑚𝐸𝑟𝑟𝑜𝑟
2

, 
(2) 

𝑏 = 𝑚𝑤 − 𝑘 ∗ 𝑚𝐸𝑟𝑟𝑜𝑟, (3) 

where: a1 – the first mixed starting moment, which is 

calculated using the formula (4); a2 – the second 

starting moment, which is calculated by the formula 

(5); mError – mathematical expectation for an error, 

which is calculated by the formula (6); mw –

mathematical expectation for synapses, which is 

calculated using the formula (7). 

𝑎1 =
∑ 𝐸𝑟𝑟𝑜𝑟𝑖 ∗ 𝑤𝑖

𝑛
𝑖=0

𝑛
, 

(4) 

𝑎2 =
∑ 𝐸𝑟𝑟𝑜𝑟𝑖

2𝑛
𝑖=0

𝑛
, 

(5) 

𝑚𝐸𝑟𝑟𝑜𝑟 =
∑ 𝐸𝑟𝑟𝑜𝑟𝑖

𝑛
𝑖=0

𝑛
, (6) 

𝑚𝑤 =
∑ 𝑤𝑖

𝑛
𝑖=0

𝑛
, (7) 

where: Errori– global root mean square error 

values; wi – synapse values; n – the epoch value 

when the model was applied. 

2.2. “Simple Moving Average” Model 

The “Simple Moving Average” model is one of 

the most widely used models for time series 

prediction. From a mathematical point of view, the 

prime mean is the arithmetic mean at the interval [9, 

15], [16, 21]. 

To calculate its value, the following formula is 

used (8): 

𝑤𝑛+1 = 𝑤0 +
∑ 𝑤𝑘

𝑛
𝑘=1

𝑛
, 

(8) 

where: wn+1 – predicted synapse value; w0 – the 

initial synapse value; wk – the synapse values; n –

the epoch value when the model was applied. 

2.3. “Jump” Model 

The “Jump” model was developed 

independently and works as follows: the model is 

divided into two parts, namely, the calculation of the 

delta of synapses and the rate of change in global 

error [14]. 

Delta calculation (9) occurs by subtracting the 

older synapse from the previous one. 

Theoretical aspects of computer science, 
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         ∆𝑤 = 𝑤𝑛 − 𝑤𝑛−1, (9) 

where: wn – the value of the synapse in the last 

epoch; wn-1 – the synapse value in the previous 

epoch; n – the epoch value when the model was 

applied. 

The calculation of the change rate of the global 

error is as follows: first, the delta of the global error 

is calculated (10), which is caused by the change of 

the global error in the last two epochs, and to 

calculate the speed (11) we divide the global error in 

the last epoch by the obtained delta. 

         ∆𝐸𝑟𝑟𝑜𝑟 = 𝐸𝑟𝑟𝑜𝑟𝑛 − 𝐸𝑟𝑟𝑜𝑟𝑛−1, 
(10) 

where: Errorn – the global error value in the last 

epoch;  Errorn-1 – the global error value in the 

penultimate epoch; n – last epoch value. 

𝑣 =
𝐸𝑟𝑟𝑜𝑟

∆𝐸𝑟𝑟𝑜𝑟
, 

(11) 

where: Error – the global error value in the last 

epoch; ΔError – the global error delta value. 
By calculating the speed and delta of the 

synapses, you can multiply these values. This 

method makes it possible to approach the correct 

synapse values several times faster. It should be 

noted that this model applies to all synapses both at 

the input / output and in hidden layers [12; 18]. 

2.4. Experiment conditions 

These models work with high efficiency, but 

there are exceptions, namely, when the shape of the 

synapse change takes on a harmonic form, then there 

is a high probability of obtaining a result with a 

large error. It is recommended to use 10-15 epochs 

to increase the accuracy of the prediction model. The 

indicated number of epochs is due to the fact that 

after a given number of epochs the shape of the 

synapse plot takes a linear form (Fig. 1). 

Fig. 1. The dependence of the change in  

           synaptic  weight on the epoch 
                Source: compiled by the authors 

As a result of the analysis of the obtained 

information on prediction models, it became 

possible to adapt them to the format of weight 

coefficient prediction. As a result, the experimental 

part can be started. 

A neural network model was developed to test 

the models (Fig. 2). 

Neural network model data [13, 19], [20, 22], 

[23, 24]: 

 number of inputs – 3; 

 number of outputs – 1; 

 number of hidden layers – 1; 

 number of neurons in the hidden layer – 4. 

A general view of the neural network is shown 

in Fig. 2. 

Fig. 2. Neural network structure 
                Source: compiled by the authors 

To obtain experimental data, we will use a 

simple classification task, but with a learning rate of 

0.5 (Table 1). The learning rate coefficient is 0.5 this 

is because such a value is optimal, since at a large 

value there will be a large correlation step, which in 

turn will accelerate learning, but increase the error 

value. If the learning rate coefficient is less than 0.5, 

then the correlation step will be much smaller and 

there will be a low error value, while the learning 

time will be longer. Also, to accurately determine 

the effectiveness of prediction models, the initial 

values of synapses will have fixed values. This is 

necessary so that the final number of eras in one 

experiment does not fluctuate from the random 

starting values of synapses. The experiment involves 

comparing prediction models and optimization 

methods, as well as the possible use of these 

methods simultaneously. To check the operation of 

the neural network, a standard technique was used: 

cross-checking, for which the model gave results of 

the same quality on the test sample as on the training 

sample [26]. 

3. EXPERIMENTAL RESULTS  

An experiment was conducted where the 

required number of eras was measured without using 

the model and using models. The results of 

experiments are shown in Table 1. 
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Table 1. Results of experiments 

Model Number of epochs 

Without model 243 

“Jump” 184 

“Simple Moving Average” 138 

“Seasonal Linear Regression” 199 

                  Source: compiled by the authors 

All of the above models were used once during 

the entire training period in order to be able to see 

the difference in the number of epochs required to 

achieve the required accuracy. 

Analysis of the use of models for the “multi-

layer perceptron” were performed. 

As it can be seen in Fig. 3, the plot of the 

change has a smooth appearance without jumps and 

sharp drops in the error value. 

Fig. 3. The dependence plot of the error on the 

epoch without using the model 
Source: compiled by the authors 

Figure 4 shows the operation with the «Jump»

model, the plot shows a sharp break in the error 

value. 

Fig. 4. The dependence plot of the error on the 

epoch using the “Jump” model 
                  Source: compiled by the authors 

Figure 5 shows the result of the “Simple 

Moving Average” model, where a jump is seen, at 

which the error value increased. 

Fig. 5. The dependence plot of the error on the 

epoch using the “Simple Moving Average” model 
                    Source: compiled by the authors 

Figure 6 shows a sharp cut in the plot, which 

occurs due to the operation of the “Seasonal Linear 

Regression” model. 

Fig. 6. The dependence of the error on the epoch 

using the “Seasonal linear regression” model 
                         Source: compiled by the authors 

Further, the model “Simple Moving Average”

was used; it was used every 5 epochs (Fig. 7). The 

plot shows how quickly the neural network was able 

to learn, which leads to savings in both time and 

energy. 

Fig. 7. Dependences of the error on the epoch 

using the “Simple Moving Average”  

model every 5 epochs 
Source: compiled by the authors 

Figure 8 shows the work of the model “Jump”, 

the plot shows a great jump in the error value. 

Theoretical aspects of computer science, 
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Fig. 8. Dependences of the error on the epoch  

using the “Jump” model 
Source: compiled by the authors 

An experiment was carried out where the 

required number of epochs was measured without 

use of optimization methods and using optimization 

methods (Table 2). 

Table 2. Results of experiments 

Optimization method Number of epochs 

No Optimization 243 

“Adagrad” 8 

“Adadelta” 10 

“Adam” 7 

Source: compiled by the authors 

An experiment was carried out, where the 

required number of epochs was measured with the 

simultaneous use of optimization methods and 

prediction methods (Table 3). 

Table 3. Results of experiments 

        Model 

Method 

“Jump” “Simple 

Moving 

Average” 

“Seasonal 

Linear 

Regression” 

“Adagrad” 8 8 8 

“Adadelta” 5 7 14 

“Adam” 5 7 8 

Source: compiled by the authors 

Further, the measurements of the relative 

classification error were carried out using prediction 

models. As it can be seen from Table 4, the “Simple 

Moving Average” model has the smallest relative 

error. The methodic of calculation is written in [27]. 

Table 4. Results of experiments 

Model Relative error, % 

Without model 14.28  

“Jump” 24.95 

“Simple Moving Average” 13.24 

“Seasonal Linear Regression” 13.79 

Source: compiled by the authors 

Further, the measurements of the relative 

classification error were carried out using 

optimization methods. The results of using the 

“Adadelta” method have the smallest relative error 

(Table 5). 

Table 5. Results of experiments 

Optimization method Relative error, % 

No Optimization 14.28 

“Adagrad” 14.13 

“Adadelta” 10.66 

“Adam” 22.35 

Source: compiled by the authors 

 

Measurements were made of the relative 

classification error when using the forecasting 

models and optimization methods together. As you 

can see from the Table 6, the most accurate case is 

when used together such combinations as: 

 the “Adagrad” method together with the 

“Simple Moving Average” model; 

 the “Adadelta” method together with the 

“Simple Moving Average” model; 

 the “Adadelta” method together with the 

“Seasonal Linear Regression” model, but it should 

be noted that this combination increased the number 

of epochs for training from 7 to 14. 

Table 6. Results of experiments 

        Model 

Method 

“Jump” “Simple 

Moving 

Average” 

“Seasonal 

Linear 

Regression” 

“Adagrad” 28.68 13.63 24.27 

“Adadelta” 34.96 7.71 3.44 

“Adam” 27.39 22.54 22.98 

Source: compiled by the authors 

CONCLUSION 

An analysis of the effectiveness of applying 

prediction models in training neural networks was 
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performed. As a result of the study, the effectiveness 

of using prediction models in predicting weight 

coefficients of the neural network was revealed. 

Effectiveness depends on the number of learning 

epochs and the final relative error. The idea was 

proposed and models were used, which can allow to 

repeatedly reduce the training time of the neural 

network. The work used two known prediction 

models and the proposed developed model. As a 

result of the experiments, it was revealed that the 

“Simple Moving Average” model can be used every 

5 eras, and the “Jump” and “Seasonal Linear 

Regression” models can be used a limited number of 

times (no more than 2) because according to the plot 

and the obtained data, they reach the level of 

permissible global error equal to 0.01 in fewer 

epochs. In the case of using these two methods, the 

neural network will begin to retrain, which will 

cause an increase in the number of epochs for 

learning and error, which will tend to 100%. In 

addition, it was found that when using the two 

mentioned models, it is necessary to allocate a gap 

in synapse values. This is due to a certain probability 

that the values may be on the bend of the plot. 

As a result of experiments, the efficiency of 

combining prediction models and optimization 

methods was proved. The most effective prediction 

model in combined use was the “Simple Moving 

Average” model. This model showed the greatest 

efficiency since with a decrease in epochs, the error 

also decreased. 

Also, it was found that the additional memory 

used in the applications of prediction models and 

optimization models is used equally in cases of an 

experimental problem this number is equal to 64MB. 

When using GPU for calculations, additional 15MB 

memory was used. 

The results of the study will be used to train a 

neural network to predict certain chemical 

compounds, namely metal alloys. Prediction will be 

based on input physicochemical parameters as; 

density; thermal conductivity; hardness; electrical 

conductivity, etc. At the outlet, the properties of 

such alloys will be obtained. 
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АНОТАЦІЯ 

Мета даного дослідження - аналіз та імплементація прискорення процесу навчання нейронної мережі шляхом 

передбачення вагових коефіцієнтів. Визначається актуальність прискорення навчання нейронних мереж, а також 

можливість застосування моделей прогнозування в широкому колі завдань, де потрібна побудова швидких класифікаторів. 

Наприклад, коли дані надходять у реальному часі від системи датчиків для подальшої оцінки структури та стану речовин. 

Роботи з прискорення класифікаторів зазвичай присвячені прискоренню класифікатора, що застосовується. Розрахунок 

прогнозованих значень вагових коефіцієнтів відбувається за допомогою розрахунку значень за допомогою відомих моделей 

прогнозування. Була перевірена можливість комбінованого застосування моделей прогнозування та моделей оптимізації для 

прискорення процесу навчання нейронної мережі. Наукова новизна дослідження полягає в аналізі ефективності 

застосування моделей прогнозування при навчанні нейронних мереж. Для експериментальної оцінки ефективності 

використання моделей прогнозування було обрано завдання класифікації. Для вирішення експериментальної задачі був 

обраний тип нейронної мережі «Багатошаровий персептрон». Експеримент розділений на кілька етапів: початкове навчання 

нейронної мережі без моделі, а потім вже з використанням моделей прогнозування; початкове навчання нейронної мережі 

без методів оптимізації, а потім за допомогою методів оптимізації; початкове навчання нейронної мережі з використанням 

комбінацій моделей прогнозування та методів оптимізації; вимірювання відносної погрішності використання моделей 

прогнозування, методів оптимізації та комбінованого використання. В експерименті використовувалися такі моделі, як 

«Сезонна лінійна регресія», «Просте середнє» і «Скачок». Модель «Скачок» була запропонована та розроблена за 

результатами спостереження залежностей змін значень вагового коефіцієнта від епохи. Для навчання нейронної та 

наступної перевірки комбінованого використання моделей прогнозування з методами оптимізації були обрані такі методи, 

як «Адаград», «Ададельта», «Адам». В результаті дослідження виявлена ефективність застосування моделей прогнозування 

при прогнозуванні вагових коефіцієнтів нейронної мережі. Представлена ідея та використані моделі, які можуть дозволити 

багатократно скоротити час навчання нейронної мережі. Ідея використання моделей прогнозування полягає в тому, що 

модель зміни вагового коефіцієнта від епохи є тимчасовим рядом, яка в свою чергу прагне до визначеного значення. В 

результаті дослідження було виявлено, що можна комбінувати моделі прогнозування та моделі оптимізації. Також моделі 

прогнозування ніяк не протидіють моделям оптимізації, так як не діють на формулу самого навчання, внаслідок чого можна 

досягнути швидкого навчання нейронної мережі. У практичній частині роботи були використані дві відомі моделі 

прогнозування та запропонована розроблена модель. В результаті експерименту були визначені умови експлуатації при 

застосуванні моделей прогнозування. 
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