
 

ALFA BK UNIVERSITY 

FACULTY OF  INFORMATION AND COMMUNICATION TECHNOLOGY 

FACULTY O F COMPUTER SCIENCE 

ALFATECH 
Proceedings of Conference  

 

84 
ISBN: 978-86-6461-074-2 

UDK: 004.8 
004.415 
COBISS.SR-ID 148916745 
DOI:  10.5281/zenodo.12594372 
Original scientific paper 

 

 

A MODIFIED VERSION OF GRADIENT DESCENT ALGORITHM AS 

A SOLUTION OF LOCAL MINIMUM PROBLEM IN ARTIFICIAL 

NEURAL NETWORK  

 
Goran Keković24, Rade Božović25, Negovan Stamenković26  

 

Abstract 

 
In this paper, software based on modified gradient descent and backpropagation algorithms 

for overcoming the local minimum problem in artificial neural networks is proposed. During 

the training of the artificial neural network, at the end of each epoch, the existence of the 

global minimum was checked over successive values of the loss function and by determining 

the percentage of successfully classified samples from the training and test sets. The software 

is written in the C# programming language in an object-oriented manner. It is written in a 

modular way in the sense that it has its own mathematical library and can be upgraded with 

other algorithms of artificial neural networks. 
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Introduction 

  

Artificial intelligence is becoming a part of our everyday life and it has applications in almost 

all areas of human activity. In this sense, artificial neural networks (ANN) are particularly 

interesting and numerous algorithms have been developed for them. However, the main 

breakthrough in this area was the backpropagation algorithm based on the gradient descent 

method which originate from theory of optimization [1-4]. Its main disadvantages are getting 

stuck in a local minimum and slow convergence. Various solutions have been proposed for 

these problems, such as, adaptive learning with momentum and all their variants [5,6]. In 

these methods, the change of neural weights from the previous epoch multiplied by the 

moment is added to the neural weights in the next epoch, which achieves regularization and 
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increases the speed of convergence. Variants with variable moment speed up convergence, 

but at the cost of introducing new parameters, whose values are a matter of numerical 

experimentation. 

The problem of the local minimum has not yet been adequately solved, although some 

solutions have been proposed here as well. One of them is the early stopping technique [7, 8]. 

In this technique, the loss function is monitored and if there are no changes after a 

predetermined number of epochs, it is considered that its global minimum has been reached. 

The disadvantage is that the number of epochs needed cannot be known in advance and we 

may still be stuck in a local minimum. Variants of this method include tracking losses on the 

validation data set, after each or a certain number of epochs. The price of this is an increase in 

CPU time, but with an increased probability of hitting the global minimum.  

All this facts lead to the proposition of this paper. Obviously, there is a trade-off between 

CPU consuming time and hitting the global minimum in the early stopping method. Namely, 

the problem can be seen from another perspective by asking two questions. Can a global 

minimum be reached with high probability and what is the main difference between global 

and local minimum? According to the the Universal Approximation Theorem any input 

function can be approximated by an ANN of appropriate configuration. The answer to the 

first question, could be sought here. This practically means that there is a possibility of the 

gradient descent passing through the minimum at one point in time. The reason is obvious: 

after each input sample, neural weights and biases of ANN are corrected. The idea of this 

paper is to define the mechanism of identification of the global minimum in two steps. In the 

first step, the minimum is identified by monitoring the loss function and if the threshold is 

reached (the difference between two consecutive values) procced to step two. Furthermore, 

the second step is to check if the number of successfully classified samples in both sets 

(training and validation) is higher than the predefined value. In that case, it can be concluded 

that it is a global minimum. Otherwise, it is a local minimum and the program can continue 

with iterations. 

  

Mathematical Background 

  

At the core of the descending gradient algorithm is the correction of the neural weights 

according to the formula: 

  

 

 
 

(1) 

  

where are, W(k)
new, W(k)

old  neural weight matrices of the k-th neural layer before and after one 

epoch, E is loss function and α is learning constant. The size of the neural weight matrices W 

is n x m, where n,m represent the numbers of neurons in the k-th and (k-1)-th layers, 

respectively. If the previous, k-1 layer is input, then m respresents number of components of 

the input vector X. Similarly, if k-th layer is the output layer, then n is equal to the number of 

components of the output or target vector Y. In the first stage or forward propagation the 

matrix of output vectors or activations A is calculated, as: 
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  (2) 

  

where b(k) represents the biases matrix of the k-th layer. The matrix of variable O(k) is 

determined according to:  

  

  (3) 

  

In the above expression, f is the so-called activation function and there are several different 

types. The famous logsig function is used in this software: 

  

 

 

(4) 

  

In the second phase, the loss function gradient matrix is determined, via backpropagation 

algorithm according to the formula: 

  

   

 

(5) 

  

where the error matrix δ(k) of k-th layer is calculated by back propagation (from the output 

layer to the input layer) according to: 

  

 

 

(6) 

  

In the formula above, the symbol denotes the multiplication between matrices in the manner:  

. The ANN in this software works in inline mode, which means 

that in each epoch it goes through all the training samples and finally determines the error 

function, which it then compares with its value from the previous epoch: 

  

  (7) 

  

Software Description  

  

The complete code and all the necessary technical details can be found at [9]. The user of the 

software defines the value of the constant ε (double error_limit in software), which will 

represents the difference between successive values of the loss function. The value of this 

constant is usually of the order of magnitude .... and is usually sufficient 

in most cases. If the mentioned difference is smaller than the value of this constant and if its 

accuracy of classification  , can be assumed that the global minimum has been 

reached. Otherwise, a small correction is added to the neural weights and biases, so that the 

network is pushed from the local minimum.  

Software architecture 
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The main functionality of the program is separating the local and global minimum. The 

structure of the software can be best explained by the image shown below. The Fig. 1 shows 

the typical stages of the backpropagation algorithm. In the first phase - forward, the vector 

propagates through the network to the output, and after that the phase - backward begins, 

which is the propagation of the error backward. This leads to the correction of weights and 

biases for each sample separately, which is characteristic of gradient descent algorithm. After 

passing through the entire set of input data, loss function is updated and compared with the 

value from the previous epoch. If the difference is smaller than the set goal, the accuracy in 

both sets (training and validation) is checked. If the goal is reached, the program ends. 

Conversely, a small correction is added to the weights and biases, which roughly pushes the 

network out of the local minimum. The value of this correction is of the order of magnitude 

. Also, the maximum number of epochs is set to 2000 and can be changed by the 

user, just like the network configuration. 

  

  

Figure 1:  Flowchart of modified gradient descent and backpropagation algorithms, where 

they are:  – the cost function at i–th epoch,  - classification accuracy on training 

and test set,  - neural weights and biases of the k-th layer at i–th epoch and  

 is a small random correction. 
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Software functionalities  

 All the functionalities of this software can be best described by the properties of the most 

important methods used in the software. For these purposes, we will start from each block.  

Data import and processing. Data preprocessing methods: 

import_file () - this method imports a file from excel, where types represent samples or input 

vectors. The columns are properties of the input vectors and it should be noted that the last 

columns are intended for category values, since the software is used for classification tasks. 

The corresponding category has a 1, while the others have a 0 (for example, for two 

categories it will be 1, 0 or 0, 1, etc.) ; 

split_test () -  as usual, the input data are shuffled and divided into a training set (75% of the 

input data) and a test set (25% of the input data). 

data_process () - input data were converted to [high, low] interval (0,1 or -1,1).  

studentize2D () - all columns of the input matrix  can be zero-centered, so that their mean 

value is zero and normalized by dividing it, with their standard deviation. This choice is left 

to the user, by initializing the variable int student = 1. In that case, the method studentize1D 

(), will automatically apply the same procedure to the input vector for neural network 

simulation.       

  Initializing and training network. Initialization and configuration of ANN:  

network.init() -  this method is accessed by net object which is initialized from the class 

Network as net.network.init(). The list of parameters of this method consists of network 

configuration, number of samples and number of classification categories. The configuration 

of the neural network is determined by an array, which contains information about the hidden 

layers. For example, int[] config = {3, 5},  means that there are two hidden layers, size of 3 

and 5 neurons each. The number of neurons in the input layer is equal to the number of 

columns of the data mattrix and the number of neurons in the output layer is equal to the 

number of categories for classification ; 

extend_backprop() – method for network training. It is accessed as in the previous case with 

the net object: net.extend_backprop(). The list of input parameters consists of: network 

configuration, training and test data matrices, number of epochs, learning constant, default 

value for the cost function error, and data mapping interval bounds. 

Network simulation. After training, the ANN can be simulated with unseen input data: 

simulate() - network simulation for a specific vector from the input takes place via the net 

object, net.simulate(). The list of input parameters is: neural weights and biases as part of the 

output of the method for training, the input vector that can be centered, the network 

configuration, the number of categories for classification, the interval bounds for mapping the 

input vector, as well as interval boundaries for input vector mapping and maximum and 

minimum value of input vector interval. As an output of this method, a vector appears where 

the unit is in the place of the corresponding category, while there are zeros in the other 

places. 

Network statistics. The statistics of  ANN can be determined by the following method: 

stats() - finally, network statistics is performed using this method as, net.stats (), with the 

output being the percentages of successfully classified samples of the training and test data 

sets. 

The software is tested on three different databases. The first database is the well-known iris 

data set [10], while the others are the cancer set [11] and the data set related to types of wine 
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[12]. In the iris data set, there were three categories for classification and two each for cancer 

and wine types, respectively. The simulations were performed on a computer with a 

processor i3 - 8100 3.5 GHz and a RAM of 8 GB. The results are summarized in the table 

below. 

  

Table 1: Software results on various data sets 

Data sets Number of 

samples 

Classification 

accuracy (%)  

Training set 

Classification 

accuracy (%)  

Test set 

Overall 

classification 

accuracy(%) 

Epochs to 

reach the 

goal 

Program 

running 

time (s)  

Iris  150 98,21 97,37 97,58 89 4,6 

Cancer 699 95,42 95,43 95,43 1 10,5 

Wine 3199 97 95,75 96,06 1169 77,38 

  

 Analyzing the results in the table above it can be observed that the execution time of the 

code is proportional to the number of samples, which is understandable, considering that the 

network works in inline mode. It can be seen that in the third case, more than 1000 epochs are 

needed, which means that numerical experiments are needed, with the number of neurons in 

the hidden layer, the number of layers, etc. It can also be noted that despite the modification, 

the software is not free from the lack of slow convergence. This can be seen from the last 

column of Table 1, where it can be seen that the execution time of the program increases 

rapidly with the increase in the number of samples. This is the result of ANN operation in 

inline mode. On the other hand, the advantage of this mode is accuracy, although there are 

algorithms such as Levenberg-Marquardt that work in batch mode and achieve a high degree 

of accuracy [13, 14]. 

  

Impact 

  

The contribution of the software to scientific research and the improvement of deep learning 

software in general, can be summarized as follows: 

• In this software, a way to separate the local and global minimum in the backpropagation 

algorithm is proposed. This does not eliminate all the weaknesses of the backpropagation 

algorithm, but it can be a good basis for further research. 

• The software is designed in an object-oriented manner, to speed up its execution and to make 

it easier to use. 

• All mathematical procedures of algorithms and details are moved to a separate class Network. 

It also contains its own mathematical library that can be expanded and later used to upgrade 

the algorithm with new deep learning methods. 

• Advanced features of the C# programming language, such as Array lists and jagged arrays 

are used in this software. 

  

Ilustrative example 

  

In order to illustrate the functioning of the software, this paragraph shows the main program 

for classifying data in the iris database. The first step is to introduce the required namespaces 

via the NuGet  package manager for .NET as shown in Fig. 2. Further, Figure 3 shows the 
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main program with an instantiated net object that accesses the member methods and which 

are described in the Software architecture section. 

  

  
Figure 2:  Necessary namespaces for program operation 
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Figure 3:  Flow of the main program during classification in the iris data set 

  

  

Conclusions 

  

  In this paper, the possibility of overcoming the problem of the local minimum of the 

hypersurface of the loss function is presented. This refers to the ability to separate the local 

and global maxima, thereby addressing the fundamental weakness of the backpropagation 

algorithm. Program in proposed software works in inline mode, so its reasonable execution 



 

ALFA BK UNIVERSITY 

FACULTY OF  INFORMATION AND COMMUNICATION TECHNOLOGY 

FACULTY O F COMPUTER SCIENCE 

ALFATECH 
Proceedings of Conference  

 

92 
ISBN: 978-86-6461-074-2 

time applies to smaller databases up to several thousand samples. In future research, it is 

necessary to examine the possibilities of this program in batch and semi-batch modes. Also, 

the software can be expanded with new mathematical methods and upgraded with algorithms. 

which opens up another space for further research. 
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