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Abstract: Artificial Neural Networks have a lot of connections, as it works on the principle of the human brain. Unlike the human brain, ANN can be using various techniques and data sets. One popular technique for training artificial neural networks is to minimize their objective function; which is backpropagation. The backpropagation algorithm's architecture is revisited in this study. The weights of the neurons are updated by various supervised learning rates, which is a generalization of the delta rule, and the various errors generated at the output are sent back to the input. The activation function was a sigmoid function. MATLAB R2018a was employed for simulations and results. Achieving the highest accuracy of 0.9988 was possible with four hidden layers, which is evident in the results.
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I. INTRODUCTION

One of the most important and essential components of an artificial neural network (ANN) is the backpropagation method. It was reported in the early 960s, and Williams, Hinton, and Rumelhart popularized it over thirty years later in 1989 [1]. The Backpropagation algorithm is a fundamental component of neural network training, crucial for adjusting weights to minimize error during the learning process. One of its key parameters, the learning rate, plays a pivotal role in determining the convergence and performance of the algorithm. Using a method chain rule, the approach is employed to effectively train a neural network [2], [3], [4]. The backpropagation executes a backward pass throughout a network after each forward pass, all the while modifying the model parameters (weights and biases) [5], [6], [7]. Networks featuring linear output layers, sigmoid layers, and biases can approximate any function with a restricted amount of discontinuities. An output layer of linear neurons appears after one or more hidden layers of sigmoid neurons in feedforward networks. The network can establish both nonlinear and linear relationships between the input and output vectors by using multiple layers of neurons with nonlinear transfer functions. Various types of layers are recalled herewith:

A. Layers Types

Input Layer: Features are accepted by this layer. It feeds the network with data from the outside world; no computation is carried out at this layer, and nodes simply transmit data (features) to the hidden layer.

Hidden Layer: The nodes in the hidden layer are part of the abstraction that any neural network supplies; they are not visible to the outside world. The characteristics entered through the input layer are put through to various calculations by the hidden layer, which then forwards the result to the output layer.[footnoteRef:1] [1:  This is an open access article published by CCSIS, 
IoBM, Karachi Pakistan under CC BY 4.0 International 
License] 


Output Layer: This layer exposes the data that the network has learned to the outside world.

B. Function of Sigmoid Activation 

The activation function decides whether or not it activates a neuron, by computing the weighted total and adding bias to it. The activation function serves as the mechanism for adding nonlinearity to the neurons’ output[8]. Without an activation function, a neural network reduces to a simple linear regression model. Through nonlinear modifications of the input, the activation function enables the system to learn and execute increasingly intricate tasks. A set of acceptable inputs and objectives for the outputs are needed for the training process. In order to minimize the network performance function, the network's weights and biases were iteratively adjusted during training. The mean square error—that is, the average squared error between the network outputs and the goal output—serves as the feedforward networks' default performance function. The formula describes the sigmoid function, which is frequently employed to describe a specific instance of the logistic function [9];

 	 (1)

[bookmark: _GoBack]Through a series of experiments conducted on neural network models with different architectures and datasets, we systematically analyze how changes in the learning rate influence the convergence speed, stability, and generalization ability of the algorithm. By examining the behavior of the algorithm across a range of learning rates, insights into the trade-offs between convergence speed and accuracy are gained.
The results illustrate the significance of selecting an appropriate learning rate for optimal performance. A learning rate that is too high may lead to oscillations or divergence, while a rate that is too low can result in slow convergence or being trapped in local minima. Furthermore, the impact of the learning rate on the robustness of the algorithm to variations in dataset characteristics is investigated.
This research contributes to a deeper understanding of the role of learning rate in training neural networks using Backpropagation and provides practical insights for effectively tuning this parameter to achieve desirable learning outcomes. Ultimately, this study aids in the development of more efficient and reliable neural network models for various applications in machine learning and artificial intelligence.
This study explores the impact of varying learning rates on the effectiveness and efficiency of the Backpropagation algorithm implemented in MATLAB

II. METHODOLOGY

There were three layers in the neural network, input, hidden, and output layers as shown in Figure 1. Training data were given into the input layer during the training phase. After entering the hidden layer, the data were transferred to the output layer. This is what the backpropagation algorithm refers to as the forward pass. Every node in the input layer sends input to every node in the hidden layer during the forward pass. The input is multiplied by the relevant weights and then added. Every single node in the output layer receives input from every node in the hidden layer, which is then multiplied by the appropriate weights and added together. The output of the hidden node is a nonlinear transformation of what is left over. The output values of the output layers are compared with the desired output values, and this node generates a nonlinear transformation of the resulting sum as its output. By updating the weight matrices between the input-hidden layers and hidden-output layers, the error is used to update the connection strengths between nodes. There is no learning during the testing phase, ensuring the weight matrices remain unchanged. The input layer received each test vector. The training data's feed-forward and the test data's feed-forward were matched.




                                                                                                      

                                                                                      W36

W12

	                                                  

W23

	                   

                                                                                                                                                               
W46
W14

                                                                                                                    W15
W24


                                                                                   W56
W25

                                                                                                              

                                                                                                    



Figure 1: Backpropagation Neural Network with Three Hidden Nodes

Learning Rate: The size of the steps that are taking to reach the minimize loss will depend on the learning rate conceptually during the training. Once the loss is calculated for given inputs, the gradient of loss is then calculated with respect to each of the weights in the model. The learning rate for an artificial neural network is a number that multiplies the resulting gradient to minimize the loss in the given training samples the path towards which minimized loss occurs over several steps, since starting the training process with arbitrarily set weights and then incrementally updating these weights as move closer and closer to the minimize loss. Any value we obtain for the gradient will become relatively small once we multiply it by the learning rate. This is because the learning rate is typically a small number that ranges from 0 to 1, but the actual value can vary. Afterward, we get the value of the product for each gradient multiplied by the learning rate. Each of these values is taken and corresponding weights are updated by taking the difference. Each connection is then updated with new values and the old weights are discarded. Testing the learning rate, represented by η, will be necessary to determine the value, selected for it.

Backpropagation and Cost Function: In order to reduce the discrepancy between the estimated or intended output vector and the exact or actual output vector of the network, backpropagation involves iteratively adjusting the weights and biases of the connections in the network. The gradient of the cost function of these factors establishes the degree of modification. The partial derivatives of C in x form a vector that represents the gradient of a function  at a given point .

                                                    				(2)
                                                   		(3)
                                                   , and                                  	(4)
			                   	(5)

Sigmoid3== 
Sigmoid3 = 0.5689
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Sigmoid6 = 0.2512
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The cost function is defined as;        
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Then the sigmoid function is given by;
    		(11)
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Equation (10), takes the form; 
Replacing   and   the Equation (12) reduces to 

Let , and also , 
therefore 
Simplifying this, one may get . The values to , and  can be computed using as follows: 
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Similarly, for, therefore, 
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And with this; 
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Rest of weights,  and .
In contrast, Tables (1)–(2) with three and four hidden nodes use Matlab to demonstrate the other weights, biases, and predicted values at various learning rates and epoch counts. 

Table 1: Predicted Value and Mean Square Root Error at Different Learning Rates with Three Hidden Layers
	Three Hidden Layers with Target = 1

	Number of Epoch
	  Learning Rate = 0.95
	Learning Rate = 0.50
	Learning Rate = 0.10
	Learning Rate = 0.01

	
	Predicted
	MSRE
	Predicted
	MSRE
	Predicted
	MSRE
	Predicted
	MSRE

	1
	0.2512
	0.0317
	0.2512
	0.0317
	0.2512
	0.0317
	0.2512
	0.0317

	10
	0.7535
	0.4610
	0.5923
	0.2682
	0.314
	0.0577
	0.2570
	0.0337

	100
	0.9490
	0.7645
	0.9252
	0.7234
	0.7707
	0.4847
	0.3210
	0.0612

	1000
	0.9854
	0.8294
	0.9795
	0.8187
	0.9503
	0.7667
	0.7714
	0.4856

	10000
	0.9955
	0.8480
	0.9938
	0.8448
	0.9858
	0.8301
	0.9502
	0.7667

	25000
	0.9972
	0.8511
	0.9961
	0.8491
	0.9911
	0.8400
	0.9702
	0.8020

	50000
	0.9973
	0.8526
	0.9973
	0.8512
	0.9938
	0.8448
	0.9795
	0.8187

	100000
	0.9986
	0.8537
	0.9981
	0.8527
	0.9957
	0.8482
	0.9858
	0.8301




On the other hand, the mean square root error and predicted values with three hidden nodes are displayed in Figure 2 and Figure 3, while the mean square root error and forecasted values with four hidden nodes are displayed in Figure 4, Figure 5, and Figure 6.


Figure 2: Predicted Value with Three Hidden Nodes at Various Learning Rates





















      Figure 3: Mean Square Root Error with Three Hidden Nodes at Various Learning Rates













                                                                                                     
                                                                                                    
                                        



                                                                                        
                                                                                                                                                                      

                                                                                                
                                                                                                        


                                                                                                          

                                                                                                    


Figure 4: Backpropagation Neural Network with Four Hidden Nodes

Table 2: Predicted Value and Mean Square Root Error with Four Hidden Layers at Various Learning Rates
	Four Hidden Layers with Target = 1

	Number of Epoch
	Learning Rate = 0.95
	Learning Rate = 0.50
	Learning Rate = 0.10
	Learning Rate = 0.01

	
	Predicted
	MSRE
	Predicted
	MSRE
	Predicted
	MSRE
	Predicted
	MSRE

	1
	0.3130
	0.1146
	0.3130
	0.1146
	0.3130
	0.1146
	0.3130
	0.1146

	10
	0.8146
	1.0952
	0.7017
	0.7867
	0.4090
	0.2244
	0.3221
	0.1234

	100
	0.9567
	1.5559
	0.9372
	1.4880
	0.8230
	1.1204
	0.4187
	0.2375

	1000
	0.9874
	1.6661
	0.9823
	1.6477
	0.9577
	1.5594
	0.8232
	1.1209

	10000
	0.9961
	1.6983
	0.9946
	1.6927
	0.9877
	1.6673
	0.9576
	1.5593

	25000
	0.9976
	1.7036
	0.9966
	1.7001
	0.9923
	1.6843
	0.9744
	1.6190

	50000
	0.9983
	1.7062
	0.9976
	1.7038
	0.9946
	1.6927
	0.9823
	1.6476

	100000
	0.9988
	1.7081
	0.9983
	1.7064
	0.9962
	1.6986
	0.9877
	1.6673







Figure 5: Predicted Value at Different Learning Rates with Four Hidden Layers.


Figure 6: Mean Square Root Error with Four Hidden Layers at Various Learning Rates

III. CONCLUSION
With learning rates of 0.95, 0.5, 0.1, and 0.01, it became apparent that for larger values of learning rate, the convergence tends quickly towards output, with a larger error, and by decreasing the learning rate, the convergence slows down. The output was found through examining different numbers of hidden layers. By adjusting the number of hidden layers in the output, some differences can be observed, despite the graphs' extremely tiny variations. As contrasted with the three hidden layers, the four hidden layers have a higher MSRE. When we fed forward the 0.05 and 0.1 inputs in practically all various learning rates employed in this study, we found an error of 0.7488 and 0.6870 using three and four hidden layers in the network, respectively. The error drops to 0.0014, 0.0019, 0.0043, 0.0142, and 0.0012, 0.0017, 0.0038, and 0.0123 for three and four hidden layers, respectively, after the same process is carried out 100,000 times. This would suggest that more hidden layers yield better results.
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