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Lecture —24
Some Examples of Neural Networks (Contd.)
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Numerical Example

Figure below shows the schematic view of an NN consisting of three
layers, such as input, hidden and output layers. The neuron lying on the
input, hidden and output layers have the fransfer function represented

ef-eg™% . .
by y=xy= et e respectively. There are two inputs,
namely I;and I, and one output, that s, 0. The connecting welghts
between the input and hidden layers are represented by [V] and those
between hidden and output layers are denoted by [WI. The initial

values of the weights are assumed to be as follows:

Now, we are going to discuss, how to solve one numerical example related to the multi

layered the feed forward network.
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Now, here I am just going to show a small network. So, before | read this particular
statement, |1 am just going to show a small network. Now, this network is nothing, but
actually a three layered network, now on the input layer, we have got say 2 neurons, on
the hidden layer, we have got the 3 neurons, and on the output layer actually, we have

got 1 neuron.

So, this is nothing, but a 2-3-1 network. And, now, I am just going to show and | am just
going to state the problem. So, this is the schematic view of this multi layered feed
forward network and it consists of three layers like your input layer, hidden layer and
output layer. The neurons lying on the input, hidden and output layers have the transfer
functions represented by y=x on the input layer (that is a linear transfer function),

—, (this is nothing, but is your log sigmoid transfer function) and y = ex —eix
1+e e’ +e

y:

(this is nothing, but the tan sigmoid transfer function), respectively. There are two inputs:
I_1and I_2 and there is only one output, that is, O. The connecting weights between the
input and the hidden layers are denoted by V and that between the hidden and output
layers are denoted by the W.
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Using an jncremental mode of training for the case shown in the /
Table, calculate the changes in V (thatis, AV) and W (that is AW)
values during back-propagation of error, the [Earning rate 7 is
assumed to be equal to 0.2, Show only one iteration.

Now, the initial values for these particular connecting weights are shown here. Now,
here you can see that is v_11 is nothing, but your 0.2; that means, your the connecting
weights between the first input neuron and the first hidden neuron, that is, v_11 is 0.2.



Similarly, v_12 is 0.4, v_13 0.3, v_21 (that is between the second neuron lying on input
layer and the first neuron lying on the your the hidden layer) is nothing, but is your 0.1,
v_22is 0.6 and v_23 is nothing, but 0.5.

Now, similarly, the connecting weights between the hidden layer and output layer, that is
w_11 (that is the connecting weight between the first hidden neuron and the output
neuron) is 0.1. The connecting weight between the second hidden neuron and output
neuron, that is w_21 is 0.2, similarly, w_31 is equal to 0.1 and here, you have got a large
number of training scenarios and out of all the training scenarios, supposing that say I am

just going to show only one.

Now, the training scenario is something like this, if I_1is 0.5 and I_2 is minus 0.4, then
the target output is nothing, but 0.15, now we are going to use the incremental mode of
training and using this incremental mode of training, we are going to find out, what
should be the modified value for this V and the modified value for this particular your
the W.

So, our aim is to determine the changes in the values of V and W during this training and

we are going to consider the learning rate, that is, » is 0.2 and for simplicity, actually the

momentum constant that is «' has been taken to be equal to 0.0; that means, we did not
consider the momentum term. And, through hand calculations, we are going to show one
iteration of this particular network. Let us see how does it work. Now, before I go for so,
this particular solution let me once again look into this particular network. So, it is a very

simple network.



(Refer Slide Time: 05:37)

Input  Hidden Output
Layer Layer layer
\

So, what you do is, here we have got 2 inputs and 1 output, these are the connecting

weights, and here, we have got the transfer function like y=x and in the hidden layer

actually, I have got the log sigmoid transfer function, that is, y :1%. In output layer,
+e

X —X

we have got the tan sigmoid transfer function that is nothing, but y = ex €
e‘+e

—X "

And, this learning rate value we have assumed and the moment | pass say one set of
training scenario, | will be able to find out, what is the calculated output. Now, this
calculated output will be compared with the target and the error will be determined and
this error will be propagated back for the purpose of updating the connecting weights, so
that this particular network can predict the say the output for a set of inputs more
accurately.

Now, let us see, how to carry out so this particular calculations and how to find out the
change in V and your the change in W values in order to minimize the error in
prediction.
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Solution:

Forward Calculations:
The neurons of input layer have linear transfer function (y=x). Therefore, the
output of each input layer neuron is made equal to its corresponding input value.

/
forf: I3 0.5
.\'gz = Iu =\-0.4/~

The inputs of different neuronyf the hidden layer are calculated as follows:
Hp= fm_@+ fﬂ@z 0.06

H;z = ,Q]Un + ,“zvzz =-0.04 \/
Hpz = Igyviz + Igavp3 = -0.05_
-l

— —

Now, the way it has to be solved, | have already discussed, now let me repeat. So, what
we will you have to do is, in the input layer, we are using the linear transfer function of

the form y = x. So, output will be nothing but the input. Now, here the same symbol, |

am just going to use the same nomenclature, for example, say I_O1 is nothing, but the
output of the first neuron laying on the input layer, 1_I1, that is, your input of the first
neuron lying on the input layer is nothing, but 0.5, similarly, 1_O2 is nothing, but 1_I2 is

nothing, but is your minus 0.4.

So, these are nothing, but the outputs of this particular input layer, and once you have got
this particular output, now the respective outputs actually we are going to multiply by the
connecting weights and we can find out like what should be the input of the different
neurons lying in the hidden layer. For example, say H_I11 that is input of the first neuron
lying on the hidden layer is nothing, but 1_O1 multiplied by your v_11 plus I_O2
multiplied by v_21 and if you calculate, you will be getting 0.06. Now, similarly, this
H_12 is nothing, but 1_O1 multiplied by v_12 plus 1_O2 multiplied by v_22 and that is
nothing, but minus 0.04, and similarly, I can find out H_I3 that is nothing, but the input
of the 3rd neuron lying in the hidden layer and that is nothing, but I_O1 multiplied by
v_13 plus 1_O2 multiplied by v_23 and that is nothing, but minus 0.05. And, once you
got these particular inputs of the hidden neuron, now very easily, we can find out what

should be the corresponding output.
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The neurons of the hidden layer are assumed to have log-sigmoid transfer function
iy:@fhe outputs of different hidden neurons are determined like the following:

Here, we have got this particular transfer function, that is your the log sigmoid transfer

function and that is nothing, but y = 1% So, this particular x is actually I will have to
+e

put the input of the different hidden neurons. Now, this H, =1;_H and if you put
+e

this numerical value and solve there is a possibility that | will be getting this particular

the output.

Similarly, the output of the second neuron lying on the hidden layer using this particular
expression | can find out that is your 0.490001 and by following the same, I can also find
out what is H_O3, that is output of the 3rd neuron lying on this particular hidden layer
and this is nothing, but your 0.487503. So, this is the way, actually we can find out what

should be the outputs of your different hidden neurons.



Now, the input of the output neuron can be calculated as follows:

A
0” = Hﬂlwll 17 ngwm 1 "03ng 0.198249

———
As the output neuron has a tan-sigmoid transfer function, its output can be

determined like the following: W
195692 \)V

=0
e"u el

The squared error in prediction is found to be as follows:

1
£- i(ir{J ~091)*=0.001044

And, once you have got, this particular output, we can find out, what should be the input
of the neuron lying on the output layer. So, this O_I1 is the input of the first neuron lying
on the output layer, we have got only 1 neuron lying on this particular output layer. So,

O,; = HoW,, + Ho,w,, + Hoow, . And, if you insert the numerical values and calculate,

you will be getting this is nothing, but the calculated output of this particular network for
this set of inputs, and once you have got. So, | am sorry. So, this is nothing, but the input

of the neuron lying on the output layer.

So, if I know this particular input, | can find out what should be the output of this
particular neuron lying on the output layer and here, actually we have got the tan sigmoid
transfer function. And, for this tan sigmoid transfer function, this O_I1 is nothing, but
this the input of the neuron lying on output layer. So, | will be getting the calculated
output of the neuron lying on the output layer is nothing but this O_O1. Now, if you
know this calculated output so, very easily we can find out what is this error. So, this

error in prediction is nothing, E :%(ro —0,,)? and if you calculate, we will be getting

this as the error and based on this particular error, actually I will have to do the updating.
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Back-propagation Algorithm:

The change in wy; can be determined using the procedure below.
9/ n
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Now, let us see how to update. So, this particular connecting weight, that is your w_11,

now this w_11 is actually nothing, but is your this particular thing. So, this is your w_11.

So, I am just going to update it. So, I am just propagating back this particular error and I

am going to update this particular connecting weight (Refer Time: 13:55). Now, let us

see how to update this particular connecting weights. Now, to update the connecting

weights, we are using, in fact, the back propagation algorithm or the delta rule now
oE

according to this delta rule, the change in w_11; so, Aw,, =-n—.
11

Now, the partial derivative of E with respect to w_11 is nothing, but partial derivative of
E with respect to O_O1 multiplied by the partial derivative of O_O1 with respect to O_I1
multiplied by the partial derivative of O_I1 with respect to your w_11. Now, here, we
have already discussed like how to find out this partial derivatives, for example, say your
this partial derivative of E with respect to O_O1, very easily you can find out this
particular expression, then comes your this partial derivative of O_O1 with respect to
your O_11 and here, we have got actually the tan sigmoid transfer function.

X —X

e e o i
— . S0, very easily

Now, if you write down the expression for tan sigmoid. So, y=———
e“+e

actually, we can find out what is dy/dx, this | have already discussed. Now, if you find
out the dy/dx, then with a little bit of simplification so, you will be getting this particular
expression. So, this is nothing, but the partial derivative of O_0O1 with respect to O_I1 is



nothing, but this then partial derivative of O_I1 with respect to w_11 is nothing, but

H_0O1 and once you have got all the terms.
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Substituting the values of T, 0y, 0;1, Hyy in the last expression of = we get
o 0.022630
a“’u o k‘M)
Now, substituting the values nf — and 11 in the expression of Aw;, wek}t l:ﬁ )
Awyy {0.00452 »k’/ (j'@

Similarly, we can determine Aw;4 and Aws, and these are@ be as

follows:
Aw,; = —0.004306
Awyy = —0.004284~

So, now actually, what you can do is, we can multiply just to find out, what is this your
partial derivative of E with respect to your w_11 and we also put actually the numerical
value of the learning rate. And, once you have got this particular thing, very easily we
can find out, what should be this change in your w_11, that is change in w_11 is nothing,
but minus 0.004526 and once you have got it very easily you can find out your w_11

updated is nothing, but w_11 previous plus your Aw,, .

Now, this Aw,, we have already got. So, very easily, you can find out the updated value

for this w_11. Now, the same principle we are going to use for determining, what should
be the updated value or what should be the change in w_21. So, change in w_21 will be
minus 0.004306, then change in w_31 is nothing, but minus 0.004284. So, by using the

same principle, we can find out what should be the change in w values.
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The necessary change in v can be obtained as follows:

dE
Avyq = -1—
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And, once you have got, now, you will have to find out the change in v values. So, this
v_11 is nothing, but the connecting weights between the first neuron of the input layer
and the first neuron of this particular the hidden layer. So, Av, :—naav—E. Now, the
1
partial derivative of E with respect to this v_11 is nothing, but your partial derivative of
E with respect to O_I1 multiplied by the partial derivative of O_O1 with respect to O_I1.
Then comes your the partial derivative of O_I1 with respect to your H_O1. Then, partial
derivative of H_O1 with respect to H_I1, then partial derivative of H_I1 with respect
your v_11 and once again we are going to use the chain rule of differentiation. Now,
these partial derivative of E with respect your O_O1. So, I can find out this particular
expression, then comes your the partial derivative of O with respect to your O_I1 this we
have already seen. So, we can find out.
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expression nfa—E, we obtain
duyy

1 0.000549.

The next is your the partial derivative of O_I1 with respect to H_O1 is nothing, but
w_11, then partial derivative of H_O1 with respect to H_I1 is nothing, but e raise to the

power minus H_I1 divided by 1 plus e raise to the power minus H_I1 square. Now, this

is nothing, but is your the log sigmoid transfer function and it is of the form y = i
+e

And, we have already discussed that this particular derivative can be determined and
once you have got this particular derivative with a little bit of simplification, you will be
getting this particular expression and your the partial derivative of H_I1 with respect to
v_11 is nothing, but 1_O1 and once you have got all the expressions, now we can put
together and we can write down. So, this expression of partial derivative of E with
respect to v_11 and if you put all such numerical values in that particular expression; you
will be getting the partial derivative of E with respect to v_11 is nothing, but 0.000549.
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Now, substituting the values of —_— and 1, we get Avyy = =0 000110 N

T
Slmllarly, the values of fﬂ:’zh .m.'r'lz, ﬂvzz, ﬂl’w and ﬂl’zg are V I\l G
determined and found ta be as follows:

® )
vy, =0.000088. \%AW

Avyp = —0.000220

bvz, = 0.000176
Avy3 = —0.000110

1'.\1?23 =(0.000088 %

And, once you have got this very easily you can find out what is your Av,,. So, this Av,,
actually, we can find and once you have got this Av,,, now we can find out what should

be the updated value for this is your v_11 because v_11 updated once again is your

nothing, but v_11 previous plus your Av,,.

And, we can find out, what is this v_11 updated and once you have got by following the
same principle, we can find out like what should be your the change in v_21. Now, the
change in v_21 is something like this then change in v_12, change in v_22, change in

v_13 change in v_23. So, all such numerical values, we can find out.
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Therefore, the updated values of the weights are coming out to be as follows:
VAN oo w A7
[”11 V2 1’13]_ 0.199890 0.399780 0.299390}
Va1 Uz V3l 10.100088 0.600176 0.500088!)
e

— —

v & v s

Wir] [0.0954
[ﬁl = 'Q,l%ﬁ&&\
W31 10.095716

Now, actually, we are in a position to find out the updated values for this particular
network in one iteration , now if you see the updated values. So, the updated value for
this v_11 will become 0.199890. Similarly, the updated value for v_12 is nothing, but
this v_13 is nothing, but this, then comes your v_21 updated value is this, v_22 the
updated value is this and v_23 the updated value is something like this. And, | can also
find out the updated values for this w that is your w_11, the updated value will be
something like this, for w_21 the updated value will be something like this, and for w_31

the updated value for this something like this.

Now, once you have got the particular updated values and | am using say the incremental
mode of training. So, | can find out this updated values and using the updated values
once again, if | pass the same set of training scenario, there is a possibility that 1 will be
getting a slightly less error in prediction and supposing that I am running for say 10 or 20
iterations by following the same principle before | go back or before | start with the

second training scenario.

So, based on the first training scenario, let me update for 10 times or let me just run this
for say 10 times, 10 iterations, then we go for the second training scenario and repeat the
process. Then, you go for the third training scenario, you repeat the process and all the
training scenarios you pass one after another and at the end of each training passing each

training scenario, you update this particular network.



Now, if you follow this particular method, there is a possibility that you will be getting
one network, the optimal network or the near optimal network, after passing the 10-th
training scenario and whatever you got after passing the first training scenario, there
could be a lot of difference. So, these two networks could be different performance-wise
and if you follow this incremental mode of training, there is a possibility that you may

not get a very good generalization capability of this particular network.

The network may not be adaptive in nature and if it is not adaptive in nature, for the
unknown test scenario, this particular network may not work well. Particularly, if you
just go for the incremental mode of training, which is computationally very fast
compared to the batch mode of training, but its generalization capability may not be

sufficient.

Thank you.



