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I. INTRODUCTION 
The multilayer perceptrons feed forward network is 
composed of a hierarchy of processing unit or layers. That 
is organized in a series of two or more mutually exclusive 
sets of neurons or layers. The first input layer this layer 
serves as a holding site for the inputs that is applied to 
the neural network [3]. The last output layer is the point 
at which the overall mapping of the network input is 
available. The internal layer is hidden layer between 
these two extremes extend out zero or more layers. 

Everyone unit in the hidden layer and in the output layer 
processes its weighted input to produce an output. The 
input layer neurons are linked to hidden layer neurons. 
The weights on these links are referred to as input-hidden 
layer weights. The connections coming out of an input 
layer have weights associated with them. A weight going 
to hidden layer Dh from input layer Bj would be labeled 
whj. The hidden layer neurons and the corresponding 
weights are referred to as output-hidden layer weighted. 

A multilayer perceptrons feed forward neural network 
leaning capability follows of the constraints and 
assumptions of learning features [4]. The development of 
this algorithms  that is represent of fast learning of 
perceptrons training and perceptrons learning capability. 
The overall computation approach of this algorithm use 
for exploring the perceptrons training and learning 
capability in multilayer feed forward neural network [5]. 

 
II. MULTILAYER PERCEPTRONS FEED FORWARD NEURAL 
NETWORK 
A neural network consists of layers of interconnected 
artificial neurons. A neuron in a neural network is 
sometimes called units or layer, all these are 
interchangeable. A multilayer feed forward neural 
network is an interconnection of perceptrons in which 
data and calculations flow in a single direction, from the 
input data to the outputs. The number of layers in a 
neural network is the number of layers of perceptrons 
[6].  

The most common network structure we will deal with is 
a network with one layer of hidden units, so for the rest 
of these notes, we will make the assumption that we 
have exactly one layer of hidden units in addition to one 
layer of input units and one layer of output units [7]. This 
structure is called multilayer because it has a layer of 
processing units in addition to the output units. These 
networks are called feed-forward network because the 
output from one layer of neurons feeds forward into the 
next layer of neurons.  

There are never any backward connections, and 
connections never skip a layer.  Typically, the layers are 
fully connected, meaning that all units at one layer are 
connected with all units at the next layer [8]. So, this 
means that all input units are connected to all the units in 
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the layer of hidden units, and all the units in the hidden 
layer are connected to all the output units. 

Usually, determining the number of input units and 
output units is clear from application. However, 
determining the number of hidden units is a bit of an art 
form, and requires experimentation to determine the best 
number of hidden units. Too few hidden units will prevent 
the network from being able to learn the required 
function, because it will have too few degrees of freedom 
[9]. Too many hidden units may cause the network to 
tend to over fit the training data, thus reducing 
generalization accuracy. In many applications, some 
minimum number of hidden units is needed to learn the 
target function accurately, but extra hidden units above 
this number do not significantly affect the generalization 
accuracy, as long as cross validation techniques are used. 
Too many hidden units can also significantly increase the 
training time [10].  

Each connection between nodes has a weight associated 
with it. In addition, there is a special weight is w0 that 
feeds into every node at the hidden layer and a special 
weight is z0 that feeds into every node at the output 
layer. These weights are called the bias, and set the 
thresholding values for the nodes [11]. Initially, all of the 
weights are set to some small random values near zero. 
The training of our network will adjust these weights 
using the learning capability algorithm that we will 
describe so that the output generated by the network 
matches the correct output. 

 
Figure1.1: Multilayer Perceptrons Feed Forward Neural Network 

 

III. PERCEPTRONS PROCESSING AT THE LAYERS 
Everyone unit in the hidden layer and in the output layer 
processes its weighted input to produce an output. This 
can be done slightly differently at the hidden layer, 
compared to the output layer. These are working design 
figure as below. 

 

 

Figure 1.2: Perceptrons Processing at the Layers 
A. Input Layer 

The input data users provide for network comes through 
the input units. No processing takes place in an input 
layer it simply feeds data into the system. The input layer 
neurons are linked to hidden layer neurons [12]. The 
weights on these links are referred to as input-hidden 
layer weights. 

The value coming out of an input layer is labeled Bj, for j 
going from 1 to d, representing d input layer. There is also 
a special input layer labeled B0, which always has the 
value of 1. This is used to provide the bias to the hidden 
layer.    

B. Hidden Layer 
The connections coming out of an input layer have 
weights associated with them. A weight going to hidden 
layer Dh from input layer Bj would be labeled whj. The bias 
input layer, B0, is connected to the entire hidden layer, 
with weights wh0. In the training, these bias weights, wh0, 
are treated like all other weights [13], and are updated 
according to the perceptrons learning algorithm. 
Remember, the value coming out of B0 is always 1. 

Each hidden layer calculates the weighted sum of its 
inputs and applies a thresholding function to determine 
the output of the hidden layer [14]. The weighted sum of 
the inputs for hidden layer Dh is calculated as: 
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C. Output Layer 
The hidden layer neurons and the corresponding weights 
are referred to as output-hidden layer weighted [15]. We 
start out the same as we did with the hidden layer, 
calculating the weighted sum. We label the weights going 
into output layer i from hidden layer h as vih. Just like the 
input layer, we also have a bias at the hidden layer. So, 
each output layer has a bias input from hidden layer D0, 
where the input from D0 is always 1 and the weights 
associated with that input are trained just like all the 
other weights. 

So, output unit i compute the weighted sum of its inputs 
as: 

 
IV. CONSTRAINTS AND ASSUMPTIONS OF LEARNING 
A multilayer perceptrons feed forward neural network 
leaning capability depends on following features: 

• The types of input layer weight values and 
desired outputs 

• The underlying function of  layers to be realized 
• The allowable number of  neural network layers 
• The bound on the input number of  weight values 

in a layer 
• The allowable of activation function 

We should also consider the possibility that the mapping 
accuracy extend beyond static characterization of 
learning, in that derivatives of function to be 
approximated are also well approximated by the neural 
network [16].  
V. FAST LEARNING ALGORITHM OF PERCEPTRONS 
TRAINING 
This algorithm shows a fast learning process for 
perceptrons training, where weights are adjusted to 
curtail error whenever the output does not equal to the 
desired output of given input [17]. This algorithm will be 
complete in following steps.  

Step -1: If the output is accurate then no adjustment of 
weight is done. 

 

 

STEP-2:  If the output is one but should have been zero 
then the weight is down-ward or decreasing on the active 
input link.                       

            

STEP-3: If the output is zero but should have been one 
then the weight is up-ward or increasing on the active 
input link.                                                                                   

 
Where: 
Whj

K+1   is the new adjusted weight 
 W h j 

K   is the previous weight 
 Bi   is the input and ∞ is the learning rate parameter 
α small lead to slow and α large lead to fast learning 
VI. ALGORITHM FOR PERCEPTRONS LEARNING 
It will show the mathematical representation of 
multilayer perceptrons learning capability in neural 
network. 

STEP-1: Create a perceptrons with (n+1) input neurons I0, 
I1, I2................In   where I0 = 1 is the bias input. 

Let 0 be the output   neuron. 

STEP-2:  Initialize the weight W = (w0, w1, w2..........wn) to 
random weights. 

STEP-3:  Iterate through the input pattern Ij is the training 
set using the weight sets, as compute the weighted sum 
of the inputs net…. 
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For each input pattern is…. j. 
STEP-4: Compute output YJ   using the step-3 function. 

 

STEP-5:  Compare the computed output Yj with the target 
output Yj for each input pattern j. If all the input pattern 
has been classified in the approved manner, then output 
study the weight and exit. 

STEP 6:  Otherwise, update the weight as given below 

i.  If   the computed output Yj is 1 but should have 
been 0. 

ii. Then Wi = WI – α Ii  , i = 0,1,2,3........n                
iii.  If   the computed output Yj is 0 but should have 

been 1. 
iv.  Then Wi = Wi + α Ii  , i = 0,1,2,3........n 

Where:  

α is the learning factor and is constant. 

STEP 7:  Now go to step 3. 

STEP 8: Exit  

VII. CONCLUSION 
In this paper, we present a general multilayer 
perceptrons feed forward neural network algorithm for 
learning capability. In this paper, the multilayer 
perceptrons feed forward network is composed of a 
hierarchy of processing unit. A multilayer feed forward 
neural network is an interconnection of perceptrons in 
which data and calculations flow in a single direction, 
from the input data to the outputs. The number of layers 
in a neural network is the number of layers of 
perceptrons. Perceptrons processing completed with 

three layers as input, hidden and output layer. The 
multilayer perceptrons feed forward neural network 
leaning capability depends on features of constraints and 
assumptions of learning. That is represent of fast learning 
of perceptrons training and perceptrons learning 
capability. The overall computation approach of the 
algorithm use for exploring the perceptrons training and 
learning capability in multilayer feed forward neural 
network. 
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