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f(l) (0) s activation function
Nonlinear model of an ANN
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» Activation function
can be a linear or
nonlinear function.

» Selection of
activation function
depends on
particular problem
to be solved.

A. Linear (Identity) Function




B1. Hard Limiter Function
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D1. Binary Sigmoid Function
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‘D2. Hyperbolic Tangent Sigmoid |
(Binary Sigmoid) Function

i e@Vq _ o=V
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| T 1+e 29

Derivative of hyperbolic tangent sigmoid function

ghts(vq) : ﬁ}:;ﬁ = E[]' + fﬁfﬁ(vq)] [1 - fhﬁ(v‘l)]
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]ﬂ) (0) s activation function Fixed

input

{ Xo =-1 (threshold)

Xo =1 (bias)

u)(ﬂ qu = Bq (threshold) :

W0 = Pg (bias)

w v
Vector input @ i 4 fl)(.) —> Yq
signal <
vemnx! Summing — Onlipis
' Junction Actma.rmn —
function yq = f (vq)
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Synaptic weights
(including
threshold or bias)
- Input Synapses ~ Cell body Output

(soma)

Alternative model

General ANNs Basic Models

> u, is a linier combiner of
input (x;) and synaptic

weight (wqj)
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= S RS iy
uq = ZWijj = qu =X Wq
J=a

» Activation potensial
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» Output of activation
function:



../../../../Materi Kuliah S1 S2/S2 - Tugas-tugas/Pengukuran dan Instrumentasi Biomedika/Baru 2015/Tugas_UAS/Tugas Pengukuran dan Instrumentasi Biomedika fix.docx
../../../../Materi Kuliah S1 S2/S2 - Tugas-tugas/Pengukuran dan Instrumentasi Biomedika/Baru 2015/Tugas_UAS/Hasil EOG/Hasil EOG.mp4

General ANNs Basic Models

Cell body
Input Synapses ~ (soma)  Output
Threshold

> u, s a linier combiner of

; . :

, Wy (or gr'as) input (xj) and synaptic

g weight (w )
l gL Wy
l Axon (Output) &
Vector input f( )(.) — Yg Ug = Z WaiXi = ng = xqu
signal < =i
nxl S '
xeR"” ]i::?;:z:f Activation
function . . .
» Activation potensial
\

Vg = Ug — b4

e
Synaptic
weights

» Output of activation

f(l) (0) : activation function function :
Nonlinear model of an ANN




. Activation Functions
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» Activation function
can be a linear or
nonlinear function.

» Selection of
activation function
depends on
particular problem
to be solved.

A. Linear (Identity) Function
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D2. Hyperbolic Tangent Sigmoid
(Binary Sigmoid) Function

f hts(vq)
l ope

a=5-—""|

Ya = futs(vq) = tanh(av,) = e%q 4 ¢~ %Vq
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Derivative of hyperbolic tangent sigmoid function
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*Ectrical circuit model of neuron
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%lebbian Learning (Hebb)
#

a Hebbian Topology
5 » Energy function
\ Wy g(w) = —¥wTx)+ % lwl|3

W(e) differentiable function
a > 0is the forgetting factor

= f(v) -y

» Neuron output:

_ d¥(v)
T dr

=f(v);v=wTx

[y B®) o » Steepest descent method:
G S — /
Standard Hebbian e dw _

learning rule [ dt Y E(w)

L §

fu, o}

U is learning rate

Y 1}

V.s(w) = _f{v)e%w = —yx + aw




Threshold
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: Wy
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weights
Learning Algorithm: 5) Threshold (0)
1)Topologi/Arsitektur 6) Output (y,)
2)Target () 1; v, 20
e : . yq:f(net):f(vq): :
3)Initialized weight (wa) 0; vy < g
L)net = v, T 7) error(e) = target(t) - output(yq)

i=1




Wy Threshold
FI.'HHH.IEH;,; (8)
Junction
Vvv_l‘f?r J'r:'rPul‘ ) fﬂ}(') —:h
= _ ; T . Activation Ouiput
| function
Synaptic
weights
Learning Algorithm (with bias): 5) Threshold (6 = 0)
1)Topologi/Arsitektur 6) Bias (b)
2)Target (t) 7) Output (y,)
3)Initialized weight (w, ;) 0
o = roen) = £ () = {_y} 1 =
4)net = Vg net =v, = b+ z WgiX;
i=1 8) error(e) = target(t) - output(y,)



