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Supervised Learning in Neural Networks
(Part 2)

Multilayer neural networks (back-propagation training algorithm)

e The input signals are propagated in a forward direction on a layer-by-
layer basis.

e Learning in a multilayer network proceeds the same way as for a
perceptron.

e A training set of input patterns is presented to the network.

e The network computes its output pattern, and if there is an error - or in
other words a difference between actual and desired output patterns - the
weights are adjusted to reduce this error.

e In a back-propagation neural network, the learning algorithm has two
phases.

o First, a training input pattern is presented to the network input layer.
The network propagates the input pattern from layer to layer until the
output pattern is generated by the output layer.

o Second, if this pattern is different from the desired output, an error is
calculated and then propagated backwards through the network from
the output layer to the input layer. The weights are modified as the
error is propagated.
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The back-propagation training algorithm
e Backpropagation is a common method for training a neural network, the

goal of backpropagation is to optimize the weights so that the neural
network can learn how to correctly map arbitrary inputs to outputs.
Backpropagation method contains the following steps:

Step 1: ; set all the weights and threshold levels of the
network to random numbers uniformly distributed inside a range:
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Where Fj; is the total number of inputs of neuron i in the network.
Step 2: ; activate the back-propagation neural network by

applying inputs x1(p), x2(p), ..., Xp (P) and desired outputs

Va1(P), Ya2(P), -, Yan(p) (forward pass).
o Calculate the actual outputs of the neurons in the hidden layer:

F="1

v, (p) = sigrmoid [Z xf(p)-W.g(p)—ej]

Where n is the number of inputs of neuron j in the hidden layer.
o Calculate the actual outputs of the neurons in the output layer:

|.Vk(P) = sigrnoid |:Z X i CP) - Wiygk (P)—ekﬂ

J—
___

Where m is the number of inputs of neuron k in the output layer
Step 3: back-propagate
o Update the weights in the back-propagation network propagating
backward the errors associated with output neurons.
= Calculate the error gradient for the neurons in the output layer:

[5<(p) = v (P [ yi(p)]-ex(m]

Where
18 (P) = Yok (P)—yk(P)]

= Calculate the weight corrections:

[Awjk (P) =cr - y;(P)- 84 (P)]

= TUpdate the weights at the output neurons:
Wik (P+1) =w (p)+ Aij(P)I

o Calculate the error gradient for the neurons in the hidden layer:

/
S;(pP)=y;(pP)[1=y;(P)] > Sr(P) ij(p)l
=1
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= Calculate the weight corrections:

[Aw; (P)=oc-x;(P)-8;(p)]

= Update the weights at the hidden neurons:

[wi (p+1)=w; (p)+ Aw; (p) |

Step 4: ; increase iteration p by one, go back to Step 2 and repeat
the process until the selected error criterion is satisfied.
A Step by Step Backpropagation Example: Exclusive-OR.
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e The initial weights and threshold levels are set randomly as follows:
wiz = 0.5, w4 = 0.9, wy3 = 0.4, wyy = 1.0, w5 =-1.2, wys = 1.1,
03 - 0.8, 04 =-0.1 and 05 =0.3.
e We consider a training set where inputs x; and x; are equal to 1 and
desired output yq4,5 is 0.
e The actual outputs of neurons 3 and 4 in the hidden layer are calculated as

Y3 = Sigmoid (X W 3+ XoWoz—03) = 1/[1+ e—“'°-5+1'°-4—1'0-8)] ~0.5250
ya = Sigmid (X444 + XoWag —64) =1 /[1 ; e—("'0-9+"'1-0+1‘0-”] - 0.8808

Now the actual output of neuron 5 in the output layer is determined as:

1+ e—(—0.52501 .2+0.88081.1-10.3)

‘.‘/5 = Signoid(yawa5+ ygWys5—05) =1/ :0.509?‘

e Thus, the following error is obtained:

6= Yy5- Y5 =0-05097= 05097
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e The next step is weight training. To update the weights and threshold
levels in our network, we propagate the error, e, from the output layer
backward to the input layer.

e TFirst, we calculate the error gradient for neuron 5 in the output layer:

I(S\-3 = y¥5 (1— y5) e=0.5097-(1-0.5097)- (—-0.5097)=-0.1274

e Then we determine the weight corrections assuming that the learning rate
parameter, a, is equal to 0.1:

AWss — - V305 —0.1-0.5250 (_0.1274) — _0.0067
AWgs=or- V4 -85 =0.1-0.8808 (~0.1274) = —0.0112
AOs =t -(—1)-85 =0.1-(—1)-(—0.1274 = —0.0127

e Next we calculate the error gradients for neurons 3 and 4 in the hidden
layer:

83 = y3(1— y3) -85 - Was = 0.5250- (1—0.5250)- ( —0.1274)-(—1.2) = 0.0381
84=Ys(1— y4)-85- wys =0.8808 (1-0.8808) (—0.1274)-1.1=-0.0147

e We then determine the weight corrections:

AWjs =~ % -85 =0.1-1-0.0381= 0.0038
AWss = - X5 -85 = 0.1-1.0.0381= 0.0038

AOs =or-(—1)-85=0.1-(—1)-0.0381= -0.0038
AWjgs = - X -84 =0.1-1-(—-0.0147) = —0.0015
AWoy = - X5 -84 =0.1-1-(—0.0147) = —0.0015
AO4 =oc-(—1)-84 =0.1-(=1)-(—0.0147) = 0.0015

e At last, we update all weights and threshold:

wyz = wyz + Awy3 = 0.5+0.0038= 0.5038

Wyg = Wyg + Anyy = 0.9-0.0015=0.8985
Wog = Wog + AWz = 0.4+ 0.0038=0.4038
Woyq = Woy + Awsy =1.0—-0.0015=0.9985
Wag = Wag + Augs = —1.2—-0.0067 = —1.2067
W45 = Wys + Awys =1.1-0.0112=1.0888

0, =05,+A0,=08-0.0038=0.7962
0,4=6,4+A6, =-0.1+0.0015=-0.0985

05 =05 +A05;=0.3+0.0127=0.3127

e The training process is repeated until the sum of squared errors is less
than 0.001.
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. Sum-Squared Network Ei1ror for 224 Epochs
10 T T T

Sum-Squared Error
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e Final results of network learning:

Desired
output output squared

Y )3 e errors
0 0.0155 —-0.0155 0.0010
1 0.9849 0.0151
1 0.9849 0.0151
0 0.0175 —0.0175

e Network represented by McCulloch-Pitts model for solving the Exclusive-
OR operation.

X1

Y5
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e Decision boundaries

X2 X X2
x1+x2—1.5=0 | X1+ x2—05=0 |
1
X1 X1 X1
|0 x - o) 1
(c)

(a) (b)

(a) Decision boundary constructed by hidden neuron 3;
(b) Decision boundary constructed by hidden neuron 4;
(c) Decision boundaries constructed by complete network

1) “Local Minima’: This occurs because the algorithm always changes the
weights in such a way as to cause the error to decrease. But the error
might briefly have to increase, as shown in figure. If this is the case, the
algorithm will “gets stuck” and the error will not decrease further.

A

Network Local Minima
error

Global Minima - the
lowest error (the weight
value you really want to

find)

Weight

o Solutions to this problem:
* Reset the weights to different random numbers and train again.
* Add “momentum” to the weight correction: weight correction
depends not just on the current error, but also on previous changes,
For example
W' =W+Current change+(Change on previous iteration * constant)
Constant is < 1.

|Awj (p) = B-Awj (p—1)+0r- y;(p)-84(p)

0 < B < 1; Typically g = 0.95
This equation is called the generalized delta rule.
Learning with momentum for operation Exclusive-OR: 126 Epochs
2) Biological neurons do not work backward to adjust the synaptic weights,
so Backpropagation Algorithm can’t emulate brain-like learning.
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3) In Backpropagation Algorithm, calculations are extensive (fraining is

slow).

o Solutions to this problem:
= Use the sigmoidal activation function (hyperbolic tangent).

where a and b are constants.
* Include a momentum term.
= Adjust the learning rate parameter during training (not constant).
Learning with adaptive learning rate: 103 Epochs.
» Learning with momentum and adaptive learning rate: 85 Epochs.
e Many variations on the standard Backpropagation Algorithm have been
developed over the years to overcome such problems.



