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Abstract 

In this research paper we have tried to explain the concept of artificial neural system . the methods needed by them to give prefect 
answers (learning rules). In this we have explained various learning method of neural networks supervised learning and 
unsupervised learning. General learning method  as a function of the incoming signals is discussed. Others learning rules such as 
hebbian learning , perceptron learning, delta learning, widrow- hoff learning,correlational learning, winner-Take-All learning 
outstar learning. 
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1. Introduction  
 
Artificial Neural Networks, also known as “Artificial neural nets”, “neural nets”, or ANN for short, are a 
computational tool modeled on the interconnection of the neuron in the nervous systems of the human brain and that 
of other organisms. Biological Neural Nets (BNN) are the naturally occurring equivalent of the ANN. Both BNN 
and ANN are network systems constructed from atomic components known as “neurons”. Artificial neural networks 
are very different from biological networks, although many of the concepts and characteristics of biological systems 
are faithfully reproduced in the artificial systems. 
 
1.1 Learning rule or Learning process is a method which improves the neural network's performance. It is done by 
updating the weights and bias level of a network after a network is stimulated in an environment. 
 

There are many types of Neural Network Learning Rules, they fall into two broad categories: supervised learning, 
and unsupervised learning. 
 
 
2. Supervised Learning 
 

In supervised learning we assume that at each instant of time when the input is applied, the desired 
response (d) of the system is provided by the teacher. This is illustrated in figure (1), the distance between the actual 
and the desired response serves as an error measure and is used to correct network parameter externally. For 
instance, in learning classifications of input patterns or situations with known responses, the error can be used to 
modify the weights so that the error decreases. This mode of learning is very pervasive. Also it is used in many 
situations of natural learning. A set of input and output patterns called training set is required for this learning mode 
. 
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                          Fig 1.1 Block diagram explaining the supervised learning  
 
 
 
3. Unsupervised Learning 
 

In unsupervised learning, the weights and biases are modified in response to network input only. There are 
no target outputs available. At first glance this might seem to be impractical. How can you train a network if you 
don’t know what is supposed to do? Most of these algorithms perform some kind of clustering operation. They learn 
to categorize the input patterns into a finite number of classes. This is useful in such applications such as vector 
quantization. 
 
Figure (1.2) shows the block diagram of unsupervised learning rule. In learning without supervision the desired 
response is not known; thus, explicit error information cannot be used to improve network behavior. Since no 
information is available as to correctness or incorrectness of responses, learning must somehow be accomplished 
based on observations of responses to inputs that we have marginal or no knowledge about. Unsupervised learning 
algorithms use patterns that are typically redundant raw data having no label regarding their class membership, or 
associations. In this mode of learning, a network must discover for itself any possibly existing patterns, regularities, 
separating properties, etc., while discovering these the network undergoes change in its parameters, unsupervised 
learning is sometimes called learning without teacher. This terminology is not the most appropriate because learning 
without a teacher is not possible at all. Although, the teacher does not have to be involved in every training step, he 
has to set goals even in an unsupervised learning mode. Learning with feedback, either from the teacher or from 
environment, however, is more typical for neural network. Such learning is called incremental and is usually 
performed in steps. The concept of feedback plays a central role in learning. 
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                        Fig1.2 Block diagram explanation of unsupervised learning 
 
3.1 The general algorithm of learning 
 

Neural networks have a different types and every type has its own learning rule. All the methods of 
learning have the same general algorithm, this algorithm mainly change the network parameters according to its 
learning rule to accommodate the network’s characteristics to its desired pattern. In general for the neuron I and its 
input j the weight vector Wi  = [ Wi1 Wi2 ……..Win]

t  increases in proportion to the product of input x and learning 
signal r. The learning signal r is in general a function of  Wi , X and sometimes of the teacher’s signal di . We thus 
have for the network shown in fig(1.3):  
 

       
                        Fig 1.3 Neural Network learning algorithm 
                            
                                r = f(Wi,X,di )………………………(1) 
  
 
 
                     The increment of the weight vector Wi produced by the learning step at time t according to the general 
learning rule is 
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                 ∆W i (t) = cr[ W i ( t ) , x ( t ),d i ( t )] x( t )……………….(2) 
 
Where c is a positive number called the learning constant that determines the rate of learning. The weight vector 
adapted at time t becomes at the next instant, or learning step, 
  
            Wi ( t+1 ) = Wi + cr[W i  ( t ),x ( t ), d i ( t )] x( t )…………………..(3) 
 
The superscript convention will be used in this text to index the discerete-time training steps as in equ. (3). For the 
k’th step we thus have from (18) using this convention.  
 
                       W i 

k+1 = w i 
k +cr [ W i 

k ,x k , d i 
k )x k .........................(4) 

 
The learning in (18,19) assumes the form of a sequence of discrete- time weight modifications. Continuous-time 
learning can be expressed as : 
 
                 dw i ( t ) 
                 –———   = crx ( t )…………………………….(5) 
                  d ( t) 
 
 
3.2 Delta learning rule  
 

The Delta learning rule is valid for continuos activation functions, and in the supervised training mode. 
The learning signal for this rule is called delta and is defined as follows: 
                        
                            R [d i – f ( Wi 

t  X)] f ‘ (W i 
t  X )...........(6) 

 
The term f ’ W i 

t( X ) is the derivative of the activation function f(net) computed for net=Wi
t X. Calculating the 

gradient vector with respect to of the square error defined as  
                           E 0.5 ( d – oi )2…………………………..(7) 
Which is equivalent to  
 
                            E = 0.5 [ d i –f(W i 

t X )] 2 ..............................(8) 
                       
We Obtain the error gradient vector are 
                                   E = - (d  i – o  i ) f '(Wi

t X)X ....................(9) 
 
The component of the gradient vector are 
                 ðE / ð Wij  = -d( d i – o  i ) f ' (Wi

t  X ) X i ..................................(10) 
 
Since the minimization of the error requires the weight changes  to be in the negative gradient direction, we take 
 
                                            ∆Wi = –c Ε ........................................(11) 
 
Where η is a positive constant. We then obtain from equations. 
 
                              ∆wi = c ( di − oi ) f ’ ( neti )x .....................(12) 
 
Οr, for the single weight the adjustment becomes 
 
                                    ∆wij=c(di-oi) f ’( neti ) xj ....................(13) 
 
Νote that the weight adjustment as in equation is computed based on minimization of the squared error. 
considering the use of the general learning 
rule and plugging in the learning signal as defined in equation , the weight adjustment becomes 
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                           ∆wi  = c(di - oi)  f’ ( neti ) xj ...................(14) 
 
 
 
Science c has been assumed to be arbitrary constant. The weights are initialized at any values for this method of 
training. The delta rules was introduced only recently for neural networks training (McClelland and Rumelhart 
1986). this rule parallels the discrete perceptron training rule. It also can be called the continuous 
perceptron training   rule. it also can be called the continuous perceptron training rule. The delta learning rule 
can be generalized for multilayer networks. 
 
 
3.3 Outstar Learning Rule 
 

In the outstar learning rule, it is required that weights connected to a certain node should be equal to the 
desired outputs for the neurons connected through those weights 
                         wij = c(dj −wij ) (18) 
                                 
where  
       dj is the desired neuron output 
      c is the small learning constant, which further decreases during the learning procedure 
 
This is the supervised training procedure, because desired outputs must be known. Both instar and outstar learning 
rules were proposed by Grossberg.[4] 
 
3.4 Correlational Learning Rule  
 

The correlation learning rule is based on a similar principle as the Hebbian learning rule. It assumes that 
weights between simultaneously responding neurons should be largely 
positive, and weights between neurons with opposite reaction should be largely negative. Mathematically, this can 
be written that weights should be proportional to the product of states of connected neurons. In contrary to the 
Hebbian rule, the correlation rule is the supervised training. Instead of actual response, the desired response is used 
for weight change calculation 
                          ∆ w ij = c x i d j………………………….(19) 
 
This training algorithm starts usually with initialization of weights to zero values.[5] 
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