
 

 

Artificial Neutral Networks 
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"...a computing system made up of a number of simple, highly interconnected processing elements, 
which process information by their dynamic state response to external inputs.” 
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ANNs are composed of multiple nodes, which imitate biological neurons of human brain. The neurons are connected 

by links and they interact with each other. The nodes can take input data and perform simple operations on the data. 

The result of these operations is passed to other neurons. The output at each node is called its  activation  or node 

value.Each link is associated with weight. ANNs are capable of learning, which takes place by altering weight values.  
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ANN during 1960s to 1980s 
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• 1969 − Mul9layer perceptron (MLP) was invented by Minsky and Papert. 

• 1971 − Kohonen developed Associa9ve memories. 

• 1976 − Stephen Grossberg and Gail Carpenter developed Adap9ve resonance theory. 

 

ANN from 1980s till Present 

Some key developments of this era are as follows − 

• 198  − The major development was Hopfield’s Energy approach. 

• 1985 − Boltzmann machine was developed by Ackley, Hinton, and Sejnowski. 

• 1986 − Rumelhart, Hinton, and Williams introduced Generalised Delta Rule. 

• 1988 − Kosko developed Binary Associative Memory (BAM) and also gave the concept of Fuzzy Logic in ANN. 

The historical review shows that significant progress has been made in this field. Neural network based chips are 

emerging and applications to complex problems are being developed. Surely, today is a period of transition for 

neural network technology. 

Biological Neuron 

A nerve cell (neuron) is a special biological cell that processes information. According to an estimation, there are 

huge number of neurons, approximately 10
11

 with numerous interconnections, approximately 10
15

. 

 
As shown in the above diagram, a typical neuron consists of the following four parts with the help of which we can 

explain its working − 

• Dendrites − They are tree-like branches, responsible for receiving the information from other neurons it is 

connected to. In other sense, we can say that they are like the ears of neuron. 

• Soma − It is the cell body of the neuron and is responsible for processing of informa9on, they have received 

from dendrites. 

• Axon − It is just like a cable through which neurons send the informa9on. 



 

 

• Synapses − It is the connec9on between the axon and other neuron dendrites. 

 

 

Difference &etween Biological Neurons and Artificial Neurons( 

 

Before taking a look at the differences between Artificial Neural Network (ANN) and Biological Neural Network 

(BNN), let us take a look at the similarities based on the terminology between these two. 

 

Biological Neural Networ) *BNN+ Artificial Neural Networ) *ANN+ 

Soma Node 

Dendrites Input 

Synapse Weights or Interconnections 

Axon Output 

 

,riteria BNN ANN 

Processing Massively parallel, slow but superior than 

ANN 

Massively parallel, fast but inferior 

than BNN 

Si-e 10
11

 neurons and 10
15

 interconnections 10
2
 to 10

4
 nodes (mainly depends 

on the type of application and 

network designer) 

.earning They can tolerate ambiguity Very precise, structured and 

formatted data is required to 

tolerate ambiguity 

/ault tolerance Performance degrades with even partial 

damage 

It is capable of robust performance, 

hence has the potential to be fault 

tolerant 

Storage capacity Stores the information in the synapse Stores the information in 

continuous memory locations 

B01.120,A. N3451NS A560/0,0A. N3451NS 

Major components: Axions, Dendrites, 

Synapse 

Major Components: Nodes, Inputs, Outputs, 

Weights, Bias 

Information from other neurons, in the form 

of electrical impulses, enters the dendrites at 

connection points called synapses. The 

information flows from the dendrites to the 

cell where it is processed. The output signal, a 

train of impulses, is then sent down the axon 

to the synapse of other neurons. 

The arrangements and connections of the neurons 

made up the network and have three layers. The 

first layer is called the input layer and is the only 

layer exposed to external signals. The input layer 

transmits signals to the neurons in the next layer, 

which is called a hidden layer. The hidden layer 

extracts relevant features or patterns from the 

received signals. Those features or patterns that 

are considered important are then directed to the 

output layer, which is the final layer of the 

network. 



 

 

A synapse is able to increase or decrease the 

strength of the connection. This is where 

information is stored. 

The artificial signals can be changed by weights in 

a manner similar to the physical changes that 

occur in the synapses. 

Approx 10
11

 neurons. 10
2
– 10

4
 neurons with current technology 

Difference &etween t7e 7uman &rain and computers in terms of 7ow information is processed. 

H48AN B5A0N*B01.120,A. N3451N 

N36915:+ ,18P4635S*A560/0,0A. N3451N N36915:+ 

The human brain works asynchronously Computers(ANN) work synchronously. 

Biological Neurons compute slowly (several 

ms per computation) 

Artificial Neurons compute fast (<1 nanosecond 

per computation) 

The brain represents information in a 

distributed way because neurons are 

unreliable and could die any time. 

In computer programs every bit has to function as 

intended otherwise these programs would crash. 

Our brain changes their connectivity over time 

to represents new information and 

requirements imposed on us. 

The connectivity between the electronic 

components in a computer never change unless we 

replace its components. 

Biological neural networks have complicated 

topologies. ANNs are often in a tree structure. 

Researchers are still to find out how the brain 

actually learns. ANNs use Gradient Descent for learning. 

 

Ad;antage of 4sing Artificial Neural Networ)s: 

• Problem in ANNs can have instances that are represented by many attribute-value pairs. 

• ANNs used for problems having the target function output may be discrete-valued, real-valued, or a vector 

of several real- or discrete-valued attributes. 

• ANN learning methods are quite robust to noise in the training data. The training examples may contain 

errors, which do not affect the final output. 

• It is used generally used where the fast evaluation of the learned target function may be required. 

• ANNs can bear long training times depending on factors such as the number of weights in the network, the 

number of training examples considered, and the settings of various learning algorithm parameters. 

 

,7aracteristics of Artificial Neural Networ) 

• It is neurally implemented mathematical model 

• It contains huge number of interconnected processing elements called neurons to do all operations 

• Information stored in the neurons are basically the weighted linkage of neurons 

• The input signals arrive at the processing elements through connections and connecting weights. 

• It has the ability to learn , recall and generalize from the given data by suitable assignment and adjustment 

of weights. 

• The collective behavior of the neurons describes its computational power, and no single neuron carries 

specific information . 

 

How simple neuron wor)s ( 

Let there are two neurons = and Y which is transmitting signal to another neuron ? . Then , = and Y are input neurons 

for transmitting signals and ? is output neuron for receiving signal . The input neurons are connected to the output 

neuron , over a interconnection links ( A and B ) as shown in figure . 

 



 

 

For above neuron architecture , the net input has to be calculated in the way .

0 = xA A yB 

where x and y are the activations of the input neurons X and Y . The output z of the output neuron Z can be obtained 

by applying activations over the net inpu

1 = f*0+ 

1utput = /unction * net input calculated +

The function to be applied over the net input is called

possible for this. 

 

Application of Neural Networ) 

1. Every new technology need assistance from previous one i.e. data from previous ones and these data are analyzed 

so that every pros and cons should be studied correctly . All of these things are possible only through the help of 

neural network. 

 . Neural network is suitable for the research on

cycles . 

3. It would be easier to do proper valuation

neural network. 

4. Neural Network can be used in betting on h

5. It can be used to predict the correct judgement for any crime by using a large data of crime details as input and 

the resulting sentences as output. 

6. By analyzing data and determining which of the data has any fault ( files diverging from peers ) called as

mining, cleaning and validation can be achieved through neural network.

7. Neural Network can be used to predict targets with the help of echo patterns we get from sonar, radar, 

and magnetic instruments . 

8. It can be used efficiently in Employee hiring

skills the employee has and what should be it’s productivity in future .

9. It has a large application in Medical Research

10. It can be used to for Fraud Detection

 

Hy&rid systems: A Hybrid system is an intelligent system which is framed by combining atleast two intelligent 

technologies like Fuzzy Logic, Neural networks, Genetic algorithm, reinforcement Learning, etc. The combination of 

different techniques in one computational model make these systems possess an extended range of capabilities. 

These systems are capable of reasoning 

provide human-like expertise like domain knowledge, adaptation in noisy environment etc.

6ypes of Hy&rid Systems: 

• Neuro Fuzzy Hybrid systems 

• Neuro Genetic Hybrid systems 

• Fuzzy Genetic Hybrid systems 

*A+ Neuro /u--y Hy&rid systems: 

Neuro fuzzy system is based on fuzzy system

learning process operates only on the local information and causes only local changes in the underlying fuzzy system. 

A neuro-fuzzy system can be seen as a 3

the middle (hidden) layer represents fuzzy rules and the third layer represents output variables. Fuzzy sets are 

 
For above neuron architecture , the net input has to be calculated in the way . 

where x and y are the activations of the input neurons X and Y . The output z of the output neuron Z can be obtained 

by applying activations over the net input . 

1utput = /unction * net input calculated + 

The function to be applied over the net input is called activation function . There are various activation function 

assistance from previous one i.e. data from previous ones and these data are analyzed 

so that every pros and cons should be studied correctly . All of these things are possible only through the help of 

research on Animal behavior, predator/prey relationships and population 

proper valuation of property, buildings, automobiles, machinery etc. with the help of 

Neural Network can be used in betting on horse races, sporting events and most importantly in stock market .

It can be used to predict the correct judgement for any crime by using a large data of crime details as input and 

which of the data has any fault ( files diverging from peers ) called as

can be achieved through neural network. 

Neural Network can be used to predict targets with the help of echo patterns we get from sonar, radar, 

Employee hiring so that any company can hire right employee depending upon the 

skills the employee has and what should be it’s productivity in future . 

Medical Research . 

Fraud Detection regarding credit cards , insurance or taxes by analyzing the past records .

: A Hybrid system is an intelligent system which is framed by combining atleast two intelligent 

gies like Fuzzy Logic, Neural networks, Genetic algorithm, reinforcement Learning, etc. The combination of 

different techniques in one computational model make these systems possess an extended range of capabilities. 

These systems are capable of reasoning and learning in an uncertain and imprecise environment. These systems can 

like expertise like domain knowledge, adaptation in noisy environment etc.

fuzzy system which is trained on the basis of working of neural network theory. The 

rocess operates only on the local information and causes only local changes in the underlying fuzzy system. 

-layer feedforward neural network. The first layer represents input variables, 

esents fuzzy rules and the third layer represents output variables. Fuzzy sets are 

where x and y are the activations of the input neurons X and Y . The output z of the output neuron Z can be obtained 

. There are various activation function 

assistance from previous one i.e. data from previous ones and these data are analyzed 

so that every pros and cons should be studied correctly . All of these things are possible only through the help of 

Animal behavior, predator/prey relationships and population 

of property, buildings, automobiles, machinery etc. with the help of 

orse races, sporting events and most importantly in stock market . 

It can be used to predict the correct judgement for any crime by using a large data of crime details as input and 

which of the data has any fault ( files diverging from peers ) called as Data 

Neural Network can be used to predict targets with the help of echo patterns we get from sonar, radar, seismic 

so that any company can hire right employee depending upon the 

regarding credit cards , insurance or taxes by analyzing the past records . 

: A Hybrid system is an intelligent system which is framed by combining atleast two intelligent 

gies like Fuzzy Logic, Neural networks, Genetic algorithm, reinforcement Learning, etc. The combination of 

different techniques in one computational model make these systems possess an extended range of capabilities. 

and learning in an uncertain and imprecise environment. These systems can 

like expertise like domain knowledge, adaptation in noisy environment etc. 

which is trained on the basis of working of neural network theory. The 

rocess operates only on the local information and causes only local changes in the underlying fuzzy system. 

layer feedforward neural network. The first layer represents input variables, 

esents fuzzy rules and the third layer represents output variables. Fuzzy sets are 



 

 

encoded as connection weights within the layers of the network, which provides functionality in processing and 

training the model. 

9or)ing flow: 

• In input layer, each neuron transmits external crisp signals directly to the next layer.

• Each fuzzification neuron receives a crisp input and determines the degree to which the input belongs to 

input fuzzy set. 

• Fuzzy rule layer receives neurons that represent fuzzy sets.

• An output neuron, combines all inputs using fuzzy operation UNION.

• Each defuzzification neuron represents single output of neuro

 

Ad;antages: 

• It can handle numeric, linguistic, logic, etc kind of information.

• It can manage imprecise, partial, vague or 

• It can resolve conflicts by collaboration and aggregation.

• It has self-learning, self-organizing and self

• It can mimic human decision-making process.

 

Disad;antages: 

• Hard to develop a model from a fuzzy system

• Problems of finding suitable membership values for fuzzy systems

• Neural networks cannot be used if training data is not available.

 

Applications: 

• Student Modelling 

• Medical systems 

• Traffic control systems 

• Forecasting and predictions 

 

*B+ Neuro 2enetic Hy&rid systems: 

A Neuro Genetic hybrid system is a system that combines

from examples, classify objects and establish relation between them and

search and optimization techniques. Genetic algorithms can be used to improve the performance of Neural 

Networks and they can be used to decide the connection weights of the inputs. These algorithms can also be used 

for topology selection and training network.

 

9or)ing /low: 

• GA repeatedly modifies a population of individual solutions. GA uses three main types of rules at each step 

to create the next generation from the current population:

1. Selection to select the individuals, called parents, that contribute to the population 

generation 

2. ,rosso;er to combine two parents to form children for the next generation

3. 8utation to apply random changes to individual parents in order to form children

encoded as connection weights within the layers of the network, which provides functionality in processing and 

n transmits external crisp signals directly to the next layer.

Each fuzzification neuron receives a crisp input and determines the degree to which the input belongs to 

Fuzzy rule layer receives neurons that represent fuzzy sets. 

neuron, combines all inputs using fuzzy operation UNION. 

Each defuzzification neuron represents single output of neuro-fuzzy system. 

It can handle numeric, linguistic, logic, etc kind of information. 

It can manage imprecise, partial, vague or imperfect information. 

It can resolve conflicts by collaboration and aggregation. 

organizing and self-tuning capabilities. 

making process. 

Hard to develop a model from a fuzzy system 

oblems of finding suitable membership values for fuzzy systems 

Neural networks cannot be used if training data is not available. 

A Neuro Genetic hybrid system is a system that combines Neural networ)s: which are capable to learn various tasks 

from examples, classify objects and establish relation between them and 2enetic algorit7m

tion techniques. Genetic algorithms can be used to improve the performance of Neural 

Networks and they can be used to decide the connection weights of the inputs. These algorithms can also be used 

for topology selection and training network. 

GA repeatedly modifies a population of individual solutions. GA uses three main types of rules at each step 

to create the next generation from the current population: 

to select the individuals, called parents, that contribute to the population 

to combine two parents to form children for the next generation

to apply random changes to individual parents in order to form children

encoded as connection weights within the layers of the network, which provides functionality in processing and 

 

n transmits external crisp signals directly to the next layer. 

Each fuzzification neuron receives a crisp input and determines the degree to which the input belongs to 

: which are capable to learn various tasks 

2enetic algorit7m: which serves important 

tion techniques. Genetic algorithms can be used to improve the performance of Neural 

Networks and they can be used to decide the connection weights of the inputs. These algorithms can also be used 

GA repeatedly modifies a population of individual solutions. GA uses three main types of rules at each step 

to select the individuals, called parents, that contribute to the population at the next 

to combine two parents to form children for the next generation 

to apply random changes to individual parents in order to form children 



 

 

• GA then sends the new child generation to

• Finally, calculating of the fitness by developed ANN model is performed.

 

Ad;antages: 

• GA is used for topology optimization i.e to select number of hidden l

interconnection pattern for ANN.

• In GAs, the learning of ANN is formulated as a weight optimization problem, usually using the inverse mean 

squared error as a fitness measure.

• Control parameters such as learning rate, mome

• It can mimic human decision-making process.

 

Disad;antages: 

• Highly complex system. 

• Accuracy of the system is dependent on the initial population.

• Maintaintainance costs are very high.

 

Applications: 

• Face recognition 

• DNA matching 

• Animal and human research 

• Behavioral system 

 

*,+ /u--y 2enetic Hy&rid systems: 

A Fuzzy Genetic Hybrid System is developed to use fuzzy logic based techniques for improving and modelling Genetic 

algorithms and vice-versa. Genetic algorithm has proved to be a robust and efficient tool to perform tasks like 

generation of fuzzy rule base, generation of membership function etc.

Three approaches that can be used to develop such system are:

• Michigan Approach 

• Pittsburgh Approach 

• IRL Approach 

 

9or)ing /low: 

• Start with an initial population of solutions that represent first generation.

• Feed each chromosome from the population into the Fuzzy logic controller and compute performance index.

GA then sends the new child generation to ANN model as new input parameter. 

Finally, calculating of the fitness by developed ANN model is performed. 

GA is used for topology optimization i.e to select number of hidden layers, number of hidden nodes and 

interconnection pattern for ANN. 

In GAs, the learning of ANN is formulated as a weight optimization problem, usually using the inverse mean 

squared error as a fitness measure. 

Control parameters such as learning rate, momentum rate, tolerance level, etc are also optimized using GA.

making process. 

Accuracy of the system is dependent on the initial population. 

Maintaintainance costs are very high. 

A Fuzzy Genetic Hybrid System is developed to use fuzzy logic based techniques for improving and modelling Genetic 

Genetic algorithm has proved to be a robust and efficient tool to perform tasks like 

generation of fuzzy rule base, generation of membership function etc. 

Three approaches that can be used to develop such system are: 

Start with an initial population of solutions that represent first generation. 

Feed each chromosome from the population into the Fuzzy logic controller and compute performance index.

 

 

ayers, number of hidden nodes and 

In GAs, the learning of ANN is formulated as a weight optimization problem, usually using the inverse mean 

ntum rate, tolerance level, etc are also optimized using GA. 

A Fuzzy Genetic Hybrid System is developed to use fuzzy logic based techniques for improving and modelling Genetic 

Genetic algorithm has proved to be a robust and efficient tool to perform tasks like 

Feed each chromosome from the population into the Fuzzy logic controller and compute performance index. 



 

 

• Create new generation using evolution operator

 

Ad;antages: 

• GAs are used to develop the best set of rules to be used by a fuzzy inference engine

• GAs are used to optimize the choice of membership functions.

• A Fuzzy GA is a directed random search over all discrete fuzzy 

• It can mimic human decision-making process.

 

Disad;antages: 

• Interpretation of results is difficult.

• Difficult to build membership values and rules.

• Takes lots of time to converge. 

 

Applications: 

• Mechanical Engineering 

• Electrical Engine 

• Artificial Intelligence 

• Economics 

 

Network Architectures
An Artificial Neural Network (ANN) is an information processing paradigm that is inspired from the brain. 

people, learn by examples. An ANN is configured for a specific application, such as pattern recognition or data 

classification, through a learning process. Learning largely involves adjustments to the synaptic connections that 

exist between the neurons. 

The model of Artificial neural network which can be specified by three entities:

• 0nterconnections 

• Acti;ation functions 

• .earning rules 

 

0nterconnections: 

Interconnection can be defined as the way processing elements (Neuron) in ANN are connected to each other. 

Hence, the arrangements of these processing elements and geometry of interconnections are very essential in ANN.

These arrangements always have two layers which are common to all network architectures, Input layer and output 

layer where input layer buffers the input signal and output layer generates the output of the network. The third layer 

is the Hidden layer, in which neurons are neither kept in the

hidden from the people who are interfacing with the system and acts as a blackbox to them. On increasing the 

hidden layers with neurons, the system’s computational and processing power can be increase

phenomena of the system gets more complex at the same time.

There exist five basic types of neuron connection architecture

1. Single-layer feed forward network

2. Multilayer feed forward network

Create new generation using evolution operators till some condition is met. 

 

GAs are used to develop the best set of rules to be used by a fuzzy inference engine

GAs are used to optimize the choice of membership functions. 

A Fuzzy GA is a directed random search over all discrete fuzzy subsets. 

making process. 

Interpretation of results is difficult. 

Difficult to build membership values and rules. 

 

Network Architectures 
is an information processing paradigm that is inspired from the brain. 

people, learn by examples. An ANN is configured for a specific application, such as pattern recognition or data 

classification, through a learning process. Learning largely involves adjustments to the synaptic connections that 

The model of Artificial neural network which can be specified by three entities: 

Interconnection can be defined as the way processing elements (Neuron) in ANN are connected to each other. 

Hence, the arrangements of these processing elements and geometry of interconnections are very essential in ANN.

ayers which are common to all network architectures, Input layer and output 

layer where input layer buffers the input signal and output layer generates the output of the network. The third layer 

is the Hidden layer, in which neurons are neither kept in the input layer nor in the output layer. These neurons are 

hidden from the people who are interfacing with the system and acts as a blackbox to them. On increasing the 

hidden layers with neurons, the system’s computational and processing power can be increase

phenomena of the system gets more complex at the same time. 

neuron connection architecture: 

layer feed forward network 

Multilayer feed forward network 

GAs are used to develop the best set of rules to be used by a fuzzy inference engine 

is an information processing paradigm that is inspired from the brain. ANNs, like 

people, learn by examples. An ANN is configured for a specific application, such as pattern recognition or data 

classification, through a learning process. Learning largely involves adjustments to the synaptic connections that 

Interconnection can be defined as the way processing elements (Neuron) in ANN are connected to each other. 

Hence, the arrangements of these processing elements and geometry of interconnections are very essential in ANN. 

ayers which are common to all network architectures, Input layer and output 

layer where input layer buffers the input signal and output layer generates the output of the network. The third layer 

input layer nor in the output layer. These neurons are 

hidden from the people who are interfacing with the system and acts as a blackbox to them. On increasing the 

hidden layers with neurons, the system’s computational and processing power can be increased but the training 



 

 

3. Single node with its own feedback

4. Single-layer recurrent network 

5. Multilayer recurrent network 

 

1. Single-layer feed forward network
 

 

In this type of network, we have only two layers input layer and output layer but input layer does not count 

because no computation performed in this layer. Output layer 

on input nodes and the cumulative effect per node is taken. After this the neurons collectively give the 

output layer compute the output signals.

 

2. 8ultilayer feed forward networ) 

 

This layer also has hidden layer which is internal to the network and has no direct contact with the external 

layer. Existence of one or more hidden layers enable the network to be computationally stronger, feed

forward network because information ?ows through the input function, an

used to de?ne the output Z. There are no feedback connections in which outputs of the model are fed back 

into itself. 

 

3. Single node wit7 its own feed&ac)

Single node with its own feedback 

 

network 

 

In this type of network, we have only two layers input layer and output layer but input layer does not count 

because no computation performed in this layer. Output layer is formed when different weights are applied 

on input nodes and the cumulative effect per node is taken. After this the neurons collectively give the 

output layer compute the output signals. 

 

layer which is internal to the network and has no direct contact with the external 

layer. Existence of one or more hidden layers enable the network to be computationally stronger, feed

forward network because information ?ows through the input function, and the intermediate computations 

used to de?ne the output Z. There are no feedback connections in which outputs of the model are fed back 

Single node wit7 its own feed&ac) 

In this type of network, we have only two layers input layer and output layer but input layer does not count 

is formed when different weights are applied 

on input nodes and the cumulative effect per node is taken. After this the neurons collectively give the 

 

layer which is internal to the network and has no direct contact with the external 

layer. Existence of one or more hidden layers enable the network to be computationally stronger, feed-

d the intermediate computations 

used to de?ne the output Z. There are no feedback connections in which outputs of the model are fed back 



 

 

 
When outputs can be directed back as inputs to the same layer or preceeding layer nodes, then it results in 

feedback networks. Recurrent networks are feedback networks with closed loop. Above figure shows a single 

recurrent network having single neuron with feedback to itself. 

4. SingleBlayer recurrent networ) 

 
Above network is single layer network with feedback connection in which processing element’s output can be 

directed back to itself or to other processing element or both. Recurrent neural network is a class of artificial 

neural network where connections between nodes form a directed graph along a sequence. This allows it to 

exhibit dynamic temporal behavior for a time sequence. Unlike feed forward neural networks, RNNs can use 

their internal state (memory) to process sequences of inputs. 

 

5. 8ultilayer recurrent networ) 

 
 

In this type of network, processing element output can be directed to the processing element in the same layer and 

in the preceding layer forming a multilayer recurrent network. They perform the same task for every element of a 



 

 

sequence, with the output being depended on the previous computations. Inputs are not needed at each time step. 

The main feature of an Recurrent Neural Network is its hidden state, which captures some information about a 

sequence. 

 

Acti;ation functions in Neural Networ)s
3lements of a Neural Networ) :B 

 

Input Layer :- This layer accepts input features. It provides information from the outside world to the network, no 

�ompu���	o� 	� p��
o�m�" �� ��	� l�y��, �o"�� ���� Au�� p��� o� ��� 	�
o�m��	o�(
���u���) �o ��� �	""�� l�y��.

Hidden Layer :- No"�� o
 ��	� l�y�� ��� �o� �)po��" �o ��� ou��� wo�l", ���y ��� ��� p��� o
 ��� ��������	o� p�ov	"�" 

�y ��y ��u��l ���wo��.  	""�� l�y�� p��
o�m� �ll �o�� o
 �ompu���	o� o� ��� 
���u��� ������" ���ou$� ��� 	�pu� 

l�y�� ��" �����
�� ��� ���ul� �o ��� ou�pu� l�y��.

Output Layer :- ��	� l�y�� ��	�$ up ��� 	�
o�m��	o� l�����" �y ��� ���wo�� �o ��� ou��� wo�l".

 

97at is an acti;ation function and w7y to use t7em(

Definition of acti;ation function:B A��	v��	o� 
u���	o� "��	"��, w������ � ��u�o� ��oul" �� 

��l�ul��	�$ w�	$���" �um ��" 
u����� �""	�$ �	�� w	�� 	�. ��� pu�po�� o
 ��� ���	v��	o� 
u���	o� 	� �o

linearity 	��o ��� ou�pu� o
 � ��u�o�. 

 

3xplanation :B 

W� ��ow, ��u��l ���wo�� ��� ��u�o�� ���� wo�� 	� �o����po�"���� 


u���	o�. 0� � ��u��l ���wo��, w� woul" up"��� ��� w�	$��� ��" �	���� o
 ��� ��u�o�� o� ��� ���	� o
 ��� ���o� �� 

��� ou�pu�. ��	� p�o���� 	� ��ow� �� back

since the gradients are supplied along with the error to update the weights and biases.

 

97y do we need NonBlinear acti;ation functions :

A neural network without an activation function is essentially just a linear regression model. The a

does the non-linear transformation to the input making it capable to learn and perform more complex tasks.

8at7ematical proof :B Suppose we have a Neural net like this :

 

3lements of t7e diagram :B 

 Hidden layer i.e.  layer 1 :B 

z()) + ,())- . b()) 

a()) + z()) 

/ere, 

• z()) is the vectorized output of layer )

• ,()) be the vectorized weights assigned to neurons

of hidden layer i.e. w), w0, w1 and w2

• - be the vectorized input features i.e.

• b is the vectorized bias assigned to neuro

layer i.e. b) and b0 

• a()) is the vectorized form of any linear function.

ing depended on the previous computations. Inputs are not needed at each time step. 

The main feature of an Recurrent Neural Network is its hidden state, which captures some information about a 

Acti;ation functions in Neural Networ)s 

This layer accepts input features. It provides information from the outside world to the network, no 

�ompu���	o� 	� p��
o�m�" �� ��	� l�y��, �o"�� ���� Au�� p��� o� ��� 	�
o�m��	o�(
���u���) �o ��� �	""�� l�y��.

No"�� o
 ��	� l�y�� ��� �o� �)po��" �o ��� ou��� wo�l", ���y ��� ��� p��� o
 ��� ��������	o� p�ov	"�" 

�y ��y ��u��l ���wo��.  	""�� l�y�� p��
o�m� �ll �o�� o
 �ompu���	o� o� ��� 
���u��� ������" ���ou$� ��� 	�pu� 

� ou�pu� l�y��. 

��	� l�y�� ��	�$ up ��� 	�
o�m��	o� l�����" �y ��� ���wo�� �o ��� ou��� wo�l".

97at is an acti;ation function and w7y to use t7em( 

A��	v��	o� 
u���	o� "��	"��, w������ � ��u�o� ��oul" �� 

��l�ul��	�$ w�	$���" �um ��" 
u����� �""	�$ �	�� w	�� 	�. ��� pu�po�� o
 ��� ���	v��	o� 
u���	o� 	� �o

W� ��ow, ��u��l ���wo�� ��� ��u�o�� ���� wo�� 	� �o����po�"���� o
 weight, bias ��" ���	� ���p���	v� ���	v��	o� 


u���	o�. 0� � ��u��l ���wo��, w� woul" up"��� ��� w�	$��� ��" �	���� o
 ��� ��u�o�� o� ��� ���	� o
 ��� ���o� �� 

back3propagation. A��	v��	o� 
u���	o�� m��� ��� ����

�	��� ��� $��"	���� ��� �uppl	�" �lo�$ w	�� ��� ���o� �o up"��� ��� w�	$��� ��" �	����. 

linear acti;ation functions :B 

A ��u��l ���wo�� w	��ou� �� ���	v��	o� 
u���	o� 	� ������	�lly Au�� � l	���� ��$����	o� mo"�l. ��� �

l	���� �����
o�m��	o� �o ��� 	�pu� m��	�$ 	� ��p��l� �o l���� ��" p��
o�m mo�� �ompl�) �����.

Suppose we have a Neural net like this :3 

z()) is the vectorized output of layer ) 

,()) be the vectorized weights assigned to neurons 

w), w0, w1 and w2 

- be the vectorized input features i.e. i) and i0 

b is the vectorized bias assigned to neurons in hidden 

a()) is the vectorized form of any linear function. 

	�$ "�p��"�" o� ��� p��v	ou� �ompu���	o��. 0�pu�� ��� �o� ���"�" �� ���� �	m� ���p. 

��� m�	� 
���u�� o
 �� R��u����� N�u��l N��wo�� 	� 	�� �	""�� �����, w�	�� ��p�u��� �om� 	�
o�m��	o� ��ou� � 

��	� l�y�� ����p�� 	�pu� 
���u���. 0� p�ov	"�� 	�
o�m��	o� 
�om ��� ou��	"� wo�l" �o ��� ���wo��, �o 

�ompu���	o� 	� p��
o�m�" �� ��	� l�y��, �o"�� ���� Au�� p��� o� ��� 	�
o�m��	o�(
���u���) �o ��� �	""�� l�y��. 

No"�� o
 ��	� l�y�� ��� �o� �)po��" �o ��� ou��� wo�l", ���y ��� ��� p��� o
 ��� ��������	o� p�ov	"�" 

�y ��y ��u��l ���wo��.  	""�� l�y�� p��
o�m� �ll �o�� o
 �ompu���	o� o� ��� 
���u��� ������" ���ou$� ��� 	�pu� 

��	� l�y�� ��	�$ up ��� 	�
o�m��	o� l�����" �y ��� ���wo�� �o ��� ou��� wo�l". 

A��	v��	o� 
u���	o� "��	"��, w������ � ��u�o� ��oul" �� ���	v���" o� �o� �y 

��l�ul��	�$ w�	$���" �um ��" 
u����� �""	�$ �	�� w	�� 	�. ��� pu�po�� o
 ��� ���	v��	o� 
u���	o� 	� �o introduce nonB

��" ���	� ���p���	v� ���	v��	o� 


u���	o�. 0� � ��u��l ���wo��, w� woul" up"��� ��� w�	$��� ��" �	���� o
 ��� ��u�o�� o� ��� ���	� o
 ��� ���o� �� 

. A��	v��	o� 
u���	o�� m��� ��� ����-p�op�$��	o� po��	�l� 

A ��u��l ���wo�� w	��ou� �� ���	v��	o� 
u���	o� 	� ������	�lly Au�� � l	���� ��$����	o� mo"�l. ��� ���	v��	o� 
u���	o� 

l	���� �����
o�m��	o� �o ��� 	�pu� m��	�$ 	� ��p��l� �o l���� ��" p��
o�m mo�� �ompl�) �����. 

 



 

 

(Note: ,e are not considering activation function here) 

 

.ayer   i.e. output layer :B 

//  Note : Input for layer  

//   2 is output from layer 1 

C(G) P W(G)�(4) Q �(G)   

�(G) P C(G)  

 

,alculation at 1utput layer: 

OO 3u��	�$ v�lu� o
 C(4) ���� 

 

C(G) P (W(G) R SW(4)K Q �(4)T) Q �(G)  

 

C(G) P SW(G) R W(4)T R K Q SW(G)R�(4) Q �(G)T 

 

L��,  

    SW(G) R W(4)T P W 

    SW(G)R�(4) Q �(G)T P � 

 

D	��l ou�pu� I C(G) P WRK Q � 

W�	�� 	� �$�	� � l	���� 
u���	o� 

 

��	� o����v��	o� ���ul�� �$�	� 	� � l	���� 
u���	o� �v�� �
��� �pply	�$ � �	""�� l�y��, ����� w� ��� �o��lu"� ����, 

"o���’� m����� �ow m��y �	""�� l�y�� w� ������ 	� ��u��l ���, �ll l�y��� w	ll ����v� ��m� w�y ����u�� the 

composition of two linear function is a linear function itself. N�u�o� ��� �o� l���� w	�� Au�� � l	���� 
u���	o� 

�������" �o 	�. A �o�-l	���� ���	v��	o� 
u���	o� w	ll l�� 	� l���� �� p�� ��� "	

������ w.�.� ���o�. 

Hence we need acti;ation function. 

 

CA50AN6S 1/ A,60CA601N /4N,601N :B 

1+. .inear /unction :B 

• 3Duation : L	���� 
u���	o� ��� ��� �*u��	o� �	m	l�� �o �� o
 � ����	$�� l	�� 	.�. y = ax 

• No m����� �ow m��y l�y��� w� ��v�, 	
 �ll ��� l	���� 	� ���u��, ��� 
	��l ���	v��	o� 
u���	o� o
 l��� l�y�� 	� 

�o��	�$ �u� Au�� � l	���� 
u���	o� o
 ��� 	�pu� o
 
	��� l�y��. 

• 5ange : -	�
 �o Q	�
 

• 4ses : .inear acti;ation function 	� u��" �� Au�� o�� pl��� 	.�. ou�pu� l�y��. 

• 0ssues : 0
 w� w	ll "	

�����	��� l	���� 
u���	o� �o ��	�$ �o�-l	����	�y, ���ul� w	ll �o mo�� "�p��" o� input 

4x” and function will become constant, it won’t introduce any ground-breaking behavior to our algorithm. 

/or example : Calculation of price of a house is a regression problem. House price may have any big/small value, so 

we can apply linear activation at output layer. Even in this case neural net must have any non-linear function at 

hidden layers. 

 

 +. Sigmoid /unction :B 

• It is a function which is plotted as ESF shaped graph. 

• 3Duation : 

A P 4O(4 Q �-)) 

• Nature : No�-l	����. No�	�� ���� K v�lu�� l	�� ���w��� -G �o G, L v�lu�� ��� v��y ����p. ��	� m����, �m�ll 

����$�� 	� ) woul" �l�o ��	�$ ��ou� l��$� ����$�� 	� ��� v�lu� o
 L. 

• Calue 5ange : E �o 4 

• 4ses : N�u�lly u��" 	� ou�pu� l�y�� o
 � �	���y �l���	
	���	o�, w���� ���ul� 	� �	���� E o� 4, �� v�lu� 
o� �	$mo	" 


u���	o� l	�� ���w��� E ��" 4 o�ly �o, ���ul� ��� �� p��"	���" ���	ly �o �� 1 if value is greater 

than 0.5 and 0 otherwise. 

 

3+. 6an7 /unction :B The activation that works almost always better than sigmoid function is Tanh function also 

knows as Tangent Hyperbolic function. It’s actually mathematically shifted version of the sigmoid function. Both are 

similar and can be derived from each other. 



 

 

3Duation :B 

f*x+ = tan7*x+ =  G*1 A eB x+ B 1 

15 

tan7*x+ =   H sigmoid* x+ B 1  

 

• Value Range :- -1 to +1 

• Nature :- non-linear 

• Uses :- Usually used in hidden layers of a neural network as it’s values lies between -1 to 1 hence the mean 

for the hidden layer comes out be 0 or very close to it, hence helps in centering the data by bringing mean 

close to 0. This makes learning for the next layer much easier. 

 

4+.53.4 :B Stands for Rectified linear unit. It is the most widely used activation function. Chiefly implemented 

in hidden layers of Neural network. 

• 3Duation :B  (x) = max(0,x). It gives an output x if x is positive and 0 otherwise. 

• Calue 5ange :B SE, 	�
) 

• Nature :B �o�-l	����, w�	�� m���� w� ��� ���	ly ����p�op�$��� ��� ���o�� ��" ��v� mul�	pl� l�y��� o
 

��u�o�� ��	�$ ���	v���" �y ��� R�LN 
u���	o�. 

• 4ses :B R�Lu 	� l��� �ompu���	o��lly �)p���	v� ���� ���� ��" �	$mo	" ����u�� 	� 	�volv�� �	mpl�� 

m����m��	��l op����	o��. A� � �	m� o�ly � 
�w ��u�o�� ��� ���	v���" m��	�$ ��� ���wo�� �p���� m��	�$ 	� 

�

	�	��� ��" ���y 
o� �ompu���	o�. 

0� �	mpl� wo�"�, R-LN l����� much faster than sigmoid and Tanh function. 

 

5+. Softmax /unction :B The softmax function is also a type of sigmoid function but is handy when we are trying to 

handle classification problems. 

• Nature :B non-linear 

• 4ses :B Usually used when trying to handle multiple classes. The softmax function would squeeze the outputs 

for each class between 0 and 1 and would also divide by the sum of the outputs. 

• 1uput:B The softmax function is ideally used in the output layer of the classifier where we are actually trying 

to attain the probabilities to define the class of each input. 

 

,H11S0N2 6H3 502H6 A,60CA601N /4N,601N 

• The basic rule of thumb is if you really don’t know what activation function to use, then simply use RELU as it 

is a general activation function and is used in most cases these days. 

• If your output is for binary classification then, sigmoid function is very natural choice for output layer. 

/oot Note :B 

The acti;ation function does the non-linear transformation to the input making it capable to learn and perform 

more complex tasks. 

 

 



 

 

 
 

 

 



 

 

 
 

 

 
 

 



 

 

 

AdIustments of 9eig7ts or .earning 
Learning, in artificial neural network, is the method of modifying the weights of connections between the neurons of 

a specified network. Learning in ANN can be classified into three categories namely supervised learning, 

unsupervised learning, and reinforcement learning. 

 

Super;ised .earning 
As the name suggests, this type of learning is done under the supervision of a teacher. This learning process is 

dependent.During the training of ANN under supervised learning, the input vector is presented to the network, 

which will give an output vector. This output vector is compared with the desired output vector. An error signal is 

generated, if there is a difference between the actual output and the desired output vector. On the basis of this 

error signal, the weights are adjusted until the actual output is matched with the desired output. 

 
 

4nsuper;ised .earning 
As the name suggests, this type of learning is done without the supervision of a teacher. This learning process is 

independent. 

 

During the training of ANN under unsupervised learning, the input vectors of similar type are combined to form 

clusters. When a new input pattern is applied, then the neural network gives an output response indicating the class 

to which the input pattern belongs.There is no feedback from the environment as to what should be the desired 

output and if it is correct or incorrect. Hence, in this type of learning, the network itself must discover the patterns 

and features from the input data, and the relation for the input data over the output. 

 

 
 

5einforcement .earning 
As the name suggests, this type of learning is used to reinforce or strengthen the network over some critic 

information. This learning process is similar to supervised learning, however we might have very less information. 

During the training of network under reinforcement learning, the network receives some feedback from the 

environment. This makes it somewhat similar to supervised learning. However, the feedback obtained here is 

evaluative not instructive, which means there is no teacher as in supervised learning. After receiving the feedback, 

the network performs adjustments of the weights to get better critic information in future. 



 

 

 
97at 0s .earning in ANN( 
Basically, learning means to do and adapt the change in itself as and when there is a change in environment. ANN is 

a complex system or more precisely we can say that it is a complex adaptive system, which can change its internal 

structure based on the information passing through it. 

 

97y 0s 0t important( 
Being a complex adaptive system, learning in ANN implies that a processing unit is capable of changing its 

input/output behavior due to the change in environment. The importance of learning in ANN increases because of 

the fixed activation function as well as the input/output vector, when a particular network is constructed. Now to 

change the input/output behavior, we need to adjust the weights. 

 

,lassification 

It may be defined as the process of learning to distinguish the data of samples into different classes by finding 

common features between the samples of the same classes. For example, to perform training of ANN, we have some 

training samples with unique features, and to perform its testing we have some testing samples with other unique 

features. Classification is an example of supervised learning. 

 

Neural Networ) .earning 5ules 
We know that, during ANN learning, to change the input/output behavior, we need to adjust the weights. Hence, a 

method is required with the help of which the weights can be modified. These methods are called Learning rules, 

which are simply algorithms or equations. Following are some learning rules for the neural network − 

• He&&ian learning rule – It identifies, how to modify the weights of nodes of a network. 

• Perceptron learning rule – Network starts its learning by assigning a random value to each weight. 

• Delta learning rule – Modification in sympatric weight of a node is equal to the multiplication of error and 

the input. 

• ,orrelation learning rule – The correlation rule is the supervised learning. 

• 1utstar learning rule – We can use it when it assumes that nodes or neurons in a network arranged in a 

layer 

 

1+ He&&ian .earning 5ule 
The He&&ian rule was the first learning rule. In 1949 Donald /ebb developed it as learning algorithm of the 

unsupervised neural network. We can use it to identify how to improve the weights of nodes of a network. 

The He&& learning rule assumes that – If two neighbor neurons activated and deactivated at the same time. Then 

the weight connecting these neurons should increase. For neurons operating in the opposite phase, the weight 

between them should decrease. If there is no signal correlation, the weight should not change. 

 

When inputs of both the nodes are either positive or negative, then a strong positive weight exists between the 

nodes. If the input of a node is positive and negative for other, a strong negative weight exists between the nodes. 

At the start, values of all weights are set to zero. This learning rule can be used0 for both soft- and hard-activation 

functions. Since desired responses of neurons are not used in the learning procedure, this is the unsupervised 

learning rule. The absolute values of the weights are usually proportional to the learning time, which is undesired. 

 
 

 + Perceptron .earning 5ule 



 

 

As you know, each connection in a neural network has an associated weight, which changes in the course of 

learning. According to it, an example of supervised learning, the network starts its learning by assigning a random 

value to each weight. 

 

Calculate the output value on the basis of a set of records for which we can know the expected output value. This is 

the learning sample that indicates the entire definition. As a result, it is called a learning sample. 

The network then compares the calculated output value with the expected value. Next calculates an error 

function ∈∈∈∈, which can be the sum of squares of the errors occurring for each individual in the learning sample. 

Computed as follows: 

 
Perform the first summation on the individuals of the learning set, and perform the second summation on the 

output units. Eij and Oij are the expected and obtained values of the jth unit for the ith individual. 

The network then adjusts the weights of the different units, checking each time to see if the error function has 

increased or decreased. As in a conventional regression, this is a matter of solving a problem of least squares. 

Since assigning the weights of nodes according to users, it is an example of supervised learning. 

 

3+ Delta .earning 5ule 
Developed by ,idrow and /off, the delta rule, is one of the most common learning rules. It depends on supervised 

learning. 

This rule states that the modification in sympatric weight of a node is equal to the multiplication of error and the 

input. 

In Mathematical form the delta rule is as follows: 

 
For a given input vector, compare the output vector is the correct answer. If the difference is zero, no learning takes 

place; otherwise, adjusts its weights to reduce this difference. The change in weight from ui to uj is: dwij = r* ai * ej. 

where r is the learning rate, ai represents the activation of ui and ej is the difference between the expected output 

and the actual output of uj. If the set of input patterns form an independent set then learn arbitrary associations 

using the delta rule. 

It has seen that for networks with linear activation functions and with no hidden units. The error squared vs. the 

weight graph is a paraboloid in n-space. Since the proportionality constant is negative, the graph of such a function is 

concave upward and has the least value. The vertex of this paraboloid represents the point where it reduces the 

error. The weight vector corresponding to this point is then the ideal weight vector. 

We can use the delta learning rule with both single output unit and several output units. 

While applying the delta rule assume that the error can be directly measured. 

The aim of applying the delta rule is to reduce the difference between the actual and expected output that is the 

error. 

 

4+ ,orrelation .earning 5ule 
The correlation learning rule based on a similar principle as the Hebbian learning rule. It assumes that weights 

between responding neurons should be more positive, and weights between neurons with opposite reaction should 

be more negative. 

Contrary to the Hebbian rule, the correlation rule is the supervised learning. Instead of an actual 

The response, oj, the desired response, dj, uses for the weight-change calculation. 

In Mathematical form the correlation learning rule is as follows: 

 
Where dj is the desired value of output signal. This training algorithm usually starts with the initialization of weights 

to zero.Since assigning the desired weight by users, the correlation learning rule is an example of supervised 

learning. 

 

5+ 1ut Star .earning 5ule 



 

 

We use the Out Star Learning Rule when we assume that nodes or neurons in a network arranged in a layer. Here 

the weights connected to a certain node should be equal to the desired outputs for the neurons connected through 

those weights. The out start rule produces the desired response t for the layer of n nodes. 
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���wo���. 
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Super;ised learning ����� pl��� u�"�� ��� �up��v	�	o� o
 � �������. ��	� l����	�$ p�o���� 	� "�p��"���. Du�	�$ ��� 

���	�	�$ o
 ANN u�"�� �up��v	��" l����	�$, ��� 	�pu� v���o� 	� p�������" �o ��� ���wo��, w�	�� w	ll p�o"u�� �� 

ou�pu� v���o�. ��	� ou�pu� v���o� 	� �omp���" w	�� ��� "��	��"O���$�� ou�pu� v���o�. A� ���o� �	$��l 	� $�������" 	
 

����� 	� � "	

������ ���w��� ��� ���u�l ou�pu� ��" ��� "��	��"O���$�� ou�pu� v���o�. .� ��� ���	� o
 ��	� ���o� 

�	$��l, ��� w�	$��� woul" �� �"Au���" u��	l ��� ���u�l ou�pu� 	� m�����" w	�� ��� "��	��" ou�pu�. 

 

Super;ised learning 	� ��u��l ���wo��� 	� u�u�lly p��
o�m�" 	� ��� 
ollow	�$ ��*u����I 

1. &et an appropriate structure of a neural network, having, for example, (n ( 1) input neurons (n for the 

input varia)les and 1 for the )ias, x0) and m output neurons and set initial values of the connection 

weights of the network. 

2. &upply an input vector x from the set of the training examples + to the network. 

,. -alculate the output vector o as produced )y the neural network. 

.. -ompare the desired output vector y (answer, from the training data) and the output vector o 

produced 

)y the network/ if possi)le, evaluate the error. 

0. -orrect the connection weights in such a way that the next time x is presented to the network, the 

produced output o )ecomes closer to the desired output y. 

1. If necessary, repeat steps 2 to 0 until the network reaches a convergence state. 

2valuating an error of approximation can )e done in many ways, the most used )eing instantaneous 

error: 

2rr = (o - y), or 2rr = 3o - y3/ 

mean-s4uare error (5&2): 

2rr = (o- y)262/ 

a total 5&2 sums the error over all individual examples and all the output neurons in the network: 

 
 

The above general algorithm for supervised learning in a neural network has different implementations, 

mainly distinguished by the way the connection weights are changed through training. Some of the 

algorithms are perceptron learning *5osen&latt 1958+K ADA.0N3 *9idrow and Hoff 1960+K t7e &ac)propagation 

algorit7m *5umel7art et al. 1986&K and ot7ers+K and *learning ;ector Duanti-ation+ .CL1M M3 algorit7ms *:o7onen 

1990+. 

 

Perceptron 
Developed by Frank Rosenblatt by using McCulloch and Pitts model, perceptron is the basic operational unit of 

artificial neural networks. It employs supervised learning rule and is able to classify the data into two classes. 

 



 

 

Operational characteristics of the perceptron: It c

with adjustable weights, but the output of the neuron is 1 or 0 depending upon the t

bias whose weight is always 1. Following figure giv

 

 

Perceptron thus has the following three basic eleme

• .in)s − It would have a set of connection links, which carries

1. 

• Adder − It adds the input aVer they are mul9plied with th

• Acti;ation function − It limits the output of neuron. The most basic ac

function that has two possible outputs. This functi

input. 

6raining Algorit7m 

How does it wor)? 
The perceptron works on these simple steps

onsists of a single neuron with an arbitrary number

hreshold. It also consists of a 

es a schematic representation of the perceptron.

nts − 

 a weight including a bias always having weight 

eir respec9ve weights. 

tivation function is a Heaviside step 

on returns 1, if the input is positive, and 0 for a

 

 of inputs along 

 

 

 

ny negative 

 



 

 

a. All the inputs x are multiplied with their weights w. Let’s call it k. 

b. Add all the multiplied values and call them Weighted Sum. 

c. Apply that weighted sum to the correct Activation Function. 

 

  

 
97y do we need 9eig7ts and Bias( 

9eig7ts shows the strength of the particular node.   )ias value allows you to shift the activation function curve up 

or down. 

 
 

97y do we need Acti;ation /unction( 

In short, t7e acti;ation functions are used to map t7e input &etween t7e reDuired ;alues li)e *0M 1+ or *B1M 1+. 

Where we use Perceptron? 

Perceptron is usually used to classify the data into two parts. Therefore, it is also known as a Linear Binary Classifier. 

 

Adapti;e .inear Neuron 
Adaline which stands for Adaptive Linear Neuron, is a network having a single linear unit. It was developed by 

Widrow and Hoff in 1960. Some important points about Adaline are as follows − 

• It uses bipolar activation function. 

• It uses delta rule for training to minimize the Mean-(*u���" -��o� (1(-) ���w��� ��� ���u�l ou�pu� ��" ��� 

"��	��"O���$�� ou�pu�. 

• ��� w�	$��� ��" ��� �	�� ��� �"Au����l�. 

��� ��y "	

������ ���w��� ��� A"�l	�� �ul� (�l�o ��ow� �� ��� W	"�ow- o

 �ul�) ��" Ro����l���W� p����p��o� 	� 

���� ��� w�	$��� ��� up"���" ����" o� � l	���� ���	v��	o� 
u���	o� ������ ���� � u�	� ���p 
u���	o�. 



 

 

 
Perceptron 

 
Adaptive linear neuron 
��� "	

������ 	� ���� w�W�� $o	�$ �o u�� ��� �o��	�uou� v�lu�" ou�pu� 
�om ��� l	���� ���	v��	o� 
u���	o� �o 

�ompu�� ��� mo"�l ���o� ��" up"��� ��� w�	$���, ������ ���� ��� �	���y �l��� l���l�. 

 

0� �o������ �o ��� p����p��o� �ul�, ��� "�l�� �ul� o
 ��� �"�l	�� up"���� ��� w�	$��� ����" o� � l	���� ���	v��	o� 


u���	o� ������ ���� � u�	� ���p 
u���	o�U ����, ��	� l	���� ���	v��	o� 
u���	o� $(C)$(C) 	� Au�� ��� 	"���	�y 
u���	o� o
 

��� ��� 	�pu� $(w�))Pw�). 0� ��� ��)� ����	o�, w� w	ll ��� w�y ��	� l	���� ���	v��	o� 	� �� 	mp�ov�m��� ov�� ��� 

p����p��o� up"��� ��" w���� ��� ��m� +"�l�� �ul�, �om�� 
�om 

 

2radient Descent 

;�	�$ � �o��	�uou� 
u���	o�, o�� o
 ��� �	$$��� �"v����$�� o
 ��� l	���� ���	v��	o� 
u���	o� ov�� ��� u�	� ���p 


u���	o� 	� ���� 	� 	� "	

�����	��l�. ��	� p�op���y �llow� u� �o "�
	�� � �o�� 
u���	o� X(w)X(w) ���� w� ��� m	�	m	C� 	� 

o�"�� �o up"��� ou� w�	$���. 0� ��� ���� o
 ��� l	���� ���	v��	o� 
u���	o�, w� ��� "�
	�� ��� �o�� 
u���	o� X(w)X(w) �� 

��� sum of squared errors (((-), w�	�� 	� �	m	l�� �o ��� �o�� 
u���	o� ���� 	� m	�	m	C�" 	� o�"	���y l���� �*u���� (.L() 

l	���� ��$����	o�. 

 
 

(��� 
����	o� 4OG 	� Au�� u��" 
o� �o�v��	���� �o "��	v� ��� $��"	��� �� w� w	ll ��� 	� ��� ��)� p���$��p��.) 

0� o�"�� �o m	�	m	C� ��� ((- �o�� 
u���	o�, w� w	ll u�� $��"	��� "������, � �	mpl� y�� u��
ul op�	m	C��	o� �l$o�	��m 

���� 	� o
��� u��" 	� m���	�� l����	�$ �o 
	�" ��� lo��l m	�	mum o
 l	���� �y���m�. 

;�
o�� w� $�� �o ��� 
u� p��� (��l�ulu�), l�� u� �o��	"�� � �o�v�) �o�� 
u���	o� 
o� o�� �	�$l� w�	$��. A� 	llu������" 	� 

��� 
	$u�� ��low, w� ��� "����	�� ��� p�	��	pl� ���	�" $��"	��� "������ �� +�l	m�	�$ "ow� � �	ll, u��	l � lo��l o� 

$lo��l m	�	mum 	� ������". A� ���� ���p, w� ���� � ���p 	��o ��� oppo�	�� "	����	o� o
 ��� $��"	���, ��" ��� ���p �	C� 

	� "����m	��" �y ��� v�lu� o
 ��� l����	�$ ���� �� w�ll �� ��� �lop� o
 ��� $��"	���. 

 

0� o�"�� �o m	�	m	C� ��� ((- �o�� 
u���	o�, w� w	ll u�� $��"	��� "������, � �	mpl� y�� u��
ul op�	m	C��	o� �l$o�	��m 

���� 	� o
��� u��" 	� m���	�� l����	�$ �o 
	�" ��� lo��l m	�	mum o
 l	���� �y���m�. 

;�
o�� w� $�� �o ��� 
u� p��� (��l�ulu�), l�� u� �o��	"�� � �o�v�) �o�� 
u���	o� 
o� o�� �	�$l� w�	$��. A� 	llu������" 	� 

��� 
	$u�� ��low, w� ��� "����	�� ��� p�	��	pl� ���	�" $��"	��� "������ �� +�l	m�	�$ "ow� � �	ll, u��	l � lo��l o� 

$lo��l m	�	mum 	� ������". A� ���� ���p, w� ���� � ���p 	��o ��� oppo�	�� "	����	o� o
 ��� $��"	���, ��" ��� ���p �	C� 

	� "����m	��" �y ��� v�lu� o
 ��� l����	�$ ���� �� w�ll �� ��� �lop� o
 ��� $��"	���. 



 

 

 

Now, �� p�om	��", o��o ��� 
u� p��� – "��	v	�$ ��� A"�l	�� l����	�$ �ul�. A� m���	o��" ��ov�, ���� up"��� 	� 

up"���" �y ���	�$ � ���p 	��o ��� oppo�	�� "	

��� p���	�l "��	v��	v� o
 ��� �o�� 
u���	o� 
o

��� p���	�l "��	v��	v� o
 ��� ((- �o�� 
u���	o� 
o� � p���	�ul�� w�	$�� ��� �� ��l�ul���" �� 
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(� P ���$��, o P ou�pu�) 

A�" 	
 w� plu$ ��� ���ul�� ���� 	��o ��� l����	�$ �ul�, w� $��

-v���u�lly, w� ��� �pply � �	mul����ou� w�	$�� up"��� �	m	l�� �o ��� p����p��o� �ul�

 

Alt7oug7M t7e learning rule a&o;e loo)s identical to t7e perceptron ruleM we s7all note t7e two main differences:

4.  ���, ��� ou�pu� +o, 	� � ���l �um��� ��" �o� � �l��� l���l �� 	� 

G. ��� w�	$�� up"��� 	� ��l�ul���" ����" o� �ll ��mpl�� 	� ��� ���	�	�$ ��� (	�����" o
 up"��	�$ ��� w�	$��� 

	����m����lly �
��� ���� ��mpl�), w�	�� 	� w�y ��	� �pp�o��� 	� �l�o ��ll�" +�����, $��"	��� "������.

 

"��	v	�$ ��� A"�l	�� l����	�$ �ul�. A� m���	o��" ��ov�, ���� up"��� 	� 

up"���" �y ���	�$ � ���p 	��o ��� oppo�	�� "	����	o� o
 ��� $��"	��� 

��� p���	�l "��	v��	v� o
 ��� �o�� 
u���	o� 
o� ���� w�	$�� 	� ��� w�	$�� v���o�I 

��� p���	�l "��	v��	v� o
 ��� ((- �o�� 
u���	o� 
o� � p���	�ul�� w�	$�� ��� �� ��l�ul���" �� 
ollow�I

 

A�" 	
 w� plu$ ��� ���ul�� ���� 	��o ��� l����	�$ �ul�, w� $�� 

 

ly � �	mul����ou� w�	$�� up"��� �	m	l�� �o ��� p����p��o� �ul�I  wIPwQYw

Alt7oug7M t7e learning rule a&o;e loo)s identical to t7e perceptron ruleM we s7all note t7e two main differences:

 ���, ��� ou�pu� +o, 	� � ���l �um��� ��" �o� � �l��� l���l �� 	� ��� p����p��o� l����	�$ �ul�.

��� w�	$�� up"��� 	� ��l�ul���" ����" o� �ll ��mpl�� 	� ��� ���	�	�$ ��� (	�����" o
 up"��	�$ ��� w�	$��� 

	����m����lly �
��� ���� ��mpl�), w�	�� 	� w�y ��	� �pp�o��� 	� �l�o ��ll�" +�����, $��"	��� "������.

"��	v	�$ ��� A"�l	�� l����	�$ �ul�. A� m���	o��" ��ov�, ���� up"��� 	� 

, ��u�, w� ��v� �o �ompu�� 

. 

��� p���	�l "��	v��	v� o
 ��� ((- �o�� 
u���	o� 
o� � p���	�ul�� w�	$�� ��� �� ��l�ul���" �� 
ollow�I 

wIPwQYw. 

Alt7oug7M t7e learning rule a&o;e loo)s identical to t7e perceptron ruleM we s7all note t7e two main differences: 

��� p����p��o� l����	�$ �ul�. 

��� w�	$�� up"��� 	� ��l�ul���" ����" o� �ll ��mpl�� 	� ��� ���	�	�$ ��� (	�����" o
 up"��	�$ ��� w�	$��� 

	����m����lly �
��� ���� ��mpl�), w�	�� 	� w�y ��	� �pp�o��� 	� �l�o ��ll�" +�����, $��"	��� "������. 



 

 

��� �wo plo�� ��ov� �	��ly �mp���	C� ��� 	mpo������ o
 plo��	�$ l����	�$ �u�v�� �y 	llu�����	�$ �wo mo�� �ommo� 

p�o�l�m� w	�� $��"	��� "������I 

4. 0
 ��� l����	�$ ���� 	� �oo l��$�, $��"	��� "������ w	ll ov����oo� ��� m	�	m� ��" "	v��$�.

G. 0
 ��� l����	�$ ���� 	� �oo �m�ll, ��� �l$o�	��m w	ll ��*u	�� �oo m��y �po��� �o �o�v��$� ��" ��� ���om� 

���pp�" 	� lo��l m	�	m� mo�� ���	ly.

G��"	��� "������ 	� �l�o � $oo" �)�mpl� w�y 
���u�� ���l	�$ 	� 	mpo����� 
o� m��y m���	�� l����	�$ �l$o�	��m�. 0� 	� 

�o� o�ly ���	�� �o 
	�" �� �pp�op�	��� l����	�$ ���� 	
 ��� 
���u��� ��� o� ��� ��m� ���l�, �u� 	� �l�o o
��� l��"� �o 


����� �o�v��$���� ��" ��� p��v��� ��� w�	$��� 
�om ���om	�$ �oo �m�ll (�um��	��l ����	l	�y).


���u�� ���l	�$ 	� ����"��"	C��	o�  

                                                             
w���� ZA 	� ��� ��mpl� m��� o
 ��� 
���u��


���u��� w	ll ��v� u�	� v��	���� ��" ��� ������" ��ou�" m��� C��o.

 

1nline .earning ;ia Stoc7astic 2radient Descent

;���� $��"	��� "������ l����	�$ ��� +�����, up"���� ��
��� �o ��� 
��� ���� ��� �o�� 
u���	o� 	� m	�	m	C�" ����" o� 

��� �ompl��� ���	�	�$ "��� ���. 0
 w� ��	�� ���� �o ��� p����p��o� �ul�, w� ��m�m��� ���� 	� p��
o�m�" ��� w�	$�� 

up"��� 	����m����lly �
��� ���� 	�"	v	"u�l ���	�	�$ ��mpl�. ��	� �pp�o��� 	� �l�o ��ll�" +o�l	��, l����	�$, ��" 	� 
���, 

��	� 	� �l�o �ow A"�l	�� w�� 
	��� "����	��" �y ;�����" W	"�ow.

 

��� p�o���� o
 	����m����lly up"��	�$ ��� w�	$��� 	� �l�o ��ll�" +��o�����	�

��� m	�	m	C��	o� o
 ��� �o�� 
u���	o�. Al��ou$� ��� ��o�����	� $��"	��� "������ �pp�o��� m	$�� �ou�" 	�
��	o� �o 

$��"	��� "������ "u� 	�� +��o�����	�, ���u�� ��" ��� +�pp�o)	m���", "	����	o� ($��"	���), 	� ��� ��v� 

�"v����$�� 	� p����	��. .
���, ��o�����	� $��"	��� "������ �o�v��$�� mu�� 
����� ���� $��"	��� "������ �	��� ��� 

up"���� ��� �ppl	�" 	mm�"	���ly �
��� ���� ���	�	�$ ��mpl�U ��o�����	� $��"	��� "������ 	� �ompu���	o��lly mo�� 

�

	�	���, ��p��	�lly 
o� v��y l��$� "�������. A�o���� �"v����$� o
 o�l	�� l����	�$ 	� ���� ��� �l���	
	�� ��� �� 

	mm�"	���ly up"���" �� ��w ���	�	�$ "��� ���	v��, �.$., 	� w�� �ppl	���	o��, ��" ol" ���	�	�$ "��� ��� �� "	����"�" 	
 

 
��ov� �	��ly �mp���	C� ��� 	mpo������ o
 plo��	�$ l����	�$ �u�v�� �y 	llu�����	�$ �wo mo�� �ommo� 

0
 ��� l����	�$ ���� 	� �oo l��$�, $��"	��� "������ w	ll ov����oo� ��� m	�	m� ��" "	v��$�.

��� �l$o�	��m w	ll ��*u	�� �oo m��y �po��� �o �o�v��$� ��" ��� ���om� 

���pp�" 	� lo��l m	�	m� mo�� ���	ly. 

G��"	��� "������ 	� �l�o � $oo" �)�mpl� w�y 
���u�� ���l	�$ 	� 	mpo����� 
o� m��y m���	�� l����	�$ �l$o�	��m�. 0� 	� 

�op�	��� l����	�$ ���� 	
 ��� 
���u��� ��� o� ��� ��m� ���l�, �u� 	� �l�o o
��� l��"� �o 


����� �o�v��$���� ��" ��� p��v��� ��� w�	$��� 
�om ���om	�$ �oo �m�ll (�um��	��l ����	l	�y).

 
	� ��� ��mpl� m��� o
 ��� 
���u�� )A ��" [A ��� ����"��" "�v	��	o�, ���p���	v�ly. A
��� ����"��"	C��	o�, ��� 


���u��� w	ll ��v� u�	� v��	���� ��" ��� ������" ��ou�" m��� C��o. 

ic 2radient Descent 

�� +�����, up"���� ��
��� �o ��� 
��� ���� ��� �o�� 
u���	o� 	� m	�	m	C�" ����" o� 

��� �ompl��� ���	�	�$ "��� ���. 0
 w� ��	�� ���� �o ��� p����p��o� �ul�, w� ��m�m��� ���� 	� p��
o�m�" ��� w�	$�� 

	����m����lly �
��� ���� 	�"	v	"u�l ���	�	�$ ��mpl�. ��	� �pp�o��� 	� �l�o ��ll�" +o�l	��, l����	�$, ��" 	� 
���, 

�	��" �y ;�����" W	"�ow. 

��� p�o���� o
 	����m����lly up"��	�$ ��� w�	$��� 	� �l�o ��ll�" +��o�����	�, $��"	��� "������ �	��� 	� �pp�o)	m���� 

��� m	�	m	C��	o� o
 ��� �o�� 
u���	o�. Al��ou$� ��� ��o�����	� $��"	��� "������ �pp�o��� m	$�� �ou�" 	�
��	o� �o 

$��"	��� "������ "u� 	�� +��o�����	�, ���u�� ��" ��� +�pp�o)	m���", "	����	o� ($��"	���), 	� ��� ��v� 

�"v����$�� 	� p����	��. .
���, ��o�����	� $��"	��� "������ �o�v��$�� mu�� 
����� ���� $��"	��� "������ �	��� ��� 

up"���� ��� �ppl	�" 	mm�"	���ly �
��� ���� ���	�	�$ ��mpl�U ��o�����	� $��"	��� "������ 	� �ompu���	o��lly mo�� 

o� v��y l��$� "�������. A�o���� �"v����$� o
 o�l	�� l����	�$ 	� ���� ��� �l���	
	�� ��� �� 

	mm�"	���ly up"���" �� ��w ���	�	�$ "��� ���	v��, �.$., 	� w�� �ppl	���	o��, ��" ol" ���	�	�$ "��� ��� �� "	����"�" 	
 

 
��ov� �	��ly �mp���	C� ��� 	mpo������ o
 plo��	�$ l����	�$ �u�v�� �y 	llu�����	�$ �wo mo�� �ommo� 

0
 ��� l����	�$ ���� 	� �oo l��$�, $��"	��� "������ w	ll ov����oo� ��� m	�	m� ��" "	v��$�. 

��� �l$o�	��m w	ll ��*u	�� �oo m��y �po��� �o �o�v��$� ��" ��� ���om� 

 
G��"	��� "������ 	� �l�o � $oo" �)�mpl� w�y 
���u�� ���l	�$ 	� 	mpo����� 
o� m��y m���	�� l����	�$ �l$o�	��m�. 0� 	� 

�op�	��� l����	�$ ���� 	
 ��� 
���u��� ��� o� ��� ��m� ���l�, �u� 	� �l�o o
��� l��"� �o 


����� �o�v��$���� ��" ��� p��v��� ��� w�	$��� 
�om ���om	�$ �oo �m�ll (�um��	��l ����	l	�y). A �ommo� w�y o
 

��� ����"��" "�v	��	o�, ���p���	v�ly. A
��� ����"��"	C��	o�, ��� 

�� +�����, up"���� ��
��� �o ��� 
��� ���� ��� �o�� 
u���	o� 	� m	�	m	C�" ����" o� 

��� �ompl��� ���	�	�$ "��� ���. 0
 w� ��	�� ���� �o ��� p����p��o� �ul�, w� ��m�m��� ���� 	� p��
o�m�" ��� w�	$�� 

	����m����lly �
��� ���� 	�"	v	"u�l ���	�	�$ ��mpl�. ��	� �pp�o��� 	� �l�o ��ll�" +o�l	��, l����	�$, ��" 	� 
���, 

, $��"	��� "������ �	��� 	� �pp�o)	m���� 

��� m	�	m	C��	o� o
 ��� �o�� 
u���	o�. Al��ou$� ��� ��o�����	� $��"	��� "������ �pp�o��� m	$�� �ou�" 	�
��	o� �o 

$��"	��� "������ "u� 	�� +��o�����	�, ���u�� ��" ��� +�pp�o)	m���", "	����	o� ($��"	���), 	� ��� ��v� �����	� 

�"v����$�� 	� p����	��. .
���, ��o�����	� $��"	��� "������ �o�v��$�� mu�� 
����� ���� $��"	��� "������ �	��� ��� 

up"���� ��� �ppl	�" 	mm�"	���ly �
��� ���� ���	�	�$ ��mpl�U ��o�����	� $��"	��� "������ 	� �ompu���	o��lly mo�� 

o� v��y l��$� "�������. A�o���� �"v����$� o
 o�l	�� l����	�$ 	� ���� ��� �l���	
	�� ��� �� 

	mm�"	���ly up"���" �� ��w ���	�	�$ "��� ���	v��, �.$., 	� w�� �ppl	���	o��, ��" ol" ���	�	�$ "��� ��� �� "	����"�" 	
 



 

 

��o��$� 	� �� 	��u�. 0� l��$�-���l� m���	�� l����	�$ �y���m�, 	� 	� �l�o �ommo� p����	�� �o u�� �o-��ll�" +m	�	-

�������,, � �omp�om	�� w	�� �moo���� �o�v��$���� ���� ��o�����	� $��"	��� "������. 

 

8ultiple Adapti;e .inear Neuron *8adaline+ 
1�"�l	�� w�	�� ����"� 
o� 1ul�	pl� A"�p�	v� L	���� N�u�o�, 	� � ���wo�� w�	�� �o��	��� o
 m��y A"�l	��� 	� p���ll�l. 

0� w	ll ��v� � �	�$l� ou�pu� u�	�. (om� 	mpo����� po	��� ��ou� 1�"�l	�� ��� �� 
ollow� / 

• 0� 	� Au�� l	�� � mul�	l�y�� p����p��o�, w���� A"�l	�� w	ll ��� �� � �	""�� u�	� ���w��� ��� 	�pu� ��" ��� 

1�"�l	�� l�y��. 

• ��� w�	$��� ��" ��� �	�� ���w��� ��� 	�pu� ��" A"�l	�� l�y���, �� 	� w� ��� 	� ��� A"�l	�� ����	����u��, ��� 

�"Au����l�. 

• ��� A"�l	�� ��" 1�"�l	�� l�y��� ��v� 
	)�" w�	$��� ��" �	�� o
 4. 

• ���	�	�$ ��� �� "o�� w	�� ��� ��lp o
 D�l�� �ul�. 

A���	����u�� 

��� ����	����u�� o
 1�"�l	�� �o��	��� o
 NnO ��u�o�� o
 ��� 	�pu� l�y��, NmO ��u�o�� o
 ��� A"�l	�� l�y��, ��" 4 

��u�o� o
 ��� 1�"�l	�� l�y��. ��� A"�l	�� l�y�� ��� �� �o��	"���" �� ��� �	""�� l�y�� �� 	� 	� ���w��� ��� 	�pu� 

l�y�� ��" ��� ou�pu� l�y��, 	.�. ��� 1�"�l	�� l�y��. 

 

 
 

 

 

 

8ultilayer perceptron */eedforward Neural Networ)s+ 

A multilayer perceptron (1L3) 	� � �l��� o
 
��"
o�w��" ���	
	�	�l ��u��l ���wo��.  A� 1L3 �o��	��� o
 �� l���� ����� 

l�y��� o
 �o"��I �� 	�pu� l�y��, � �	""�� l�y�� ��" �� ou�pu� l�y��. -)��p� 
o� ��� 	�pu� �o"��, ���� �o"� 	� � ��u�o� 

���� u��� � �o�l	���� ���	v��	o� 
u���	o�. 1L3 u�	l	C�� � �up��v	��" l����	�$ �����	*u� ��ll�" ���� p�op�$��	o� 
o� 

���	�	�$.0�� mul�	pl� l�y��� ��" �o�-l	���� ���	v��	o� "	��	�$u	�� 1L3 
�om � l	���� p����p��o�. 0� ��� "	��	�$u	�� "��� 

���� 	� �o� l	����ly ��p����l�.1ul�	l�y�� p����p��o�� ��� �om��	m�� �ollo*u	�lly ��
����" �o �� =v��	ll�= ��u��l 

���wo���, ��p��	�lly w��� ���y ��v� � �	�$l� �	""�� l�y��. 

 

0nput .ayer: ��� 0�pu� l�y�� ��� ����� �o"��. ��� ;	�� �o"� ��� � v�lu� o
 4. ��� o���� �wo �o"�� ���� K4 ��" KG �� 

�)�����l 	�pu�� (w�	�� ��� �um��	��l v�lu�� "�p��"	�$ upo� ��� 	�pu� "������). A� "	��u���" ��ov�, �o �ompu���	o� 

	� p��
o�m�" 	� ��� 0�pu� l�y��, �o ��� ou�pu�� 
�om �o"�� 	� ��� 0�pu� l�y�� ��� 4, K4 ��" KG ���p���	v�ly, w�	�� ��� 


�" 	��o ���  	""�� L�y��. 

 

Hidden .ayer: ���  	""�� l�y�� �l�o ��� ����� �o"�� w	�� ��� ;	�� �o"� ��v	�$ �� ou�pu� o
 4. ��� ou�pu� o
 ��� 

o���� �wo �o"�� 	� ���  	""�� l�y�� "�p��"� o� ��� ou�pu�� 
�om ��� 0�pu� l�y�� (4, K4, KG) �� w�ll �� ��� w�	$��� 

���o�	���" w	�� ��� �o�����	o�� (�"$��). ;�low 
	$u�� ��ow� ��� ou�pu� ��l�ul��	o� 
o� o�� o
 ��� �	""�� �o"�� 

(�	$�l	$���"). (	m	l��ly, ��� ou�pu� 
�om o���� �	""�� �o"� ��� �� ��l�ul���". R�m�m��� ���� f refers to the 

activation function. These outputs are then fed to the nodes in the Output layer. 

 



 

 

 
1utput .ayer: The Output layer has two nodes which take inputs from the Hidden layer and perform similar 

computations as shown for the highlighted hidden node. The values calculated (L4 ��" LG) �� � ���ul� o
 ����� 

�ompu���	o�� ��� �� ou�pu�� o
 ��� 1ul�	 L�y�� 3����p��o�. 

 

G	v�� � ��� o
 
���u��� = = *x1M x M P+ ��" � ���$�� y, � 1ul�	 L�y�� 3����p��o� ��� l���� ��� ��l��	o���	p ���w��� ��� 


���u��� ��" ��� ���$��, 
o� �	���� �l���	
	���	o� o� ��$����	o�. 

L��� ���� �� �)�mpl� �o u�"������" 1ul�	 L�y�� 3����p��o�� ������. (uppo�� w� ��v� ��� 
ollow	�$ ��u"���-m���� 

"������I  

                
��� �wo 	�pu� �olum�� ��ow ��� �um��� o
 �ou�� ��� ��u"��� ��� ��u"	�" ��" ��� m	" ���m m���� o���	��" �y ��� 

��u"���. ��� D	��l R��ul� �olum� ��� ��v� �wo v�lu�� 4 o� E 	�"	���	�$ w������ ��� ��u"��� p����" 	� ��� 
	��l 

���m. Do� �)�mpl�, w� ��� ��� ���� 	
 ��� ��u"��� ��u"	�" 3F �ou�� ��" ��" o���	��" '\ m���� 	� ��� m	" ���m, �� O 

��� ��"�" up p���	�$ ��� 
	��l ���m. 

Now, �uppo��, w� w��� �o p��"	�� w������ � ��u"��� ��u"y	�$ GF �ou�� ��" ��v	�$ \E m���� 	� ��� m	" ���m w	ll 

p��� ��� 
	��l ���m. 

 
 

��	� 	� � �	���y �l���	
	���	o� p�o�l�m w���� � mul�	 l�y�� p����p��o� ��� l���� 
�om ��� $	v�� �)�mpl�� (���	�	�$ 

"���) ��" m��� �� 	�
o�m�" p��"	��	o� $	v�� � ��w "��� po	��. W� w	ll ��� ��low �ow � mul�	 l�y�� 

p����p��o� l����� �u�� ��l��	o���	p�. 

 

6raining our 8.P: 67e Bac)BPropagation Algorit7m 
��� p�o���� �y w�	�� � 1ul�	 L�y�� 3����p��o� l����� 	� ��ll�" ��� ;���-p�o�$��	o� �l$o�	��m. 

Bac)ward Propagation of 3rrorsM o
��� �����v	���" �� ;���3�op 	� o�� o
 ��� ��v���l w�y� 	� w�	�� �� ���	
	�	�l 

��u��l ���wo�� (ANN) ��� �� ���	��". 0� 	� � �up��v	��" ���	�	�$ ����m�, w�	�� m����, 	� l����� 
�om l���l�" ���	�	�$ 

"��� (����� 	� � �up��v	�o�, �o $u	"� 	�� l����	�$). 

�o pu� 	� �	mpl� ���m�, ;���3�op 	� l	�� +learning from mista)es+. ��� �up��v	�o� corrects ��� ANN w����v�� 	� 

m���� m	������. 

 

A� ANN �o��	��� o
 �o"�� 	� "	

����� l�y���U 	�pu� l�y��, 	����m�"	��� �	""�� l�y��(�) ��" ��� ou�pu� l�y��. ��� 

�o�����	o�� ���w��� �o"�� o
 �"A����� l�y��� ��v� +w�	$���, ���o�	���" w	�� ���m. ��� $o�l o
 l����	�$ 	� �o ���	$� 

�o����� w�	$��� 
o� ����� �"$��. G	v�� �� 	�pu� v���o�, ����� w�	$��� "����m	�� w��� ��� ou�pu� v���o� 	�. 



 

 

0� �up��v	��" l����	�$, ��� ���	�	�$ ��� 	� l���l�". ��	� m����, 
o� �om� $	v�� 	�pu��, w� ��ow ��� "��	��"O�)p����" 

ou�pu� (l���l). 

 

Bac)Prop Algorit7m: 

0�	�	�lly �ll ��� �"$� w�	$��� ��� ���"omly ���	$��". Do� �v��y 	�pu� 	� ��� ���	�	�$ "������, ��� ANN 	� ���	v���" ��" 

	�� ou�pu� 	� o����v�". ��	� ou�pu� 	� �omp���" w	�� ��� "��	��" ou�pu� ���� w� �l���"y ��ow, ��" ��� ���o� 	� 

+p�op�$���", ���� �o ��� p��v	ou� l�y��. ��	� ���o� 	� �o��" ��" ��� w�	$��� ��� +�"Au���", ���o�"	�$ly. ��	� p�o���� 

	� ��p����" u��	l ��� ou�pu� ���o� 	� ��low � p��"����m	��" ������ol". 

.��� ��� ��ov� �l$o�	��m ���m	�����, w� ��v� � +l�����", ANN w�	��, w� �o��	"�� 	� ���"y �o wo�� w	�� +��w, 

	�pu��. ��	� ANN 	� ��	" �o ��v� l�����" 
�om ��v���l �)�mpl�� (l���l�" "���) ��" 
�om 	�� m	������ (���o� 

p�op�$��	o�). 

 

��� 1ul�	 L�y�� 3����p��o� ��ow� 	� ��low D	$u�� ��� �wo �o"�� 	� ��� 	�pu� l�y�� (�p��� 
�om ��� ;	�� �o"�) w�	�� 

���� ��� 	�pu�� ‘ ou�� (�u"	�"’ ��" ‘1	" ���m 1����’. 0� �l�o ��� � �	""�� l�y�� w	�� �wo �o"�� (�p��� 
�om ��� ;	�� 

�o"�). ��� ou�pu� l�y�� ��� �wo �o"�� �� w�ll – ��� upp�� �o"� ou�pu�� ��� p�o���	l	�y o
 ‘3���’ w�	l� ��� low�� 

�o"� ou�pu�� ��� p�o���	l	�y o
 ‘D�	l’. 

 

0� �l���	
	���	o� �����, w� $�����lly u�� � (o
�m�) 
u���	o� �� ��� A��	v��	o� Du���	o� 	� ��� .u�pu� l�y�� o
 ��� 1ul�	 

L�y�� 3����p��o� �o ���u�� ���� ��� ou�pu�� ��� p�o���	l	�	�� ��" ���y �"" up �o 4. ��� (o
�m�) 
u���	o� ����� � 

v���o� o
 ���	����y ���l-v�lu�" ��o��� ��" �*u����� 	� �o � v���o� o
 v�lu�� ���w��� C��o ��" o�� ���� �um �o o��. 

(o, 	� ��	� ����, 3�o���	l	�y (3���) Q 3�o���	l	�y (D�	l) P 4 

 

Step 1: /orward Propagation 

All w�	$��� 	� ��� ���wo�� ��� ���"omly ���	$��". L��� �o��	"�� ��� �	""�� l�y�� �o"� m����" C 	� ��ov� D	$u�� 

 ��low. A��um� ��� w�	$��� o
 ��� �o�����	o�� 
�om ��� 	�pu�� �o ���� �o"� ��� w4, wG ��" w3 (�� ��ow�). 

��� ���wo�� ���� ����� ��� 
	��� ���	�	�$ �)�mpl� �� 	�pu� (w� ��ow ���� 
o� 	�pu�� 3F ��" '\, ��� p�o���	l	�y o
 

3��� 	� 4). 

• 0�pu� �o ��� ���wo�� P S3F, '\T 

• D��	��" ou�pu� 
�om ��� ���wo�� (���$��) P S4, ET 

���� ou�pu� H 
�om ��� �o"� 	� �o��	"����	o� ��� �� ��l�ul���" �� ��low (f 	� �� ���	v��	o� 
u���	o� �u�� �� 

�	$mo	")I H P f (4Rw4 Q 3FRwG Q '\Rw3) 

(	m	l��ly, ou�pu�� 
�om ��� o���� �o"� 	� ��� �	""�� l�y�� 	� �l�o ��l�ul���". ��� ou�pu�� o
 ��� �wo �o"�� 	� ��� 

�	""�� l�y�� ��� �� 	�pu�� �o ��� �wo �o"�� 	� ��� ou�pu� l�y��. ��	� ����l�� u� �o ��l�ul��� ou�pu� p�o���	l	�	�� 
�om 

��� �wo �o"�� 	� ou�pu� l�y��. 

 

(uppo�� ��� ou�pu� p�o���	l	�	�� 
�om ��� �wo �o"�� 	� ��� ou�pu� l�y�� ��� E.6 ��" E.' ���p���	v�ly (�	��� ��� 

w�	$��� ��� ���"omly ���	$��", ou�pu�� w	ll �l�o �� ���"om). W� ��� ��� ���� ��� ��l�ul���" p�o���	l	�	�� (E.6 ��" 

E.') ��� v��y 
�� 
�om ��� "��	��" p�o���	l	�	�� (4 ��" E ���p���	v�ly), ����� ��� ���wo�� 	� D	$u�� F 	� ��	" �o ��v� �� 

‘0��o����� .u�pu�’. 

 
Step  : Bac) Propagation and 9eig7t 4pdation 

W� ��l�ul��� ��� �o��l ���o� �� ��� ou�pu� �o"�� ��" p�op�$��� ����� ���o�� ���� ���ou$� ��� ���wo�� u�	�$ ;��� 

p�op�$��	o� �o ��l�ul��� ��� gradients. Then we use an optimization method such as :radient Descent to 

‘adjust’ all weights in the network with an aim of reducing the error at the output layer. This is shown in the Figure 

6 ��low (	$�o�� ��� m����m��	��l �*u��	o�� 	� ��� 
	$u�� 
o� �ow). 



 

 

 

(uppo�� ���� ��� ��w w�	$��� ���o�	���" w	�� ��� �o"� 	� �o��	"����	o� ��� w6, wF ��" w' (�
��� ;���p�op�$��	o� 

��" �"Au��	�$ w�	$���). 

 
0
 w� �ow 	�pu� ��� ��m� �)�mpl� �o ��� ���wo�� �$�	�, ��� ���wo�� ��oul" p��
o�m ������ ���� ��
o�� �	��� ��� 

w�	$��� ��v� �ow ���� �"Au���" �o m	�	m	C� ��� ���o� 	� p��"	��	o�. A� ��ow� 	� D	$u�� \, ��� ���o�� �� ��� ou�pu� 

�o"�� �ow ��"u�� �o SE.G, -E.GT �� �omp���" �o SE.', -E.6T ���l	��. ��	� m���� ���� ou� ���wo�� ��� l����� �o 

�o�����ly �l���	
y ou� 
	��� ���	�	�$ �)�mpl�. 

 
W� ��p��� ��	� p�o���� w	�� �ll o���� ���	�	�$ �)�mpl�� 	� ou� "������. ����, ou� ���wo�� 	� ��	" �o ��v� learnt ��o�� 

�)�mpl��. 

0
 w� �ow w��� �o p��"	�� w������ � ��u"��� ��u"y	�$ GF �ou�� ��" ��v	�$ \E m���� 	� ��� m	" ���m w	ll p��� ��� 


	��l ���m, w� $o ���ou$� ��� 
o�w��" p�op�$��	o� ���p ��" 
	�" ��� ou�pu� p�o���	l	�	�� 
o� 3��� ��" D�	l. 

 

 

Principles of training multiBlayer neural networ) using &ac)propagation 

��� p�oA��� "����	��� �����	�$ p�o���� o
 mul�	-l�y�� ��u��l ���wo�� 

�mploy	�$ backpropagation �l$o�	��m. �o 	llu������ ��	� p�o���� ��� ����� l�y�� ��u��l ���wo�� w	�� �wo 

	�pu�� ��" o�� ou�pu�,w�	�� 	� ��ow� 	� ��� p	��u�� ��low, 	� u��"I 



 

 

 
-��� ��u�o� 	� �ompo��" o
 �wo u�	��. D	��� u�	� �""� p�o"u��� o
 w�	$��� �o�

	�	���� ��" 	�pu� �	$��l�. ��� ���o�" 

u�	� ���l	�� �o�l	���� 
u���	o�, ��ll�" ��u�o� ���	v��	o� 
u���	o�. (	$��l e 	� �""�� ou�pu� �	$��l, ��" y + f(e) 	� 

ou�pu� �	$��l o
 �o�l	���� �l�m���. (	$��l y 	� �l�o ou�pu� �	$��l o
 ��u�o�. 

 
 

�o ����� ��� ��u��l ���wo�� w� ���" ���	�	�$ "��� ���. ��� ���	�	�$ "��� ��� �o��	��� o
 	�pu� �	$��l� (x) ��" x0 ) 

���	$��" w	�� �o����po�"	�$ ���$�� ("��	��" ou�pu�) z. ��� ���wo�� ���	�	�$ 	� �� 	�����	v� p�o����. 0� ���� 	�����	o� 

w�	$��� �o�

	�	���� o
 �o"�� ��� mo"	
	�" u�	�$ ��w "��� 
�om ���	�	�$ "��� ���. 1o"	
	���	o� 	� ��l�ul���" u�	�$ 

�l$o�	��m "����	��" ��lowI -��� �����	�$ ���p ������ w	�� 
o��	�$ �o�� 	�pu� �	$��l� 
�om ���	�	�$ ���. A
��� ��	� 

���$� w� ��� "����m	�� ou�pu� �	$��l� v�lu�� 
o� ���� ��u�o� 	� ���� ���wo�� l�y��. 3	��u��� ��low 	llu������ �ow 

�	$��l 	� p�op�$��	�$ ���ou$� ��� ���wo��, (ym�ol� w(xm)n ��p������ w�	$��� o
 �o�����	o�� ���w��� ���wo�� 

	�pu� xm ��" ��u�o� n 	� 	�pu� l�y��. (ym�ol� yn ��p������� ou�pu� �	$��l o
 ��u�o� n. 

 

 



 

 

 
3�op�$��	o� o
 �	$��l� ���ou$� ��� �	""�� l�y��. (ym�ol� wmn ��p������ w�	$��� o
 �o�����	o�� ���w��� ou�pu� o
 

��u�o� m ��" 	�pu� o
 ��u�o� n 	� ��� ��)� l�y��. 

 

 
3�op�$��	o� o
 �	$��l� ���ou$� ��� ou�pu� l�y��. 

 
0� ��� ��)� �l$o�	��m ���p ��� ou�pu� �	$��l o
 ��� ���wo�� y 	� �omp���" w	�� ��� "��	��" ou�pu� v�lu� (��� ���$��), 

w�	�� 	� 
ou�" 	� ���	�	�$ "��� ���. ��� "	

������ 	� ��ll�" ���o� �	$��l d o
 ou�pu� l�y�� ��u�o�. 

 



 

 

0� 	� 	mpo��	�l� �o �ompu�� ���o� �	$��l 
o� 	������l ��u�o�� "	����ly, ����u�� ou�pu� v�lu�� o
 ����� ��u�o�� ��� 

u���ow�. Do� m��y y���� ��� �

���	v� m���o" 
o� ���	�	�$ mul�	pl�y�� ���wo��� ��� ���� u���ow�. .�ly 	� ��� 

m	""l� �	$��	�� ��� ����p�op�$��	o� �l$o�	��m ��� ���� wo���" ou�. ��� 	"�� 	� �o p�op�$��� ���o� 

�	$��l d (�ompu��" 	� �	�$l� �����	�$ ���p) ���� �o �ll ��u�o��, w�	�� ou�pu� �	$��l� w��� 	�pu� 
o� "	��u���" 

��u�o�. 

 

 
��� w�	$���W �o�

	�	���� wmn u��" �o p�op�$��� ���o�� ���� ��� �*u�l �o ��	� u��" "u�	�$ �ompu�	�$ ou�pu� v�lu�. 

.�ly ��� "	����	o� o
 "��� 
low 	� ����$�" (�	$��l� ��� p�op�$���" 
�om ou�pu� �o 	�pu�� o�� �
��� ��� o����). ��	� 

�����	*u� 	� u��" 
o� �ll ���wo�� l�y���. 0
 p�op�$���" ���o�� ��m� 
�om 
�w ��u�o�� ���y ��� �""�". ��� 	llu�����	o� 

	� ��low. 

 

 



 

 

 
W��� ��� ���o� �	$��l 
o� ���� ��u�o� 	� �ompu��", ��� w�	$��� �o�

	�	���� o
 ���� ��u�o� 	�pu� �o"� m�y �� 

mo"	
	�". 0� 
o�mul�� ��low df(e)/de ��p������� "��	v��	v� o
 ��u�o� ���	v��	o� 
u���	o� (w�	�� w�	$��� ��� 

mo"	
	�"). 

 

 

 



 

 

 
 

 

 
2o�

	�	��� h �

���� ���wo�� �����	�$ �p��". ����� ��� � 
�w �����	*u�� �o ��l��� ��	� p���m����. ��� 
	��� m���o" 

	� �o ����� �����	�$ p�o���� w	�� l��$� v�lu� o
 ��� p���m����. W�	l� w�	$��� �o�

	�	���� ��� ��	�$ �����l	���" ��� 

p���m���� 	� ��	�$ "�������" $��"u�lly. ��� ���o�", mo�� �ompl	����", m���o" ������ �����	�$ w	�� �m�ll 

p���m���� v�lu�. Du�	�$ ��� �����	�$ p�o���� ��� p���m���� 	� ��	�$ 	�������" w��� ��� �����	�$ 	� �"v����" ��" 

���� "�������" �$�	� 	� ��� 
	��l ���$�. (����	�$ �����	�$ p�o���� w	�� low p���m���� v�lu� ����l�� �o "����m	�� 

w�	$��� �o�

	�	���� �	$��. 

 



 

 

 

 

 

5adial Basis /unctions Neural Networ)s

 ⁃ 0� Single Perceptron O 8ultiBlayer Perceptron*8.P+

o
 	�pu� ��" ou�pu� l�y���(�om� �	""�� l�y��� 	� 1L3)⁃ Do� �)�mpl�, AND, .R 
u���	o�� ��� linearly
 

5adial Basis /unctions Neural Networ)s 

 

layer Perceptron*8.P+, w� o�ly ��v� l	���� ��p����	l	�y ����u�� ���y ��� 

o
 	�pu� ��" ou�pu� l�y���(�om� �	""�� l�y��� 	� 1L3) 

linearly-��p����l� ^ K.R 
u���	o� 	� not l	����ly ��p����l�.

 

, w� o�ly ��v� l	���� ��p����	l	�y ����u�� ���y ��� �ompo��" 

l	����ly ��p����l�. 



 

 

 ⁃ W� ��l���� ���" o�� �	""�� l�y�� �o "��	v� � �o�-l	����	�y ��p����	o�. ⁃ .u� R;NN w��� 	� "o�� 	�, 	� �����
o�m� ��� 	�pu� �	$��l 	��o ��o���� 
o�m, w�	�� ��� �� ���� 
��" 	��o ��� 
���wo�� �o $�� l	���� ��p����	l	�y. ⁃ R;NN 	� ���u��u��lly ��m� �� p����p��o�(1L3). 
 

 ⁃ R;NN 	� �ompo��" o
 	�pu�, �	""��, ��" ou�pu� l�y��. R;NN 	� ���	��ly l	m	��" �o ��v� �)���ly o�� �	""�� l�y��. W� 
��ll ��	� �	""�� l�y�� �� 
���u�� v���o�. ⁃ R;NN 	�������� "	m��	o� o
 
���u�� v���o�. 
 

 

 
 ⁃ W� �pply �o�-l	���� �����
�� 
u���	o� �o ��� 
���u�� v���o� ��
o�� w� $o 
o� �l���	
	���	o� p�o�l�m. ⁃ W��� w� 	������� ��� "	m���	o� o
 ��� 
���u�� v���o�, ��� l	���� ��p����	l	�y o
 
���u�� v���o� 	��������. 
 

A non3linearity separable problem(pattern classification problem) is highly separable in high dimensional space than 

it is in low dimensional space. 

S2ov��’� ���o��mT ⁃ W��� 	� � R�"	�l ;��	� Du���	o� ? ⁃ w� "�
	�� � ����p�o� P � 



 

 

⁃ w� "��w �o�
�o���l m�p� ��ou�" ��� ����p�o�. ⁃ G�u��	�� Du���	o�� ��� $�����lly u��" 
o� R�"	�� ;��	� Du���	o�(�o�
�o���l m�pp	�$). (o w� "�
	�� ��� ��"	�l 
"	������ � P __)- �__ 

 
 

G�u��	�� R�"	�l Du���	o� IP ϕ(�) P �)p (- �aOGQR) 

ϕ(�) P �)p (- ()- 1)aOGQR)   where ; > = 

 

,  

,here M and ; are two parameters meaning the mean and the standard deviation of the input variable x. 

For a particular intermediate node i, its R Fi is centered at a cluster center ci in the n3dimensional input 

space. The cluster center ci is represented by the vector (w)i . . . ,wni) of connection weights between the n 

input nodes and the hidden node i. The standard deviation for this cluster defines the range for the R Fi. 

The R F is nonmonotonic, in contrast to the sigmoid function. The second layer is connected to the 

output layer. The output nodes perform a simple 

 

summation function with a linear threshold activation function. Training of an R FN consists of two 

phases: ()) ad>usting the R F of the hidden neurons by applying a statistical clustering method; this 

represents an unsupervised learning phase; (0) applying gradient descent (e.g., the back propagation 

algorithm) or a linear regression algorithm for ad>usting the second layer of connections; this is a 

Supervised learning phase. During training, the following parameters of the R FN are ad>usted 

 

• ��� �-"	m���	o��l po�	�	o� o
 ��� ������� 2	 o
 ��� R;D	. ��	� ��� �� ���	�v�" �y u�	�$ ��� �m���� 

�lu����	�$ �l$o�	��m U ��� �l$o�	��m 
	�"� � (�um��� o
 �	""�� �o"��) �lu���� ������� w�	�� m	�	m	C� 

��� �v���$� "	������ ���w��� ��� ���	�	�$ �)�mpl�� ��" ��� ������� �������. 

• ��� "�v	��	o� ���l	�$ p���m���� Q 	 
o� �v��y R;D	U 	� 	� "�
	��" �y u�	�$ �v���$� "	������ �o ���  ������� m-

�lu���� �������I 4the s4uared sum of the distances )etween the respective receptor & the each cluster 

nearest samples”   

 
• The weights of the second layer connections. 

The recall procedure finds through the functions RBFi how close an input vector x' is to the centers ci 

and then propagates these values to the output layer. 

The following advantages of the RBFN over the MLP with the back propagation algorithm have been 



 

 

experimentally and theoretically proved: 

• Training in RBFNs is an order of magnitude faster than training of a comparably sized feedforward network 

with the back propagation algorithm. 

• A better generalization is achieved in RBFNs. 

• RBFNs have very fast convergence properties compared with the conventional multilayer networks with 

sigmoid transfer functions, since any function can be approximated by a linear combination of locally tuned 

factorizable basis functions. 

• There is no local minima problem. 

• The RBF model can be interpreted as a fuzzy connectionist model, as the RBFs can be considered as 

membership functions. 

• The hidden layer has a much clearer interpretation than the MLP with the back propagation algorithm. It is 

easier to explain what an RBF network has learned than its counterpart MLP with the 

back propagation algorithm 

 

 
 ⁃⁃⁃⁃ 3xample. =15 function :B ⁃ I have 4 inputs and I will not increase dimension at the feature vector here. So I will select 2 receptors here. For 

each transformation function ϕ()), w� w	ll ��v� ���� ����p�o�� �. ⁃ Now �o��	"�� ��� R;NN ����	����u��, 
 ⁃ 3 IP b o
 	�pu� 
���u���O v�lu��. ⁃ 1 P b o
 �����
o�m�" v���o� "	m���	o�� (�	""�� l�y�� w	"��). (o 1 c 3 u�u�lly ��. ⁃ -��� �o"� 	� ��� �	""�� l�y��, p��
o�m� � ��� o
 �o�-l	���� ��"	�� ���	� 
u���	o�. ⁃ .u�pu� 2 w	ll ��m�	�� ��� ��m� �� 
o� ��� �l���	
	���	o� p�o�l�m�(�����	� �um��� o
 �l��� l���l� �� p��"�
	��"). 
 

 



 

 

 

 

 
 ⁃ .�ly No"�� 	� ��� �	""�� l�y�� p��
o�m ��� ��"	�� ���	� �����
o�m��	o� 
u���	o�. ⁃ .u�pu� l�y�� p��
o�m� ��� l	���� �om�	���	o� o
 ��� ou�pu�� o
 ��� �	""�� l�y�� �o $	v� � 
	��l p�o���	l	��	� v�lu� 
�� ��� ou�pu� l�y��. ⁃ (o ��� �l���	
	���	o� 	� o�ly "o�� o�ly d (hidden layer → output layer) 
 

6raining t7e 5BNN :B 



 

 

• ⁃ /irst, w� ��oul" ���	� ��� 7idden layer u�	�$ &ac) propagation. 
•  N�u��l N��wo�� ���	�	�$(���� p�op�$��	o�) 	� � cur;e fitting met7od. 0� fits � nonBlinear cur;e "u�	�$ 

��� training p����. 0� �u�� ���ou$� ��o�����	� �pp�o)	m��	o�, w�	�� w� ��ll ��� ���� p�op�$��	o�. 

•  Do� ���� o
 ��� �o"� 	� ��� �	""�� l�y��, w� ��v� �o 
	�" t(����p�o��) ^ ��� v��	���� (Q)Sv��	���� e ��� 

�p���" o
 ��� ��"	�l ���	� 
u���	o�T 

•  .� ��� second ���	�	�$ p����, w� ��v� �o update ��� weig7ting ;ectors ���w��� 7idden layers S output 

layers. 

•  0� �	""�� l�y���, eac7 �o"� ��p������� eac7 �����
o�m��	o� ���	� 
u���	o�. Any o
 ��� 
u���	o� �oul" ���	�
y 

��� �o�-l	���� ��p����	l	�y .R �v�� com&ination o
 ��� o
 
u���	o�� �oul" ���	�
y ��� �o�-l	���� ��p����	l	�y. 

•  (o 	� ou� �	""�� l�y�� �����
o�m��	o�, �ll ��� �o�-l	����	�y ���m� ��� 	��lu"�". (�y l	�� Ka Q La Q FKL U 	�� �ll 

	��lu"�" 	� � �yp��-�u�
��� �*u��	o�(K ^ L ��� 	�pu��). 

•  �����
o��, ��� 
	��� ���$� o
 ���	�	�$ 	� "o�� �y clustering algorit7m. W� "�
	�� ��� num&er of cluster 

centers w� ���". A�" �y �lu����	�$ �l$o�	��m, w� �ompu�� ��� �lu���� �������, w�	�� ���� 	� ���	$��" �� 

��� receptors 
o� ���� �	""�� ��u�o��. 

•  0 ��v� �o �lu���� N ��mpl�� o� o����v��	o�� 	��o 1 �lu����� (N f 1). 

•  (o ��� ou�pu� +�lu�����, ��� ��� +����p�o��,. 

•  
o� ���� ����p�o��, 0 ��� 
	�" ��� v��	���� �� +t7e sDuared sum of t7e distances &etween t7e respecti;e 

receptor S t7e eac7 cluster nearest samples, IP 

  
•  ��� 	����p�����	o� o
 ��� 
	��� ���	�	�$ p���� 	� ���� ��� Nfeature ;ector is proIected onto t7e transformed 

spaceO. 

 
5B/ Neuron 9idt7 

R���ll ���� ���� R;D ��u�o� �ppl	�� � G�u��	�� �o ��� 	�pu�. W� �ll ��ow 
�om ��u"y	�$ ��ll �u�v�� ���� �� 	mpo����� 

p���m���� o
 ��� G�u��	�� 	� ��� ����"��" "�v	��	o�–	� �o���ol� �ow w	"� ��� ��ll 	�. ���� ��m� p���m���� �)	��� 

���� w	�� ou� R;D ��u�o��, you’" p�o���ly Au�� 	����p���� 	� � l	��l� "	

�����ly. 0� ��	ll �o���ol� ��� w	"�� o
 ��� 

G�u��	��, w�	�� m���� 	� "����m	��� �ow mu�� o
 ��� 	�pu� �p��� ��� R;D ��u�o� w	ll ���po�" �o. 

Do� R;DN�, 	�����" o
 ��l�	�$ ��ou� ��� ����"��" "�v	��	o� (‘�	$m�’) "	����ly, w� u�� ��� ��l���" v�lu� ‘����’I 

 
 ��� ��� �om� �)�mpl�� o
 �ow "	

����� ���� v�lu�� �

��� ��� w	"�� o
 ��� G�u��	��. 

 



 

 

 

 

 

Ad;antages of using 5BNN t7an t7e 8.P :B 
4. ���	�	�$ 	� R;NN 	� 
����� ���� 	� 1ul�	-l�y�� 3����p��o� (1L3) g ����� m��y 	�������	o�� 	� 1L3. 

G. W� ��� ���	ly 	����p��� w��� 	� ��� m���	�$ O 
u���	o� o
 ��� ���� �o"� 	� �	""�� l�y�� o
 ��� R;NN. ��	� 

	� "	

	�ul� 	� 1L3. 

3. (w��� ��oul" �� ��� b o
 �o"�� 	� �	""�� l�y�� ^ ��� b o
 �	""�� l�y���) ��	� p���m����	C��	o� 	� "	

	�ul� 	� 

1L3. ;u� ��	� 	� �o� 
ou�" 	� R;NN. 

6. 2l���	
	���	o� w	ll ���� mo�� �	m� 	� R;NN ���� 1L3. 

 

N��up��v	��" L����	�$ 	� N�u��l N��wo��� 

�wo p�	��	pl� l����	�$ �ul�� ��� 	mpl�m����" 	� ��� �o���mpo���y u��up��v	��" l����	�$ �l$o�	��m� 
o� 

��u��l ���wo���I (4) �o� �omp��	�	v� l����	�$, ���� 	�, m��y ��u�o�� m�y �� ���	v���" �� � �	m�U ��" (G) 

�omp��	�	v� l����	�$, ���� 	�, ��� ��u�o�� �omp��� ��" �
��� ����, o�ly o�� 	� ���	v���" �� o�� �	m�, �.$. 

o�ly o�� w	�� �
��� ��� �omp��	�	o�. ��	� p�	��	pl� 	� �l�o ��ll�" =w	���� ����� �ll.= 

 

 

"	

�����	�l  ���	�� l����	�$ l�w (?o��o 45&&(A))I  

G�o�����$W� �omp��	�	v� l�w (G�o�����$ 45&G), �)p�����" ��I  

��� "	

�����	�l �omp��	�	v� l����	�$ l�w (?o��o 455E)I  

 

:Bmeans ,lustering Algorit7m 
kBmeans clustering 	� � m���o" o
 v���o� *u���	C��	o�, o�	$	��lly 
�om �	$��l p�o����	�$, ���� 	� popul�� 
o� �lu���� 

���ly�	� 	� "��� m	�	�$. ?-m���� 	� o�� o
 ��� mo�� popul�� �lu����	�$ �l$o�	��m 	� w�	�� w� u�� ��� �o���p� o
 

p���	�	o� p�o��"u��. W� ����� w	�� �� 	�	�	�l p���	�	o� ��" ��p����"ly mov� p������� 
�om o�� �lu���� �o ��o����, 

u��	l w� $�� � ���	�
���o�y ���ul�. 

 

• L�� ��� ��� o
 "��� po	��� D �� h)4 , )G , i, )� j, w���� )	 P ()	4 , )	G  R⊆, i, )	�) 	� � v���o� 	� K  � , ��" � 	� ��� 

�um��� o
 "	m���	o��.  

• ��� �-m���� �l$o�	��m p���	�	o�� ��� $	v�� "��� 	��o � �lu�����I  

– -��� �lu���� ��� � �lu���� ������, ��ll�" �����o	". 

 – � 	� �p��	
	�" �y ��� u��� 

 

• G	v�� �, ��� �-m���� �l$o�	��m wo��� �� 
ollow�I 

4. 2�oo�� � (���"om) "��� po	��� (���"�) �o �� ��� 	�	�	�l �����o	"�, �lu���� �������  

G. A��	$� ���� "��� po	�� �o ��� �lo���� �����o	"  

3. R�-�ompu�� ��� �����o	"� u�	�$ ��� �u����� �lu���� m�m�����	p� 

6. 0
 � �o�v��$���� ��	���	o� 	� �o� m��, ��p��� ���p� G ��" 3 

• �o (o� m	�	mum) ��-���	$�m���� o
 "��� po	��� �o "	

����� �lu�����, o�  

• �o (o� m	�	mum) ����$� o
 �����o	"�, o�  

•  m	�	mum "������� 	� ��� �um o
 �*u���" ���o� (((-), 

 
 – 2A 	� ��� A�� �lu����,  

– mA 	� ��� �����o	" o
 �lu���� 2A (��� m��� v���o� o
 �ll ��� "��� po	��� 	� 2A ), 

 – "(), mA ) 	� ��� (-u�l�"	��) "	������ ���w��� "��� po	�� ) ��" �����o	" mA  

 

?-m���� �lu����	�$ �)�mpl�I  



 

 

 

 



 

 

 

 

 



 

 

 
 

97y use :Bmeans( 

• (����$���I  

– (	mpl�I ���y �o u�"������" ��" �o 	mpl�m��� 

– -

	�	���I �	m� �ompl�)	�yI .(���),  

w���� � 	� ��� �um��� o
 "��� po	���,  

� 	� ��� �um��� o
 �lu�����,  

 ��" � 	� ��� �um��� o
 	�����	o��. 

– (	��� �o�� � ��" � ��� �m�ll. �-m���� 	� �o��	"���" � l	���� �l$o�	��m. 
• ?-m���� 	� ��� mo�� popul�� �lu����	�$ �l$o�	��m.  

• No�� ����I 	� ���m	����� �� � lo��l op�	mum 	
 ((- 	� u��". ��� $lo��l op�	mum 	� ���" �o 
	�" "u� �o 

�ompl�)	�y. 

• ��� �l$o�	��m 	� o�ly �ppl	���l� 	
 ��� m��� 	� "�
	��". 

 – Do� ����$o�	��l "���, �-mo"� - ��� �����o	" 	� ��p�������" �y mo�� 
��*u��� v�lu��.  

• ��� u��� ���"� �o �p��	
y �.  
• ��� �l$o�	��m 	� ����	�	v� �o ou�l	��� 

– .u�l	��� ��� "��� po	��� ���� ��� v��y 
�� �w�y 
�om o���� "��� po	���. 

 – .u�l	��� �oul" �� ���o�� 	� ��� "��� ���o�"	�$ o� �om� �p��	�l "��� po	��� w	�� v��y "	

����� v�lu��. 

 



 

 

 
 

Dealing wit7 outliers 
• R�mov� �om� "��� po	��� ���� ��� mu�� 
u����� �w�y 
�om ��� �����o	"� ���� o���� "��� po	���  

– �o �� ��
�, w� m�y w��� �o mo�	�o� ����� po��	�l� ou�l	��� ov�� � 
�w 	�����	o�� ��" ���� "��	"� �o 

��mov� ���m.   

• 3��
o�m ���"om ��mpl	�$I �y ��oo�	�$ � �m�ll �u���� o
 ��� "��� po	���, ��� ������ o
 ��l���	�$ �� ou�l	�� 	� 

mu�� �m�ll��  

– A��	$� ��� ���� o
 ��� "��� po	��� �o ��� �lu����� �y "	������ o� �	m	l��	�y �omp��	�o�, o� 

�l���	
	���	o� 

 

:Bmeans summary 
• ��� �-m���� �l$o�	��m 	� �o� �u	���l� 
o� "	��ov��	�$ �lu����� ���� ��� �o� �yp��-�ll	p�o	"� (o� �yp��-

�p�����). 

• D��p	�� w���������, �-m���� 	� ��	ll ��� mo�� popul�� �l$o�	��m "u� �o 	�� �	mpl	�	�y ��" �

	�	���y. 

• No �l��� �v	"���� ���� ��y o���� �lu����	�$ �l$o�	��m p��
o�m� ������ 	� $�����l . 

• 2omp��	�$ "	

����� �lu����	�$ �l$o�	��m� 	� � "	

	�ul� ����. No o�� ��ow� ��� �o����� �lu�����k  

 

 

,ompetiti;e learning 



 

 

 
:o7onen Self 1rgani-ation 8aps *:BS18+ 
A selfBorgani-ing map (S18) 	� � �yp� o
 ���	
	�	�l ��u��l ���wo�� (ANN) ���� 	� ���	��" u�	�$ u��up��v	��" l����	�$ 

�o p�o"u�� � low-"	m���	o��l (�yp	��lly �wo-"	m���	o��l), "	�����	C�" ��p��������	o� o
 ��� 	�pu� �p��� o
 ��� 

���	�	�$ ��mpl��, ��ll�" � map, ��" 	� �����
o�� � m���o" �o "o "	m���	o��l	�y ��"u��	o�. (�l
-o�$��	C	�$ m�p� "	

�� 


�om o���� ���	
	�	�l ��u��l ���wo��� �� ���y �pply �omp��	�	v� l����	�$ �� oppo��" �o ���o�-�o�����	o� l����	�$ 

(�u�� �� ���� p�op�$��	o� w	�� $��"	��� "������), ��" 	� ��� ����� ���� ���y u�� � ��	$��ou� �oo" 
u���	o� �o 

p�����v� ��� �opolo$	��l p�op���	�� o
 ��� 	�pu� �p���. 

 
S18 w�� 	���o"u��" �y D	��	�� p�o
���o� ��uvo ?o�o��� 	� ��� 45&E� 	� �om��	m�� ��ll�" � :o7onen map. 

 

97at really 7appens in S18 ( 

-��� "��� po	�� 	� ��� "��� ��� ���o$�	C�� ���m��lv�� �y �omp����	�$ 
o� ��p��������	o�. (.1 m�pp	�$ ���p� ������ 


�om 	�	�	�l	C	�$ ��� w�	$�� v���o��. D�om ����� � ��mpl� v���o� 	� ��l����" ���"omly ��" ��� m�p o
 w�	$�� v���o�� 

	� �������" �o 
	�" w�	�� w�	$�� ���� ��p������� ���� ��mpl�. -��� w�	$�� v���o� ��� ��	$��o�	�$ w�	$��� ���� ��� 

�lo�� �o 	�. ��� w�	$�� ���� 	� ��o��� 	� ��w��"�" �y ��	�$ ��l� �o ���om� mo�� l	�� ���� ���"omly ��l����" ��mpl� 

v���o�. ��� ��	$��o�� o
 ���� w�	$�� ��� �l�o ��w��"�" �y ��	�$ ��l� �o ���om� mo�� l	�� ��� ��o��� ��mpl� v���o�. 

��	� �llow� ��� m�p �o $�ow ��" 
o�m "	

����� ���p��. 1o�� $�����lly, ���y 
o�m �*u���O������$ul��O��)�$o��lOL 

���p�� 	� GD 
���u�� �p���. 



 

 

 
67e Algorit7m: 

4. -��� �o"�’� w�	$��� ��� 	�	�	�l	C�". 

G. A v���o� 	� ��o��� �� ���"om 
�om ��� ��� o
 ���	�	�$ "���. 

3. -v��y �o"� 	� �)�m	��" �o ��l�ul��� w�	�� o��’� w�	$��� ��� mo�� l	�� ��� 	�pu� v���o�. ��� w	��	�$ �o"� 	� 

�ommo�ly ��ow� �� ��� Best 8atc7ing 4nit (;1N). 

6. ���� ��� ��	$��ou��oo" o
 ��� ;1N 	� ��l�ul���". ��� �mou�� o
 ��	$��o�� "�������� ov�� �	m�. 

F. ��� w	��	�$ w�	$�� 	� ��w��"�" w	�� ���om	�$ mo�� l	�� ��� ��mpl� v���o�. ��� �	$��o�� �l�o ���om� 

mo�� l	�� ��� ��mpl� v���o�. ��� �lo��� � �o"� 	� �o ��� ;1N, ��� mo�� 	�� w�	$��� $�� �l����" ��" ��� 


������ �w�y ��� ��	$��o� 	� 
�om ��� ;1N, ��� l��� 	� l�����. 

'. R�p��� ���p G 
o� N 	�����	o��. 

 

Best 8atc7ing 4nit 	� � �����	*u� w�	�� ��l�ul���� ��� "	������ 
�om ���� w�	$�� �o ��� ��mpl� v���o�, �y �u��	�$ 

���ou$� �ll w�	$�� v���o��. ��� w�	$�� w	�� ��� ��o����� "	������ 	� ��� w	����. ����� ��� �um��ou� w�y� �o 

"����m	�� ��� "	������, �ow�v��, ��� mo�� �ommo�ly u��" m���o" 	� ��� Euclidean Distance, and that’s what is 

used in the following implementation. 

 

 

 

He&&ian ;s. ,ompetiti;e learning 



 

 

 

 

A56 *ADAP60C3 53S1NAN,3 6H315Y+ N36915: : 
This ���wo�� w�� "�v�lop�" �y (��p��� G�o�����$ ��" G�	l 2��p����� 	� 45&\. 0� 	� ����" o� �omp��	�	o� ��" u��� 

u��up��v	��" l����	�$ mo"�l. A"�p�	v� R��o����� ���o�y (AR�) ���wo���, �� ��� ��m� �u$$����, 	� �lw�y� op�� �o 

��w l����	�$ (�"�p�	v�) w	��ou� lo�	�$ ��� ol" p������� (���o�����). ;��	��lly, AR� ���wo�� 	� � v���o� �l���	
	�� 

w�	�� ����p�� �� 	�pu� v���o� ��" �l���	
	�� 	� 	��o o�� o
 ��� ����$o�	�� "�p��"	�$ upo� w�	�� o
 ��� ��o��" p������ 

	� ����m�l�� ��� mo��. 

1perating Principal 
��� m�	� op����	o� o
 AR� �l���	
	���	o� ��� �� "	v	"�" 	��o ��� 
ollow	�$ p����� / 

• R��o$�	�	o� p���� / ��� 	�pu� v���o� 	� �omp���" w	�� ��� �l���	B��9o� p�������" �� �v��y �o"� 	� ��� 

ou�pu� l�y��. ��� ou�pu� o
 ��� ��u�o� ���om�� +4, 	
 	� ���� m������ w	�� ��� �l���	
	���	o� �ppl	�", 

o����w	�� 	� ���om�� +E,. 

• 2omp��	�o� p���� / 0� ��	� p����, � �omp��	�o� o
 ��� 	�pu� v���o� �o ��� �omp��	�o� l�y�� v���o� 	� "o��. 

��� �o�"	�	o� 
o� ����� 	� ���� ��� "�$��� o
 �	m	l��	�y woul" �� l��� ���� v	$	l���� p���m����. 

• (����� p���� / 0� ��	� p����, ��� ���wo�� w	ll ������ 
o� ����� �� w�ll �� ��� m���� "o�� 	� ��� ��ov� 

p�����.  ����, 	
 ����� woul" �� �o ����� ��" ��� m���� 	� *u	�� $oo", ���� ��� �l���	
	���	o� 	� ov��. 

.����w	��, ��� p�o���� woul" �� ��p����" ��" ��� o���� ��o��" p������ mu�� �� ���� �o 
	�" ��� �o����� 

m����. 

Alassification: 

 AR� 	� o
 �wo �yp��- 

4. AR�4 

G. AR�G 

AR�4 	� "��	$��" 
o� �lu����	�$ �	���y v���o�� ��" AR�G 	� "��	$��" �o ����p� �o��	�uou�-v�lu�" v���o��. 

 

 daptive Resonance :heory1 ( R:1) 

It is a type of ART, which is designed to cluster binary vectors. We can understand about this with the architecture of 

it. 

Arc7itecture of A561 

It consists of the following two units − 

Computational Unit − It is made up of the following − 

• 0�pu� u�	� (D4 l�y��) / 0� 
u����� ��� ��� 
ollow	�$ �wo po��	o�� / 

o D4(�) l�y�� (0�pu� po��	o�) / 0� AR�4, ����� woul" �� �o p�o����	�$ 	� ��	� po�9o� ������ ���� ��v	�$ 

��� 	�pu� v���o�� o�ly. 0� 	� �o������" �o D4(�) l�y�� (	����
��� po��	o�). 

o D4(�) l�y�� (0����
��� po��	o�) / ��	� po��	o� �om�	��� ��� �	$��l 
�om ��� 	�pu� po��	o� w	�� ���� o
 

DG l�y��. D4(�) l�y�� 	� �o������" �o DG l�y�� ���ou$� �o��om up w�	$��� �	A ��" DG l�y�� 	� �o������" 

�o D4(�) l�y�� ���ou$� �op "ow� w�	$��� �A	. 

• 2lu���� N�	� (DG l�y��) / ��	� 	� � �omp��	�	v� l�y��. ��� u�	� ��v	�$ ��� l��$��� ��� 	�pu� 	� ��l����" �o l���� 

��� 	�pu� p������. ��� ���	v��	o� o
 �ll o���� �lu���� u�	� ��� ��� �o E. 



 

 

• R���� 1�����	�m / ��� wo�� o
 ��	� m�����	�m 	� ����" upo� ��� �	m	l��	�y ���w��� ��� �op-"ow� w�	$�� 

��" ��� 	�pu� v���o�. Now, 	
 ��� "�$��� o
 ��	� �	m	l��	�y 	� l��� ���� ��� v	$	l���� p���m����, ���� ��� 

�lu���� 	� �o� �llow�" �o l���� ��� p������ ��" � ���� woul" ��pp��. 

(uppl�m��� N�	� / ���u�lly ��� 	��u� w	�� R���� m�����	�m 	� ���� ��� l�y�� DG mu�� ��v� �o �� 	��	�	��" u�"�� 

�����	� �o�"	�	o�� ��" mu�� �l�o �� �v�	l��l� w��� �om� l����	�$ ��pp���. ���� 	� w�y �wo �uppl�m����l u�	�� 

��m�ly, G4 ��" GG 	� �""�" �lo�$ w	�� ����� u�	�, R. ���y ��� ��ll�" $�	� �o���ol u�	��. ����� u�	�� ����	v� ��" ���" 

�	$��l� �o ��� o���� u�	�� p������ 	� ��� ���wo��. ‘Q’ 	�"	����� �� �)�	���o�y �	$��l, w�	l� ‘/’ 	�"	����� �� 	��	�	�o�y 

�	$��l. 

 
3���m����� N��" 

Dollow	�$ p���m����� ��� u��" / 

• n / Num��� o
 �ompo����� 	� ��� 	�pu� v���o� 

• m / 1�)	mum �um��� o
 �lu����� ���� ��� �� 
o�m�" 

• &iI / W�	$�� 
�om D4(�) �o DG l�y��, 	.�. �o��om-up w�	$��� 

• tIi / W�	$�� 
�om DG �o D4(�) l�y��, 	.�. �op-"ow� w�	$��� 

• T / H	$	l���� p���m���� 

• UUxUU / No�m o
 v���o� ) 

 

Algorit7m 

Step 0: 0�	�	�l	C� ��� p���m�����I lf4 ��" E<m<P4 

 0�	�	�l	C� ��� w�	$���I E<�	A(E)<lOl-4Q� ��" �	A(E)P4 

Step 1: 3��
o�m ���p� G �o 43 w��� ��opp	�$ �o�"	�	o� 	� 
�l��. 

Step  : 3��
o�m ���p� 3 �o 4G 
o� ���� o
 ��� ���	�	�$ 	�pu�. 

Step 3: (�� ���	v��	o� o
 �ll DG u�	�� �o C��o. (�� ��� ���	v��	o� o
 D4(�) u�	�� �o 	�pu� v���o��. 

Step 4: 2�l�ul��� ��� �o�m o
 �I __�__P n�	 

Step 5: (��" 	�pu� �	$��l 
�om D4(�) l�y�� �o D4(�) l�y��I )	P�	 

Step 6: Do� ���� DG �o"� ���� 	� �o� 	��	�	��", ��� 
ollow	�$ �ul� ��oul" �ol"I 0
 yA �o�P-4, ���� yAP  n�	A.)	 

Step 7: 3��
o�m ���p & �o 44 w��� ����� 	� ��u�. 

Step 8: D	�" X 
o� yXfPyA 
o� �ll �o"��. 0
 yX P-4, ���� �ll ��� �o"�� ��� 	��	�	��" ��" ��	� p������ ����o� �� 

�lu�����". 

Step 9: R���l�ul��� ���	v��	o� K o
 D4(�)I )	 P �	.�X	 

Step 10: 2�l�ul��� ��� �o�m o
 v���o� )I __)__Pn)	 

Step 11: ���� 
o� ����� �o�"	�	o�. 

0
 __)__O__�__<m, ���� 	��	�	� �o"� X, yXP -4.$o �o ���p \ �$�	�. 

-l�� 	
 __)__O__�__fPm, ���� p�o���" �o ��� ��)� ���p. 

Step 1 : 3��
o�m w�	$�� up"��	o� 
o� �o"� XI �	X(��w)Pl)	 O l-4Q__)__ ��" �X	(��w)P)	 

Step 13: ���� 
o� ��opp	�$ �o�"	�	o�. ��� 
ollow	�$ m�y �� ��opp	�$ �o�"	�	o��I 

	).�o ����$� 	� w�	$��� 

		).�o ����� o
 u�	�� 



 

 

			).m�)	mum �um��� o
 �po��� ������". 

 

-)�mpl�I 

 
 

 

 

 



 

 

 
 

A"�p�	v� R��o����� ���o�y ��� ��� �� ����$o�	C�" 	��o ��� 
ollow	�$I  

4. AR�4 – D�
�ul� AR� ����	����u��. 2�� ���"l� "	������ (�	���y) 	�pu�.  

G. AR�G – A� �)����	o� o
 AR�4. 2�� ���"l� �o��	�uou� 	�pu�. 

3. DuCCy AR� – 0���o"u��� 
uCCy lo$	� w��� 
o�m	�$ ��� �ypo����	�.  

6. AR�1A3 – A� AR� ���wo�� w���� o�� AR� mo"ul� ����mp�� �o l���� ����" o

 o
 ��o���� AR� mo"ul�. 0� � 

�����, ��	� 	� �up��v	��" l����	�$. 

F. DAR�1A3 – A� AR�1A3 ����	����u�� w	�� DuCCy lo$	� 	��lu"�". 
 

 daptive Resonance :heory 2: 
AR�G 	� 
o� �o��	�uou�-v�lu�" 	�pu� v���o��. 0� AR�G ���wo�� �ompl�)	�y 	� �	$��� ���� AR�4 ���wo�� ����u�� mu�� 

p�o����	�$ � ���"�" 	� D4 l�y��.AR�G ���wo�� w�� "��	$��" �o ��l
-o�$��	C� ���o$�	�	o� ����$o�	�� 
o� ���lo$ �� w�ll 

�� �	���y 	�pu� ��*u�����. ��� �o��	�uou�-v�lu�" 	�pu�� p�������" �o ��� AR�G ���wo�� m�y �� o
 �wo 
o�m�-��� 


	��� 
o�m 	� � +�o	�y �	���y, �	$��l 
o�m ��" ��� ���o�" 
o�m o
 "��� 	� +��uly �o��	�uou�,. 

 

 

��� m�Ao� "	

������ ���w��� AR�4 ��" AR�G ���wo�� 	� ��� 	�pu� l�y��. A �����-l�y�� 
��"���� �y���m 	� ��� 	�pu� 

l�y�� o
 A��G ���wo�� 	� ��*u	��" I� �o��om l�y�� w���� ��� 	�pu� p������� ��� ���" 	�, � �op l�y�� w���� 	�pu�� 

�om	�$ 
�om ��� ou�pu� l�y�� ��� ���" 	� ��" � m	""l� l�y�� w���� ��� �op ��" �o��om p������� ��� �om�	��" 

�o$����� �o 
o�m � m�����" p������ w�	�� 	� ���� 
�" ���� �o ��� �op ��" �o��om 	�pu� l�y���. 

ART0 Architecture: 

In ART2 architecture F1 layer consist of six types of units-W, X, U, V, P, Q- and there are n unit of each type.The 

supplemental unit “N” between units W and X receives signals from all “W” units, computes the norm of vector w 

and sends this signal to each of the X units. Similarly there exit supplemental units between U and V, and P and Q, 

performing same operation as done between W an X. The connection between Pi f the F1 layer and Yj of the F2 layer 

show the weighted interconnections, which multiplies the signal transmitted over those paths. 

The operation performed in F2 layer are same for both ART1 and ART2. 



 

 

 
 

Training Algorithm for ART0 network: 

Step 0: Initialize the parameters :a, b, c, d, e, α, ρ, θ. Also specify the number of �po��� o
 ���	�	�$(��p) 

��" �um��� o
 l���	�$ 	�����	o��(�	�). 

Step 1: 3��
o�m ���p G �o 4G (��p) �	m��. 

Step  : 3��
o�m ���p� 3 �o 44 
o� ���� 	�pu� v���o� �. 

Step 3: Np"��� D4 u�	� ���	v��	o��I 

u	PE  U w	P�	U 3	PEU *	PEU v	P
()	)U 

)	P�	 O �Q__�__ 

Np"��� D4 u�	� ���	v��	o� �$�	�I 

u	Pv	 O �Q__v__U w	P�	Q�.u	U 

3	Pu	U )	Pw	 O �Q__w__U 

*	Pp	 O �Q __p__U v	P 
()	) Q �.
(*	) 

0�  AR�G  ���wo���, �o�m� ��� ��l�ul���" �� ��� �*u��� �oo� o
 ��� �um o
 ��� �*u���� o
 ��� ���p���	v� 

v�lu��. 

Step 4: 2�l�ul��� �	$��l� �o DG u�	��I yAPn�	A.3	 

Step 5: 3��
o�m ���p� ' ��" \ w��� ����� 	� ��u�. 

Step 6: D	�" DG u�	� LA w	�� l��$��� �	$��l( X 	� "�
	��" �u�� ���� yAfPyA, AP4 �o m). 

Step 7: 2���� 
o� �����I 

 u	Pv	 O � Q __v__U  3	Pu	 Q ".�X	U  �	Pu	 Q �.3	 O �Q__u__Q�__p__ 

0
 __�__ < (m-�), ���� yX P-4(	��	�	� X).R���� 	� ��u�U p��
o�m ���p F. 

0
 __�__ fP  (m-�), ���� w	P�	Q�.u	U  )	Pw	 O �Q__w__U  *	Pp	 O �Q__p__U  v	P
()	)Q�.
(*	) 

R���� 	� 
�l��. 3�o���" �o ���p &. 

Step 8: 3��
o�m ���p� 5 �o 44 
o� �p��	
	�" �um��� o
 l����	�$ 	�����	o��. 

Step 9: Np"��� ��� w�	$��� 
o� w	��	�$ u�	� XI 

�X	Pl.".u	 Q hS4Ql."("-4)Tj�X	 

�	XP l.".u	 Q hS4Ql."("-4)Tj�	X 

Step 10: Np"��� D4 ���	v��	o��I 

u	-v	 O �Q __v__U  w	P�	Q�.u	U 

3	Pu	Q".�X	U  )	Pw	 O �Q__w__U 

*	P3	 O �Q__p__U  v	P
()	)Q�.
(*	) 

Step 11: 2���� 
o� ��� ��opp	�$ �o�"	�	o� o
 w�	$�� up"��	o�. 



 

 

Step 1 : 2���� 
o� ��� ��opp	�$ �o�"	�	o� 
o� �um��� o
 �po���. 

 

Hopfield Neural Networ)s 
 op
	�l" ��u��l ���wo��� ��p������ � ��w ��u��l �ompu���	o��l p���"	$m �y 	mpl�m���	�$ �� �u�o ���o�	��	v� 

m�mo�y. ���y ��� ���u����� o� 
ully 	�����o������" ��u��l ���wo���. ����� ��� �wo v���	o�� o
  op
	�l" ��u��l 

���wo���I 	� ��� �	���y v���	o� �ll ��u�o�� ��� �o������" �o ���� o���� �u� ����� 	� �o �o�����	o� 
�om � ��u�o� �o 

	���l
, ��" 	� ��� �o��	�uou� ���� �ll �o�����	o�� 	��lu"	�$ ��l
-�o�����	o�� ��� �llow�". 

 

A p������, 	� N-�o"�  op
	�l" ��u��l ���wo�� p��l����, 	� �� N-"	m���	o��l v���o� pPSp4,pG,i,pNT 
�om ��� �p��� 

 . A �p��	�l �u���� o
 3 ��p������� ��� ��� o
 ��o��" o� ��
������ p�������  

, w���� . ���  op
	�l" ��� ���o�	���� � v���o� 


�om 3 w	�� � �����	� ��o��" (��
������) p������ 	� -. ��� ��u��l ��� �pl	�� ��� �	���y �p��� 3 	��o �l����� w�o�� 

m�m���� ���� 	� �om� w�y �	m	l��	�y �o ��� ��
������ p������ ���� ��p������� ��� �l���. ���  op
	�l" ���wo�� 
	�"� 

� ��o�" �ppl	���	o� ���� 	� 	m�$� ����o���	o� ��" ��$m�����	o�. 

 

A� �l���"y �����" 	� ��� 0���o"u��	o�, ��u��l ���wo��� ��v� 
ou� �ommo� �ompo�����. 

Do� ���  op
	�l" ��� w� ��v� ��� 
ollow	�$I 

N�u�o��I ���  op
	�l" ���wo�� ��� � 
	�	�� ��� o
 ��u�o�� )(	),4q	qN, w�	�� ���v� �� p�o����	�$ u�	��. -��� ��u�o� 

��� � v�lu� (o� �����) �� �	m� � "����	��" �y )�(	). A ��u�o� 	� ���  op
	�l" ��� ��� o�� o
 ��� �wo ������, �	���� -4 o� 

Q4U ���� 	�, . 

 

(y��p�	� �o�����	o��I ��� l�����" 	�
o�m��	o� o
 � ��u��l ��� ���	"�� w	��	� ��� 	�����o�����	o�� ���w��� 	�� 

��u�o��. Do� ���� p�	� o
 ��u�o��, )(	) ��" )(A), ����� 	� � �o�����	o� w	A ��ll�" ��� �y��p�� ���w��� )(	) ��" )(A). ��� 

"��	$� o
 ���  op
	�l" ��� ��*u	��� ���� w	APwA	 ��" w		PE. D	$u�� \.4F� 	llu������� � �����-�o"� ���wo��. 

 
 (�)  op
	�l" ��u��l ���wo�� ��" (�) p�op�$��	o� �ul� ��" ���	v��	o� 
u���	o� 
o� ���  op
	�l" ���wo��. 

 

Propagation ruleI ��	� "�
	��� �ow ������ ��" �y��p��� 	�
lu���� ��� 	�pu� o
 � ��u�o�. ��� p�op�$��	o� �ul� 

  	� "�
	��" �y 

  
 

 	� ��� �)�����lly �ppl	�" �	�� �o ��� ��u�o�. 

Acti;ation functionI ��� ���	v��	o� 
u���	o� 
 "����m	��� ��� ��)� ����� o
 ��� ��u�o� )�Q4(	) ����" o� ��� 

v�lu� r�(	) �ompu��" �y ��� p�op�$��	o� �ul� ��" ��� �u����� v�lu� . D	$u�� � 	llu������� ��	� 
���. 

��� ���	v��	o� 
u���	o� 
o� ���  op
	�l" ��� 	� ��� ���" l	m	��� "�
	��" ����I 

 



 

 

��� ���wo�� l����� p������� ���� ��� N-"	m���	o��l v���o�� 
�om ��� �p���  . 

L��  "�
	�� ��� ��� �)�mpl�� p������ w���� 4q�q?. ��� "	m���	o��l	�y o
 ��� p������ 

�p��� 	� ��
l����" 	� ��� �um��� o
 �o"�� 	� ��� ���, �u�� ���� ��� ��� w	ll ��v� N �o"�� )(4),)(G),i,)(N). 

 

��� ���	�	�$ �l$o�	��m o
 ���  op
	�l" ��u��l ���wo�� 	� �	mpl� ��" 	� ou�l	��" ��lowI 

4.  .earning: A��	$� w�	$��� w	A �o ��� �y��p�	� �o�����	o��I 

 

?��p 	� m	�" ���� , �o 	� 	� ��������y �o p��
o�m ��� p����"	�$ �ompu���	o� o�ly 
o� 	<A. 

 

G. 0nitiali-ationI D��w �� u���ow� p������. ��� p������ �o �� l�����" 	� �ow p�������" �o ��� ���. 

0
 pPSp4,pG,i,pNT 	� ��� u���ow� p������, ��� 

 
 

3. Adaptation: 0������ u��	l �o�v��$����. N�	�$ ��� p�op�$��	o� �ul� ��" ��� ���	v��	o� 
u���	o� w� $�� 
o� ��� ��)� 

�����, 

 
��	� p�o���� ��oul" �� �o��	�u�" u��	l ��y 
u����� 	�����	o� w	ll p�o"u�� �o ����� ����$� �� ��y �o"�. 

 

6. ,ontinuation: Do� l����	�$ � ��w p������, ��p��� ���p� G ��" 3. 

0� ���� o
 ��� �o��	�uou� v���	o� o
 ���  op
	�l" ��u��l ���wo��, w� ��v� �o �o��	"�� ��u��l ��l
-

�o�����	o�� w	AsE ��" ��oo�� �� �� ���	v��	o� 
u���	o� � �	$mo	" 
u���	o�. W	�� ����� ��w �"Au��m����, ��� ���	�	�$ 

�l$o�	��m op������ 	� ��� ��m� w�y. 

 

��� �o�v��$���� p�op���y o
  op
	�l"’� ���wo�� "�p��"� o� ��� ���u��u�� o
 W (��� m���	) w	�� �l�m���� w	A) ��" 

��� up"��	�$ mo"�. A� 	mpo����� p�op���y o
 ���  op
	�l" mo"�l 	� ���� 	
 	� op������ 	� � ��*u���	�l mo"� ��" W 	� 

�ymm���	� w	�� �o���$��	v� "	�$o��l �l�m����, ���� ��� ����$y 
u���	o� 

 
	� �o�	������	�$ . ��� ���wo�� �lw�y� �o�v��$�� �o � 
	)�" po	��. 

 

 op
	�l" ��u��l ���wo��� ��� �ppl	�" �o �olv� m��y op�	m	C��	o� p�o�l�m�. 0� m�"	��l 	m�$� p�o����	�$, ���y ��� 

�ppl	�" 	� ��� �o��	�uou� mo"� �o 	m�$� ����o���	o�, ��" 	� ��� �	���y mo"� �o 	m�$� ��$m�����	o� ��" �ou�"��y 

"�����	o�. 

 

��� ����ll p�o���� ��� �� o�$��	C�" 	� ��� 
ollow	�$ mo"��I 

t A�y����o�ou� up"��	�$I -��� ��u�o� m�y ����$� 	�� ����� �� � ���"om mom��� w	�� ���p��� �o ��� o�����. 

t (y����o�ou� up"��	�$I All ��u�o�� ����$� ���	� ������ �	mul����ou�ly �� � $	v�� mom���. 

t (�*u���	�l up"��	�$I .�ly o�� ��u�o� ����$�� 	�� ����� �� ��y mom���U ��u� �ll ��u�o�� ����$� ���	� ������, �u� 

��*u���	�lly. 

 

97y Artificial Neural Networ)s( 



 

 

W� ���" �o u�"������" ��� ���w�� �o ��� ��ov� *u���	o� w	�� �� �)�mpl� o
 � �um�� ��	�$. A� � ��	l", w� u��" �o 

l���� ��� ��	�$� w	�� ��� ��lp o
 ou� �l"���, w�	�� 	��lu"�� ou� p������ o� ��������. ���� l���� �y ��l
-l����	�$ o� 

p����	�� w� ���p l����	�$ ���ou$�ou� ou� l	
�. (�	���	��� ��" ����������� ��� �l�o m��	�$ ��� m���	�� 	���ll	$���, 

Au�� l	�� � �um�� ��	�$, ��" ANN pl�y� � v��y 	mpo����� �ol� 	� ��� ��m� "u� �o ��� 
ollow	�$ ����o�� / 

• W	�� ��� ��lp o
 ��u��l ���wo���, w� ��� 
	�" ��� �olu�	o� o
 �u�� p�o�l�m� 
o� w�	�� �l$o�	��m	� m���o" 	� 

�)p���	v� o� "o�� �o� �)	��. 

• N�u��l ���wo��� ��� l���� �y �)�mpl�, ����� w� "o �o� ���" �o p�o$��m 	� �� mu�� �)����. 

• N�u��l ���wo��� ��v� ��� ���u���y ��" �	$�	
	����ly 
��� �p��" ���� �o�v���	o��l �p��". 

Areas of Application 

Dollow	�$� ��� �om� o
 ��� �����, w���� ANN 	� ��	�$ u��". 0� �u$$���� ���� ANN ��� �� 	����"	��	pl	���y �pp�o��� 	� 

	�� "�v�lopm��� ��" �ppl	���	o��. 

Speec7 5ecognition 

(p���� o��up	�� � p�om	���� �ol� 	� �um��-�um�� 	�������	o�. �����
o��, 	� 	� ���u��l 
o� p�opl� �o �)p��� �p���� 

	����
���� w	�� �ompu����. 0� ��� p������ ���, 
o� �ommu�	���	o� w	�� m���	���, �um��� ��	ll ���" �op�	��	����" 

l��$u�$�� w�	�� ��� "	

	�ul� �o l���� ��" u��. �o ���� ��	� �ommu�	���	o� ����	��, � �	mpl� �olu�	o� �oul" ��, 

�ommu�	���	o� 	� � �po��� l��$u�$� ���� 	� po��	�l� 
o� ��� m���	�� �o u�"������". 

G���� p�o$���� ��� ���� m�"� 	� ��	� 
	�l", �ow�v��, ��	ll �u�� �	�"� o
 �y���m� ��� 
��	�$ ��� p�o�l�m o
 l	m	��" 

vo���ul��y o� $��mm�� �lo�$ w	�� ��� 	��u� o
 �����	�	�$ o
 ��� �y���m 
o� "	

����� �p������ 	� "	

����� �o�"	�	o��. 

ANN 	� pl�y	�$ � m�Ao� �ol� 	� ��	� ����. Dollow	�$ ANN� ��v� ���� u��" 
o� �p���� ���o$�	�	o� / 

• 1ul�	l�y�� ���wo��� 

• 1ul�	l�y�� ���wo��� w	�� ���u����� �o�����	o�� 

• ?o�o��� ��l
-o�$��	C	�$ 
���u�� m�p 

��� mo�� u��
ul ���wo�� 
o� ��	� 	� ?o�o��� (�l
-.�$��	C	�$ 
���u�� m�p, w�	�� ��� 	�� 	�pu� �� ��o�� ��$m���� o
 

��� �p���� w�v�
o�m. 0� w	ll m�p ��� ��m� �	�" o
 p�o��m�� �� ��� ou�pu� ����y, ��ll�" 
���u�� �)�����	o� 

�����	*u�. A
��� �)�����	�$ ��� 
���u���, w	�� ��� ��lp o
 �om� ��ou��	� mo"�l� �� ����-��" p�o����	�$, 	� w	ll 

���o$�	C� ��� u��������. 

,7aracter 5ecognition 

0� 	� �� 	�������	�$ p�o�l�m w�	�� 
�ll� u�"�� ��� $�����l ���� o
 3������ R��o$�	�	o�. 1��y ��u��l ���wo��� ��v� 

���� "�v�lop�" 
o� �u�om��	� ���o$�	�	o� o
 ���"w�	���� ����������, �	���� l������ o� "	$	��. Dollow	�$ ��� �om� 

ANN� w�	�� ��v� ���� u��" 
o� ��������� ���o$�	�	o� / 

• 1ul�	l�y�� ��u��l ���wo��� �u�� �� ;���p�op�$��	o� ��u��l ���wo���. 

• N�o�o$�	��o� 

��ou$� ����-p�op�$��	o� ��u��l ���wo��� ��v� ��v���l �	""�� l�y���, ��� p������ o
 �o�����	o� 
�om o�� l�y�� �o 

��� ��)� 	� lo��l	C�". (	m	l��ly, ��o�o$�	��o� �l�o ��� ��v���l �	""�� l�y��� ��" 	�� ���	�	�$ 	� "o�� l�y�� �y l�y�� 
o� 

�u�� �	�" o
 �ppl	���	o��. 

Signature Cerification Application 

(	$���u��� ��� o�� o
 ��� mo�� u��
ul w�y� �o �u��o�	C� ��" �u�����	���� � p���o� 	� l�$�l ��������	o��. (	$���u�� 

v��	
	���	o� �����	*u� 	� � �o�-v	�	o� ����" �����	*u�. 

Do� ��	� �ppl	���	o�, ��� 
	��� �pp�o��� 	� �o �)����� ��� 
���u�� o� ������ ��� $�om���	��l 
���u�� ��� ��p������	�$ ��� 

�	$���u��. W	�� ����� 
���u�� ����, w� ��v� �o ���	� ��� ��u��l ���wo��� u�	�$ �� �

	�	��� ��u��l ���wo�� �l$o�	��m. 

��	� ���	��" ��u��l ���wo�� w	ll �l���	
y ��� �	$���u�� �� ��	�$ $��u	�� o� 
o�$�" u�"�� ��� v��	
	���	o� ���$�. 

Human /ace 5ecognition 

0� 	� o�� o
 ��� �	om���	� m���o"� �o 	"���	
y ��� $	v�� 
���. 0� 	� � �yp	��l ���� ����u�� o
 ��� ���������	C��	o� o
 

+�o�-
���, 	m�$��.  ow�v��, 	
 � ��u��l ���wo�� 	� w�ll ���	��", ���� 	� ��� �� "	v	"�" 	��o �wo �l����� ��m�ly 

	m�$�� ��v	�$ 
���� ��" 	m�$�� ���� "o �o� ��v� 
����. 

D	���, �ll ��� 	�pu� 	m�$�� mu�� �� p��p�o�����". ����, ��� "	m���	o��l	�y o
 ���� 	m�$� mu�� �� ��"u��". A�", �� 

l��� 	� mu�� �� �l���	
	�" u�	�$ ��u��l ���wo�� ���	�	�$ �l$o�	��m. Dollow	�$ ��u��l ���wo��� ��� u��" 
o� ���	�	�$ 

pu�po��� w	�� p��p�o�����" 	m�$� / 

• Dully-�o������" mul�	l�y�� 
��"-
o�w��" ��u��l ���wo�� ���	��" w	�� ��� ��lp o
 ����-p�op�$��	o� 

�l$o�	��m. 

• Do� "	m���	o��l	�y ��"u��	o�, 3�	��	p�l 2ompo���� A��ly�	� (32A) 	� u��". 

 


