Structure of a Generalized Neuron

A generalized neuron is a simple numeric processor
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General Neural Networks: Example
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General Neural Networks: Example

Updating the activations of the neurons

Uy | Ug | Ug
input phase | 1 | 0 | 0
work phase | 1 | 0 | O | net,, =—2
0100 net,= 0
0100 |net,= 0
0101 0]net,= 0
0100 |net,= 0
e Order in which the neurons are updated:
U, w1, U9, Uz, UL, U2, U3, . . .
e A stable state with a unique output is reached.
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General Neural Networks: Example

Updating the activations of the neurons

wy | uo | ug

input phase | 1 | 0 | 0

work phase | 1 | 0 | O | nety, = -2
L | 1] 0 |net,= 1
O 1|0 |net,= 0
O 1] 1]net,= 3
010 1]|net,= 0
110} 1 |net, = 4
L | 0] 0]net,=-2

e Order in which the neurons are updated:
U3, U9, U, Ug, U, U, U, . . .

e No stable state is reached (oscillation of output).
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General Neural Networks: Training

Definition of learning tasks for a neural network

A fixed learning task Lg,.q for a neural network with

e 1 input neurons, i.e. Uy, = {uy, ..., u,}, and

e m output neurons, i.e. Usye = {v1,...,0m},

is a set of training patterns [ = (7'(!), (1)), each consisting of

. (] (1 1),
e an mput vector i ) = 'I*f’-KE‘ lj_._ o ?e:{-s‘{i ) and
e an output vector o) = I[fﬂgj._ e EL}E

A fixed learning task is solved, if for all training patterns [ € Ly, .4 the neural
network computes from the external inputs contained in the input vector 7! of a
training pattern [ the outputs contained in the corresponding output vector g\,
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General Neural Networks: Training

Solving a fixed learning task: Error definition

e Measure how well a neural network solves a given fixed learning task.
e Compute differences between desired and actual outputs,
e Do not sum differences directly in order to avoid errors canceling each other.

e Square has favorable properties for deriving the adaptation rules.

- T H- V- ¥ ¥ D

f = Lﬁ]{C{l ve Ir-"'rout f - L ﬁ]‘.’.ﬂd '] (:I"'rtlut

. (1) ( (1) m)?
where ey’ = | oy’ — outy’
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General Neural Networks: Training

Definition of learning tasks for a neural network

A free learning task Lg,.. for a neural network with
e 1 input neurons, i.e. Uy, = {uy, ..., u,},

is a set of training patterns [ = (7 (! )}, each consisting of

_[:E :I b

% —"Irfl‘] i -'E :I
¢ an Input vector '\ = [ exy,, ..., exy |

Properties:
e There is no desired output for the training patterns.
e Outputs can be chosen freely by the training method.

e Solution idea: Similar inputs should lead to similar outputs.
(clustering of input vectors)
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General Neural Networks: Preprocessing

Normalization of the input vectors

e Compute expected value and standard deviation for each input:

L (1) L (1) 2
[y =—— eXyy and oL = | — Z ((\}{;@ —,u.k.) \
|L| leL |L| lel

e Normalize the input vectors to expected value 0 and standard deviation 1:

(1)(alt)
(D)(nen)  SXuy —H
X =
T}
e Avoids unit and scaling problems.
EURO
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Chapter 5:
Multilayer Perceptrons

Prof. Dr. Rudolf Kruse
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Multilayer Perceptrons

An r-layered perceptron is a neural network with a graph G = (U, C)
that satisfies the following conditions:
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or, if there are no hidden neurons (r = 2, Ulzq4en = 9).

C C Un X Uyt

e Feed-forward network with strictly layered structure.
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Multilayer Perceptrons

(zeneral structure of a multilayer perceptron
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Multilayer Perceptrons

e The network input function of each hidden neuron and of each output neuron
1s the weighted sum of its inputs, 1.e.

T T . "{u:]-’ o S = .
Yu € Upiaden U Uout foet (Wy, INy) = Wyiny, = Z Wy OULy, .

vepred (u)

e The activation function of each hidden neuron is a so-called
sigmoild function. i.e. a monotonously increasing function

frR—=[0,1] with lim f(z)=0 and lim f(r)=1.

L——00

e The activation function of each output neuron is either also a sigmoid function
or a linear function, i.e.

fact(net, #) = anet —6.
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Sigmoid Activation Functions

step function:

1. if net = 4,
0, otherwise.

Sact(net, #) = {

2 =
1

net

sine until saturation:

1, if net > # 4 3,

i k! 1 - T
factlnet, #) = D_1 _ if _11'313 < 8- 7,
&“‘*‘;L“, otherwise.

semi-linear function:
1,  ifnet > 641,
faeilnet, @) = < 0, if net < # — %

(net —8) + &, otherwise.

[

I
| net
6_808.4 8 p1d4e4+8
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Sigmoid Activation Functions

e All sigmoid functions on the previous slide are umpolar.
i.e., they range from 0 to 1.

e Sometimes bipolar sigmoid functions are used,
like the tangens hyperbolicus.

tangens hyvperbolicus:

fact(net, #) = tanh(net —6) -

9

- 1+ P_—Q[:llr:t —4) -
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Multilayer Perceptrons: Weight Matrices

Let Uy = {vy,..., v} and Uy = {uq,...,u,} be the neurons of two consecutive
layers of a multilayer perceptron.

Their connection weights are represented by an n x m matrix

[

Wyyp,  Wuyug Uy,

-‘-Iilr — ?{ I'll Fz E_-Il iif‘!,t.g "1?2 v s m .I;:E_Igt_‘ﬂl

R T} R T
u Uptl U Uptd U UpUm

where Wygo; = 0 if there is no connection from neuron v; to neuron ;.

Advantage: The computation of the network input can be written as
nety, = W -ing, = W - outyy,

i

. . - ] o . y T ; .- ) . - i .
where nety, o = (nety,, ..., nety, ) and ing, , = oufty, = (outy, ,...,out, )
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Multilayer Perceptrons: Biimplication

Solving the biimplication problem with a multilayer perceptron.

Er-""in Uhiddm Uout

Note the additional input neurons compared to the TLU solution.

W, = ( -

T

) and W, = ( 2 2 )
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Multilayer Perceptrons: Fredkin Gate
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Multilayer Perceptrons: Fredkin Gate
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Why Non-linear Activation Functions?

With weight matrices we have for two consecutive lavers U and Uy
nety, = W -ing, = W - outy,.
[f the activation functions are linear, i.e.,
fact(net, #) = anet —6,
the activations of the neurons in the layer Uy can be computed as
acty, = Dact - nety, — 0,
where

o acty, = (acty,, ..

., acty, )T is the activation vector,

e D_. is an n x n diagonal matrix of the factors o, 2 =1,....n, and

o 0 =(0,,..., 0, )T is a bias vector.
\ 1 1 e
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