Neural network problems



Outline

1. Single-layer perceptron
a) Using perceptron learning algorithm
b) Using delta rule

2. Single-layer perceptron with multiple outputs



1. Single-layer perceptron




1. Single-layer perceptron

* Before using SLP, make sure the data is linearly separable
 Visualize the data (not possible for more than 2 features)



1. Single-layer perceptron

* Visualization example (2 features)
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1. Single-layer perceptron

* Visualization example (2 features)

X2
“n— 1 Linearly separable: We
2 3 0 can use SLP
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1. Single-layer perceptron

* Visualization example (2 features)

x2 Non-linearly separable:
ENENEN “ We can NOT use SLP
2 3 0 O
-3 3 1 O
o

3 4 0 O o)

o O
1 2 1 .
7 2 0 L
0 1 1 x1
0 2 1
3 8 1
7 5 1



1. Single-layer perceptron

e Visualization example (1 feature)
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e Visualization example (1 feature)
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e Visualization example (1 feature)

NN
1.1 0

2.8 1

-0.5 0

1.2 0

4 1

2.6 0

3.4 1

1.1



1. Single-layer perceptron

e Visualization example (1 feature)

x|t
1.1 0

2.8 1

-0.5 0

1.2 0

4 1

2.6 0
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1. Single-layer perceptron

e Visualization example (1 feature)
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1. Single-layer perceptron

e Visualization example (1 feature)
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1. Single-layer perceptron

e Visualization example (1 feature)
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1. Single-layer perceptron

e Visualization example (1 feature)

1.1
2.8
-0.5
1.2
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1. Single-layer perceptron

e Visualization example (1 feature)

1.1
2.8
-0.5
1.2
4
2.6
3.4
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1. Single-layer perceptron

e Visualization example (1 feature)

1.1 0

2.8 1 Note: in 1d, SLP is a point separator
-0.5 0

1.2 0 12 76 34

4 1 05 11 28 4 X

2.6 0

3.4 1 We can separate

the two classes
with one point:
We can use SLP



1. Single-layer perceptron

e Visualization example (1 feature)

$ I d
-t — 09—}
Need at least 2 points: Need at least 3 points:

Can't use SLP Can't use SLP



1. a) Perceptron learning algorithm

1: while dp € P and error too large do

2:  Input p into the network, calculate output y {P set of training patterns}
3:  for all output neurons {2 do

1 if yo = tg then

5 Output is okay. no correction of weights

6: else

T: if yo = 0 then

8: for all input neurons 7 do

9: w; = win + 0; {...increase weight towards 2 by o;}
10: end for

11: end if

12: if yo = 1 then

13: for all input neurons  do

14: wi.0 = w;in — o0; {...decrease weight towards €2 by o;}
15: end for

16: end if

17: end if

18:  end for

19: end while




1. a) Perceptron learning algorithm

Wi 0 = w0 + 0
end for
d if
ya = 1 then
for all input neuro

i = Wi — o
=S R T ;I rl'\'l"'



1. a) Perceptron learning algorithm

w; 0 = w; o u,]
pnd for
d if
yo = 1 then

for all input neuro

[H‘,_g] = U0 — n,']
r‘l--:! f-n




1. a) Perceptron learning algorithm




1. a) Perceptron learning algorithm

Step size depends on Oi.
[“',._!,_P =y 0 i ”r]

Not controlled because Oi
can be large.




1. a) Perceptron learning algorithm

1: while dp € P and error too large do
2:  Input p into the network, calculate output y {P set of training patterns}
3:  for all output neurons {2 do
1 if yo = tg then

5 Output is okay. no correction of weights

6: els

(& if yo =0 then
It assumes 8 for all input neurons 7 do
.the.output 9: w; = win + 0; {...increase weight towards 2 by o;}
is either 0 sl toir
orl end if

12: if yo = 1 [then

13: for all input neurons ¢ do

14: wi.0 = w;in — o0; {...decrease weight towards €2 by o;}
15: end for

16: end if

v end if

13:  end for
19: end while




1. a) Perceptron learning algorithm

. o May cause  __ | o
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1. a) Perceptron learning algorithm example

L = O O
_ O —» O
R = = O



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _

) B, O O
~ O +—»r O
N = =)

|

Add new columns



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _

L = O O
R O +—» O

N
N = =)

1

Bias node always
produces 1



1. a) Perceptron learning algorithm

a4 | 2 | bias | wl | w2 | wbhias | net | y |t _
0.1 0.2 -0.2

m B, O O
~, O L O
N
N = =)

Put initial weights (given)

If not given: assume random weights
(but not 0)



1. a) Perceptron learning algorithm

a4 | 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2

L = O O
R O +—» O

N
N = =)

Calculate net = x1*w1l + x2*w2 + bias*w_bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0

0 1 1 1

1 0 1 1

1 1 1 1
Calculatey =

1 if net >= threshold,
0 if net < threshold

Threshold should be given. If not, assume random
threshold

Here we assume threshold = 0.1 = net < threshold



1. a) Perceptron learning algorithm

a4 | 2 | bias | wl | w2 | wbhias | net |y |t
0.1 0.2 -0.2 -0.2 0

0 0 1 0

0 1 1 1

1 0 1 1

1 1 1 1
y=t? yes

Weights will not be changed



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0.1 0.2 -0.2

L = O O
R O +—» O

1
1
1
1

N = =)

Use the same weights for next pattern



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0.1 0.2 -0.2 0

L = O O
R O +—» O

1
1
1
1

N = =)

Calculate net = x1*w1l + x2*w2 + bias*w_bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0.1 0.2 -0.2 0 0

L = O O
R O +—» O

1
1
1
1

N = =)

net<0.1 =2 y=0



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0.1 0.2 -0.2 0 0

) B, O O
~ O +—»r O
= = =)

1
1
1
1

yl=t
We need to change weights

y=0 we wanty=1 increase weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 1
1 1 1 1
wl =wl+xl
w2 =wl+xl

w_bias := w_bias + bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1
1 1 1 1

Calculate net = x1*w1l + x2*w2 + bias*w_bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 1

net >=0.1 -2 y=1



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 0.1 1.2 0.8 1

y=t

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2 0

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 0.1 1.2 0.8 2.1 1

Calculate net = x1*w1l + x2*w2 + bias*w_bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2

0 0 1 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 0.1 1.2 0.8 2.1 1 1

net >=0.1 -2 y=1



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y __
0.1 0.2 -0.2 -0.2

0 0 1

0 1 1 0.1
1 0 1 0.1
1 1 1 0.1
Weights for next epoch 0.1

y=t

Don’t change weights

0.2
1.2
1.2
1.2

-0.2
0.8
0.8
0.8

0
0.9
2.1

0
0
1
1

= = =)



1. a) Perceptron learning algorithm

0 0 1 -0.2 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 0.1 1.2 0.8 2.1 1 1
Weights for next epoch 0.1 1.2 0.8

1 Epoch complete:
But we still have 1 error

We need to run another epoch



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 0.2 -0.2 -0.2

0 0 1 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 1.2 0.8 0.9 1 1
1 1 1 0.1 1.2 0.8 2.1 1 1
Weights for next epoch [ 0.1 1.2 0.8]

Use these as
initial weights
for next epoch



1. a) Perceptron learning algorithm

a4 | 2 | bias | wl | w2 | wbhias | net | y |t _
0.1 1.2 0.8

L = O O
R O +—» O

N
N = =)

New epoch with initial weights from previous slide



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8 1

L = O O
R O +—» O

N
N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8 1

0.1 1.2 -0.2

) B, O O
~ O +—»r O
N = =)

1
1
1
1

yl=t y=1and wewanty=0
Decrease weights:
wl =wl-x1

w2 =wl-x1
w_bias := w_bias - bias



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8 1

0.1 1.2 -0.2 1 1

L = O O
R O +—» O

1
1
1
1

N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8 1

0 0 1 0

0 1 1 0.1 1.2 -0.2 1 1 1

1 0 1 0.1 1.2 -0.2 1

1 1 1 1
y=t

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8 1

0 0 1 0
0 1 1 0.1 1.2 -0.2 1 1 1
1 0 1 0.1 1.2 -0.2 -0.1 0 1
1 1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

a2 | bias | wl_

L = O O

R O +—» O

1

1 0.1 1.2
1 0.1 1.2
1 1.1 1.2

y=0and we wanty=1
Increase weights:
wl =wl+x1

w2 =wl +x1
w_bias := w_bias + bias

-0.2
-0.2
0.8

1

-0.1

wi | w2 | whiss | et |y __
0.1 1.2 0.8 0.8 1

1
0

N = =)



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8

0 0 1 1 0
0 1 1 0.1 1.2 -0.2 1 1 1
1 0 1 0.1 1.2 -0.2 -0.1 0 1
1 1 1 1.1 1.2 0.8 3.1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
0.1 1.2 0.8 0.8

0 0 1 1 0
0 1 1 0.1 1.2 -0.2 1 1 1
1 0 1 0.1 1.2 -0.2 -0.1 0 1
1 1 1 1.1 1.2 0.8 3.1 1 1
Weights for next epoch 1.1 1.2 0.8

y=t

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net | y | t _
0.1 1.2 0.8 0.8

0 0 1 1 0
0 1 1 0.1 1.2 -0.2 1 1 1
1 0 1 0.1 1.2 -0.2 -0.1 0 1
1 1 1 1.1 1.2 0.8 3.1 1 1
Weights for next epoch 1.1 1.2 0.8

Second epoch done
We still have 2 errors

We need to run another epoch



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8

L = O O
R O +—» O

N
N = =)

Starting third epoch



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

L = O O
R O +—» O

N
N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

1.1 1.2 -0.2

L = O O
R O +—» O

1
1
1
1

N = =)

Decrease weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

1.1 1.2 -0.2 1 1

L = O O
R O +—» O

1
1
1
1

N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 1
1 1 1 1

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8 1

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1.1 1.2 -0.2 1

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 0.8 0.8

0 0 1 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1.1 1.2 -0.2 2.1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y __
1.1 1.2 0.8 0.8

0 0 1

0 1 1 1.1
1 0 1 1.1
1 1 1 1.1
Weights for next epoch 1.1

Don’t change weights

1.2
1.2
1.2
1.2

-0.2
-0.2
-0.2
-0.2

1
0.9
2.1

1
1
1
1

N = =)



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net | y __
1.1 1.2 0.8 0.8

0 0 1

0 1 1 1.1
1 0 1 1.1
1 1 1 1.1
Weights for next epoch 1.1

We still have one error

1.2
1.2
1.2
1.2

We need to run another epoch

-0.2
-0.2
-0.2
-0.2

1
0.9
2.1

1
1
1
1

N = =}



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2

m B, O O
~, O L O
N
N = =)

Fourth epoch



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

L = O O
R O +—» O

N
N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

1.1 1.2 -0.2

L = O O
R O +—» O

1
1
1
1

N = =)

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

1.1 1.2 -0.2 1 1

L = O O
R O +—» O

1
1
1
1

N = =)

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 1
1 1 1 1

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2 0

0 0 1 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1.1 1.2 -0.2 1

Don’t change weights



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y |t _
1.1 1.2 -0.2 -0.2

0 0 1 0 0
0 1 1 1.1 1.2 -0.2 1 1 1
1 0 1 1.1 1.2 -0.2 0.9 1 1
1 1 1 1.1 1.2 -0.2 2.1 1 1

Calculate netand y



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y __
1.1 1.2 -0.2 -0.2

0 0 1

0 1 1 1.1
1 0 1 1.1
1 1 1 1.1
Weights for next epoch 1.1

Don’t change weights

1.2
1.2
1.2
1.2

-0.2
-0.2
-0.2
-0.2

1
0.9
2.1

0
1
1
1

N = =)



1. a) Perceptron learning algorithm

0 0 1

0 1 1 1.1 1.2 -0.2 1

1 0 1 1.1 1.2 -0.2 0.9
1 1 1 1.1 1.2 -0.2 2.1
Weights for next epoch 1.1 1.2 -0.2

Fourth epoch done

No errors -2 Stop training



1. a) Perceptron learning algorithm

| 2 | bias | wl | w2 | wbhias | net |y __
1.1 1.2 -0.2 -0.2

0 0 1
0 1 1
1 0 1
1 1 1
Weights for next epoch

Final weights

1.1
1.1
1.1
1.1

1.2
1.2
1.2
1.2

-0.2
-0.2
-0.2
-0.2

1
0.9
2.1

0
1
1
1

N = =)



1. b) SLP using delta rule

* Same as the previous example. Just updating weights is different

Wiq = Wiq +10; (tg — ya)
 For previous example:
owl =wl +n*x1 *(t-y)
ow2  :=w2 +n*x2 *(t-y)
o W_bias :=w_bias +n * bias * (t —y)



1. b) SLP using delta rule

* Same as the previous example. Just updating weights is different

Wiq = Wiq +10; (tg — Ya)
* For previous example:
owl =wl +n*xl1 *(t-y)
ow2  =w2  +n*x2 *(t-y)
oWw_bias :=w_bias +n * *(t-vy)
The term “bias”

always equals 1
(can be omitted)



1. b) SLP using delta rule

* Same as the previous example. Just updating weights is different

Wiq = W;q +10; (tq — yq)
* For previous example:

owl :=wl #nfFx1 *(t-vy)
ow2  =w2 HnfEx2  *(t-vy)
o W_bias :=w_bias + n|* bias * (t —y)

This is the learning
rate (a given
constant). If not
given, assume a
value between
0.01and 0.9



1. b) SLP using delta rule

* Same as the previous example. Just updating weights is different

Wiq = Wiq +10; (tqg — ya)
* For previous example:

owl :=wl +n*x1 *(t-vy)
ow2  =w2 +n*x2 *(t-vy)
o W_bias :=w_bias|+/n * bias * (t —y)

~—

We always add
(even ify >t)

But how do we
decrease weights?



1. b) SLP using delta rule

* Same as the previous example. Just updating weights is different

Wiq = W;q +10; (tq — yq)
* For previous example:

)
owl :=wl +n*x1 *(t-vy)
ow2  =w2 +n*x2 *(t-vy)
o W_bias :=w_bias +n * bias *{(t —y)

N

If y > t, this term
will be negative,
causing weights to
be decreased



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

m B, O O
~, O L O
N
N = =)

Same example using delta rule

Assume learning rate = 0.1



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

m B, O O
~, O L O
N
N = =)

Calculating net and y is not different



1. b) SLP using delta rule
-nm-m-mm-—

-0.2
0.1 0.2 -0.2

m B, O O
~, O L O
N
N = =)

If we try to update weights: (even thoughy =1t)
wl:=wl+01*x1*(t-vy)
w2:=w2+0.1*x2*(t-vy)

wb :=wb + 0.1 * bias * (t-y)

(t - y) = 0 so the weights will not be changed



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

1
1 0.1 0.2 -0.2 0 0
1
1

m B, O O
~, O L O
N = =)

Calculate y and net



1. b) SLP using delta rule
-nm-m-mm-—

0 0 1 -0.2 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 1
1 1 1 1
update weights:
wli=wl+01*x1*(t-y) =2 wl:=01+01*0%1 - 0.1
w2:=w2+01*x2*(t-y) =2 w2:=02+01%1%1 - 03

wb :=wb + 0.1 * bias * (t-y) =2 wb:=-02+01%1%1 -2 -01



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

0 0 1 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 0 0 1
1 1 1 1

Calculate netand y



1. b) SLP using delta rule
-nm-m-mm-—

0 0 1 -0.2 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 0 0 1
1 1 1 0.2 0.3 0 1
update weights:
wli=wl+01*x1*(t-y) =2 01+01*1*1 - 0.2
w2:=w2+01*x2*(t-y) =2 03+01*0*1 - 03
wb :=wb + 0.1 * bias * (t-y) 2 -01+01*1*1 =20



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

0 0 1 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 0 0 1
1 1 1 0.2 0.3 0 0.5 1 1

Calculate netand y



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

0 0 1 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 0 0 1
1 1 1 0.2 0.3 0 0.5 1 1
Weights for next epoch: 0.2 0.3 0

Weights will not be changed



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

0 0 1 0 0
0 1 1 0.1 0.2 -0.2 0 0 1
1 0 1 0.1 0.3 -0.1 0 0 1
1 1 1 0.2 0.3 0 0.5 1 1
Weights for next epoch: 0.2 0.3 0

First epoch done
We have 2 errors

We need to run another epoch



1. b) SLP using delta rule
 x1 | x| bias | wi | w2 | wh | net | y | t _

~ = O O
, O L, O

N
N = =)

Second epoch



1. b) SLP using delta rule
-nm-“mm-—

0 0 1 0
0 1 1 0.2 0.3 0 0.3
1 0 1 0.2 0.3 0 0.2
1 1 1 0.2 0.3 0 0.5
Weights for next epoch: 0.2 0.3 0

Second epoch has no errors =2 stop training



2. SLP with multiple outputs

R I N

L = O O

R O +—» O

N ==

r O O O

¥ e
| ji
y1 y2

The two output neurons can
have different threshold
values



2. SLP with multiple outputs
| x| win | wan | whi | wiz w2z lwh2 | vi | y2 |t | 2

0 1 1 0
1 0 1 0
1 1 1 1



2. SLP with multiple outputs
nmmmmmnn

-0.2 0.2

m B, O O
L O +» O
e U = o
~r O O O

Initial weights



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 (w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 0 0

0 1 1 0
1 0 1 0
1 1 1 1

netl =wll *x1 + w21 *x2 + bl
netl=0.1*0+0.2*%0-0.2=-0.2

Assume thresholdl =0.1,
threshold2 =1

netl >=0.17 2y=1
else? 2y=0



2. SLP with multiple outputs
x| 2 | wit w21 whl|wi2 (w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

R O O O

0 1 1
1 0 1
1 1 1

net2 =wl2 *x1 + w22 *x2 + b2
net2=02*0+03*0+1=1

net2>=17? 2y=1
else? 2y=0



2. SLP with multiple outputs
L Lot L L [ Joaa Jusa o L L

03 1 0 1 - 0
0o 1 01 02 -02
1 0 1 0
11 11

ylis OK

don’t change its weights



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2

0.1
01 02 -0.2

) B, O O
S e =
L O O O

0
1
0
1

y2 is wrong
update its weights:
(We can either use perceptron learning

algorithm or delta rule)

Assume we are using delta rule, n = 0.1



2. SLP with multiple outputs
EREIE

L = O O

0
1
0
1

0.1
0.1

2 Lt | waz | w2z | wb2 | i | 2
0.2 -0.2 0.2 0.3 1 0 1

0.2

-0.2 02 03 0.9

wl2 :=wl12 +0.1 *x1 * (t2 -y2)
w22 :=w22 +0.1 *x2 * (t2-y2)
wb2 :=wb2 + 0.1 * (t2 - y2)

9
9
9

S e =

R O O O

02+0.1*0*-1
03+0.1*0*-1
1+01%*-1

=2 0.2
-2 0.3
-2 0.9



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

01 02 -02 02 03 09 O

R O O O

0 1 1
1 0 1
1 1 1

calculate netl, y1

netl=01*0+02%*1-0.2=0 netl1<0.12>yl=0



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

01 02 -02 02 03 09 O 1

R O O O

0 1 1
1 0 1
1 1 1

calculate net2, y2

net2=02*0+03*1+09=1.2 net2>=1-2>vy2=1



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0 0

0 1 0.1 0.2 -0.2 0.2 0.3 0.9 0 1 1 0

1 0 0.1 0.3 -0.1 1 0

1 1 1 1
Update weights of y1

wll=01+0.1*0*(1-0)=0.1
w21=02+0.1*1*(1-0)=0.3
wbl=-0.2+0.1%*(1-0)=-0.1



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2

0 0.1

1 01 02 -02 02 03 09 O 1
0

1

01 03 -01 02 02 038

) B, O O
S e =
~ O O O

Update weights of y2

wl2=02+0.1*0*(0-1)=0.2
w22=03+0.1*1*(0-1)=0.2
wb2=09+0.1*(0-1)=0.8



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

0 1 01 02 -02 02 03 09 O 1 1
1 0 01 03 -01 02 02 08 O 1
1 1 1

R O O O

Calculate netl and y1

netl=01*1+03*0-0.1=0 2 yl=0



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

0 1 01 02 -02 02 03 09 O 1 1
1 0 01 03 -01 02 02 08 O 1 1
1 1 1

R O O O

Calculate net2 and y2

I
-

net2=0.2%*1+02*0+08=1 2 y2



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2

0 0 0.1 0 0

0 1 0.1 0.2 -0.2 0.2 0.3 0.9 0 1 1 0

1 0 0.1 0.3 -0.1 0.2 0.2 0.8 0 1 1 0

1 1 0.2 0.3 0 1 1
Update weights of y1

wll=01+0.1*1*(1-0)=0.2
w21=03+0.1*0*(1-0)=0.3
wbl1=-0.1+01*(1-0)=0



2. SLP with multiple outputs
x| x| wil w21 whl|wi2 w22 [wh2| vl | y2 |
0 0 0.1 0.2 -0.2 0.2 0.3 1 0 1 0

0
1
1

1
0
1

0.1
0.1
0.2

0.2
0.3
0.3

-02 02 03 09 O
-01 02 02 08 O
0 01 02 0.7

Update weights of y2

wl2=02+0.1*1*(0-1)=0.1
w22=02+0.1*0*(0-1)=0.2
wb2=0.8+0.1*(0-1)=0.7

1
1

S = T =

R O O O



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 1 0

0

01 02 -02 02 03 09 O 1
0
1

0 1 1
1 0 01 03 -01 02 02 038 1 1
1 1 02 03 O 01 0.2 0.7 1

R O O O

Calculate netl and y1

netl1=0.2*1+03*1+0=0.5 2vyl=1



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2
0 0 0.1 0.2 -0.2 0.2 0.3 1 1 0

01 02 -02 02 03 0.9

0 1
1 0 01 03 -01 02 02 038
1 1 02 03 O 01 02 0.7

R O O O
R O O O

1 1
1 1
1 1

Calculate net2 and y2

net2=0.1*1+02*0.7+0=1 2y2=1



2. SLP with multiple outputs

XL | 2 | wil| w2l wbl w12 w22 wb2|yi | y2 |t 2
0 0 01 02 -02 02 03 1 0 1 0 0

0 1
1 0
1 1

Next
weights

0.1 0.2 -0.2
0.1 0.3 -0.1
0.2 0.3 0
02 03 O
both y1 and y2 are OK

Don’t update weights

0.2
0.2
0.1
0.1

0.3
0.2
0.2
0.2

0.9
0.8
0.7
0.7

0 1 1 0

0 1 1 0
111



2. SLP with multiple outputs

| xL | 2 | wil | w2l wbl| w12 | w22 | wh2
0 0 01 02 -02 02 03 1

0 1
1 0
1 1

Next
weights

0.1
0.1
0.2
0.2

We need to run another epoch

0.2
0.3
0.3
0.3

-0.2
-0.1
0
0

0.2
0.2
0.1
0.1

0.3
0.2
0.2
0.2

0.9
0.8
0.7
0.7

il lu
1 0

R O O O

1 1
1 1
1 1

R O O O



2. SLP with multiple outputs
x| 2 | wil w21 whl|wi2 w22 [wh2|yl|y2 |1 @2

0.2

m B, O O
L O +» O
e U = o
~r O O O

Second epoch



2. SLP with multiple outputs
L L L s iz Lz vzl L L6 L

0
0 1 02 03 O 0.1 02 0.7
1 0 02 03 O 0.1 02 0.7
1 1 0.2 03 O 0.1 02 0.7
Next 02 03 O 0.1 0.2 0.7
weights

Second epoch



