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Name Geometrical Shape Mathematical Expression
root
. : (= (1 ifx=0
Hard Limit 0 otherwise
0 x
/(x)
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Bipolar Hard Limit 1ifx>0
Signum Function 0 f={0ifx=0
x -1ifx<0
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Sigmoid Function 0 f@x) = 1+e*
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Name Geometrical Shape Mathematical Expression
f(x)
1
. L,x__ -)
Hyperbolic Tangent - 5 . f(x) = tanhx = ex;_x
or X
Bipolar sigmoid / =
f(x)
Bipolar Hard Limit f(x)=x
Signum Function 0 -
f(x)

Rectified Linear Unit

f(x) = max(0,x)
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Error
o W =weights
: m » Output
e 7) = learning rate \"/
* y =actual output ncton functon”
e = predicted output

Perceptron rule.
e X =input feature vector
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O pu=0.3

O wy=-5, w,;=1, w,=1

Qo0=0 g 0(x)>0 =1 otherwise 0
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O w=-.5, w,=1, w,=1

Q net= w,x;+W,X, WX, = X;+X,-0.5
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Q net =w x,+W,X,+WX, = X, +X,-0.5= 0+0-0.5=-0.5
Q y,=06(net) = 6(-0.5)=0

O y,=y. correct
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U Update weight w=w. - u * x.
O w;=-0.5-0.3*1=-0.8 & w,=1-0.3*0=1 & w,=1-0.3*%1=0.7
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QO net =w x,+W,X,+tW X, = X,10.7x,-0.8= 1+0-0.8 =+0.2
Q y,;= 0(net) = 0(+0.2)= +1

Qy,l=vy, incorrect
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U Update weight w;=w, - u * x,
O w,=-0.8-0.3*1=-1.1 & w,=1-0.3*1=0.7 & w,=0.7-0.3*0=0.7
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MSE(p,y) = ;;m - po*
Binary Cross-Entropy Loss
BCE(p,y) = —[ylog(p) + (1 = y)log(1 — p)]

Categorical Cross-Entropy Loss

CCE(y) = ) yilog(®))
L
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Outputs of the Hidden Layer neurons:
netp = wy * iy +wy *i, + by
= 0.15+*0.05+ 0.2 « 0.1 + 0.35

Outm =
neth2=

Outh2=

0.3775

l —

1

1+e~=%

l+e—03775

W3*i1+W4*i2+bl
= 0.25+%0.05+4+ 0.3 +0.1 +0.35

0.3925

1

1+e~%

1 + e-0.3925

= 0.593

= 0.597
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“»#- Qutputs of the Hidden Layer neurons:
nety = Ws * Outy, + wg * outy, + b,
= 0.4 = 0.593 + 0.45 * 0.597 + 0.60
= 1.1

1
out,;= 7o 1+e-11- 0.75

nety= wy * outy, + wg * outy, + b,
= 0.5 * 0.593 + 0.55 * 0.597 + 0.60
= 1.22

1 1
out,,= 1Tex_ 17e122° 0.77

The neuron with the highest value determines the output.

0.593

0.75

0.77

b1.3 b2
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Erotar = MSE(p,y) = ;Z(}'i = F’f)g
=i

1
Etotar = E |(target,; — BUtul)z+(rﬂTgEtﬂz = Dutaz)z]

1
Eiotal = 3 [(0.01 — 0.75) + (0.99 — 0.77)*] = 0.298

b1 b2
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« Change in error with respect to the output:
Erotal = -2-[(target01 — out,, )?—(target,, — out,,)?]

dE¢otal

=24l = -
e 23 (target,, — out,y) *—=1+0

= (0.01 = 0.75) + —1 = 0.74

» Change in output with respect net input:
1

oUtor = T3 o
gn%:":- T [ R T Ay (PR p—— [23]
= 0.75(1 - 0.75) = 0.186 ) Fr o ) il

» Change in net input with respect to weight:
net,y = Ws * 0utyy + wg * outy, + b,

Imelot _ 1\ outrs +0+0 = 0.593
aws = 0“}11 = u.

» Change in error with respect to the weight:

ajmtal =0.74 «0.186 = 0.59 = 0.082
Wsg
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* To decrease the error, we then update the weight

* Assume the learning, g = 0.5
wd = wS — p«2Etetal — 04 _ 05 %0.082 = 0.358

6w5

Similarly, we get

wg = 0.408
wy = 0.511
we = 0.561
wi = 0.149
wi = 0.199
wi = 0.249
w} = 0.299

* Repeat this process until the desired accuracy is reached.

b1.35

b2 .60
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