
CS 4622: Machine Learning 
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Name:    Wijebandara WMNC 

Index Number:  100598M 

Question 1 
a) Let X1 = { 0, 1 } and X2 = { 0, 1 } 

 

i. AND gate ( Wb = -15, W1 = 10, W2 = 10 )  

 

Figure: AND Gate 

ii. OR gate ( Wb = -5, W1 = 10, W2 = 10 )  

 

Figure: OR Gate 
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iii. NAND gate ( Wb = 15, W1 = -10, W2 = -10 )  

 

Figure: NAND Gate 

 

b)  XOR Gate 

 

 

 

      

 

 

 

 

 

 

Figure: XOR Gate
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c)   

i. Linear separate can be no longer used with XOR function (teaching vectors of this 

function are shown below) 

 

X1 X2 Y 

0 0 0 

0 1 1 

1 0 1 

1 1 0 
 

Table: Set of teaching vectors of XOR function 

It means that it's not possible to find a line which separates data space to space with 

output signal - 0, and space with output signal - 1. Inside the oval area signal on output 

is '1'. Outside of this area, output signal equals '0'. It's not possible to make it by one 

line. 

 

 

Table: Data space of XOR function 

ii. The solution of this problem is an extension of the network in the way that one added 

neuron in the layer creates new network. Neurons in this network have weights that 

implement division of space as below:  

 



1) For 1st neuron 

Y1 = W11X1 + W12X2 + b1 > 0 

Y1 = W21X1 + W22X2 + b1 < 0 

 

2) For 2nd neuron 

Y2 = W21X1 + W22X2 + b2 > 0 

Y2 = W21X1 + W22X2 + b2 < 0 

 

The division should be like fallows. 

 

Figure: The way of implementation of XOR function by multilayer neural network 

 

After adding the next layer with neuron, it's possible to make logical sum. On the above 

finger we can see it as a common area of sets u1>0 and u2>0. 

Bellow we can shows full multilayer neural network structure that can implement XOR 

function. Each additional neuron makes possible to create linear division on ui>0 and 

ui<0 border that depends on neuron weights. Output layer is the layer that is 

combination of smaller areas in which was divided input area (by additional neuron). 



 

 

 

Figure:  Structure of a network that has ability to implement XOR function 

 

d) “Every time a perceptron makes a mistake, the perceptron learning procedure moves the 

current weight vector closer to all feasible weight vectors.” 

Statement is correct. 

Consider the squared distance between any feasible weight vector and the current weight 

vector 

When the perceptron makes a mistake, the movement of the weight vector will be along the 

direction of the input vector. This is because the input vector is added to subtract from the 

weight vector. 

When adding the large input vector, the weight vector may get further away from the correct 

weight vector shown in gold. The implication is that the algorithm doesn’t make the weight 

vector get close to some weight vectors such as the one shown by the gold point. 

Once we add the margin, the algorithm ensures that the weight vector gets closer to all the 

generously feasible weight vectors. This constitutes a smaller cone inside the larger cone of 

feasible solutions. The margin depends on the input vector size for each training example and 

thus varies based on the plane. 

So Every time the perceptron makes a mistake, the squared distance to all of these generously 

feasible weight vectors is always decreased by at least the squared length of the update vector. 

  



Question 2 
a) In the forward pass, the outputs are calculated based on the sigmoid function 

 

Figure:  sigmoid function 

Let neuron as N1 N2 and N3 

Let weights W1 = 0.1, W2 = 0.4, W3 = 0.4, W4 = 0.2, W5 = 0.2, W6 = 0.1  

 

Figure: A Multi-Layer Neural Network 

Output of the N1 neuron  = sigmoid (0.1 * 0.1 + 0.7 * 0.4)  

= sigmoid (0.29) 

= 0.57199 

Output of the N2 neuron = sigmoid (0.1 * 0.4 + 0.7 * 0.2)  

= sigmoid (0.18) 

= 0.54487 

Output of the N3 neuron = sigmoid (0.57199 * 0.2 + 0.544877 * 0.1)  

= sigmoid (0.16888) 

= 0.54211 

W1 = 0.1 

W2 = 0.4 

W3 = 0.4 

W4 = 0.2 

 

W5 = 0.2 

W6 = 0.1 

N1 

N2 

N3 



b)   

An error rate ∊ of 1 is used for all the calculations. 

For the final neuron; 

Actual output, t = 1 

Output of the neuron, y = 0.54211 

Output error  = - y * (1 - y) * (t - y) 

= - 0.54211 * (1 - 0.54211) * (1 - 0.54211)  

= - 0.11366 

 

Weight adjustment for weight Wi  = Xi * (-output error) 

Weight adjustment for W5   = 0.57199 * 0.11366 

     = 0.06501 

 

New value for W5    = 0.2 + 0.06501 

 = 0.26501 

Weight adjustment for W6   = 0.54487 * 0.11366 

     = 0.06192 

 

New value for W6    = 0.1 + 0.06192 

      = 0.16192 

 

 

Back propagated error for hidden neuron i connected to a {j} set of output neurons is given by, 

 

 

Figure: Back Propagation Error  



For the N1 neuron: 

Back propagated error    = - 0.57199 * (1 - 0.57199) * 0.26501 * 0.11366  

= - 0.0073741 

Weight adjustment for weight Wi  = Xi * (- Back propagated error) 

Weight adjustment for W1   = 0.0073741 * 0.1  

= 0.00073741 

New value for W1    = 0.1 + 0.00073741 

= 0.10073741 

Weight adjustment for W3   = 0.0073741 * 0.4  

= 0.00294964 

New value for W3    = 0.4 + 0.00294964 

= 0.40294964 

 

 

For the N2 neuron: 

Back propagated error    = - 0.54487 * (1 - 0.54487) * 0.16192 * 0.11366  

= - 0.0045639 

Weight adjustment for W2   = 0.0045639 * 0.4  

= 0.00182556 

New value for W2    = 0.4 + 0.00182556 

= 0.400182556 

Weight adjustment for W4   = 0.0045639 * 0.2  

= 0.00091278 

New value for W4    = 0.2 + 0.00091278 

     = 0.20091278 

  



c)    

i.  

 

Figure: Updated Multi-Layer Neural Network 

 

Output of the N1 neuron  = sigmoid (0.1 * 0.1007 + 0.7 * 0.4029)  

= sigmoid (0.2921) 

= 0.57251 

Output of the N2 neuron = sigmoid (0.1 * 0.4002 + 0.7 * 0.2009)  

= sigmoid (0.18065) 

= 0.54450 

Output of the N3 neuron = sigmoid (0.57251 * 0.2650 + 0.54450 * 0.1619)  

= sigmoid (0.2398697) 

= 0.559681 

  

W1 = 0.1007 

W2 = 0.4002 

W3 = 0.4029 

W4 = 0.2009 

 

W5 = 0.2650 

W6 = 0.1619 

N1 

N2 

N3 

 



ii.   

First iteration output for N3 neuron   = 0.54211 

Second iteration output for N3 neuron   = 0.559681 

The target value    = 1 

After one pass of the back propagation, N3 neuron output value is more close to the target 

value.  

 


