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Table 4.1 Truth Table
XOR for the XOR Problem
! - Py
0 0 0 B
0 1 A
1 0 1 A
1 1 0 B
A
& -
(Tf 1 X
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AND, OR

X, 4
Table4.2 Truth Table for AND and
OR Problems OR
x1 x> AND Class OR Class
1 QA .A

0 0 0 0 B \
0 1 0 B 1 A
1 0 0 B 1 A \

- B .A
1 11 A 1 A 0 N |
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Tahle 4.3 Truth Table for the Two
Computation Phases of the XOR
Problem

O0(=) 0(-) B (0)
1(+) 0(=) A (1)
1(+) 0(=) A (1)
1(+) 1(+) B (0)

— |~ lO| O
— | O~ | O

21 (x) g2(x)
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THE TWO-LAYER PERCEPTRON
QY 90 Ggypmy Lo

X5 A gl (x)
OR
10A ."\
3
B A N 2
0 AN 1 X
R s : 1
gix)=x; ta——=90
\ AND 2
| 3
1B A g20x) =xp +x2 =5 =0
o 1
gy)=y1—)2— 5= 0
B B
0 1 Ny
g2(x)
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THE TWO-LAYER PERCEPTRON
Y9 9y

Input layer Hidden layer Output layer
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THREE-LAYER PERCEPTRON
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BACKPROPAGATION ALGORITHM
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ACTIVATION EUNCTION
Sl Jled &b

o The backpropagation algorithm requires a differentiable

activation function. The family of sigmoid function are used
for this purpose. o)

(x) = _
Jex I + exp(—ax)

aﬁi} iy = ey

0



POLYNOMIAL CLASSIFIERS

Sladozois> sloonad b
/ I—1 / /
2
g(x) =wp + Z wix; + Z Z WimXiXm + Z Wi Xy
=1 i=1m=i+1 i=1

If x = [xl,xz]T , then the general form of y will be
_ w2 2T
Y = [x1,x2,X1X2, X7, X5]]
and

g(x) =w'y + w

w! = [wy, w2, w2, w11, w22]
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POLYNOMIAL CLASSIFIERS (XOR)
XOR dluw — Sldozaz ol
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RADIAL BASIS FUNCTION NETWORKS-RBF
Sdlx = il

That is, the argument of the function is the Euclidean distance of the input vector x
from a center ¢;, which justifies the name radial basis function ( RBF). Function [
can take various forms, The Gaussian form is more widely used.

! :
F0 = exp( =5 llx = eill?) (4.5%)

=1

For a large enough value of &, it can be shown that the function g(x)
is sufficiently approximated by

# P
(x — el (x = ¢
g(x) = uwgy + Zu‘;trx[:l( - — ) (
i=1 207

.‘-l-x
o
N
R
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RBF — XOR PROBLEM

A ) 4

B

Ae

XOR

B

c = [1,1]7 [exp(—ux—cluz)}

exp(—|lx = €)%

N\
(a)

(0,0) — (0.135,1)
(1,1) — (1,0.135)
(1,0) — (0.368,0.368)
(0,1) — (0.368,0.368)

g(x) =exp(—|lx —c|H+exp(—|x —c2|H)—1=0

gy =y1+y2—1=0

M
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PARZEN VS RBF
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MLP vs RBF
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SUPPORT VECTOR MACHINE-LINEAR CASE
N 1
max Aj — — AjA !;},f-x{.x*'
) ; > ; JViViXi %

subject to ZA;_}?; =0
i=1

A=0

4

g(x) = wT x + wy N

.-"'
S
I
>
2

E ;};xi. X + wy

ition




SVM-NONLINEAR CASE
N
g(x) = AiviK(x, x) + wy
=1

Rladyl clad o ooeliwwsay oaS condid w@is &b ;og chs né 4 azg b
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TYPICAL KERNELS

Polynomials Kx.2)=(x"z+ DI, ¢>0

Radial Basis Functions

e (_ I — zuz)
(x,2) = exp >

a
Hyperbolic Tangent

K(x,z) = tanh (ﬁxTz -+ 7)
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THE ARCHITECTURE OF NONLINEAR SVM
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NONLINEAR SVM
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FIGURE 4.24

Example of a nonlinear SVM classifier for the case of two nonlinearly separable classes. The
Gaussian RBF kernel was used. Dotted lines mark the margin and circled points the support
vectors.
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NONLINEAR SVM FEATURES

o If the kernel function is the RBF, then the architecture is the same as the
RBF network architecture. In the SVM approach, the number of nodes
and centers are the result of the optimization procedure.

o The hyperbolic tangent function is a sigmoid one. If it is chosen as a
kernel, the resulting architecture is a special case of a two-layer
perceptron. Once more, the number of nodes is the result of the
optimization procedure. This is important. Although the SVM
architecture is the same as that of a two-layer perceptron, the training
procedure is entirely different for the two methods. The same is true for
the RBF networks.

o A notable characteristic of the support vector machines is that the
computational complexity is independent of the dimensionality of the
kernel space, where the input feature space is mapped. Thus, the curse of
dimensionality is bypassed.

o A major limitation of the support vector machines is that up to now there
has been no efficient practical method for selecting the best kernel
function.
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BATCH MODE & SAMPLE MODE
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INSIDE THE BLACK BOX: BACKPROPAGATION
AND INTERPRETABILITY
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L_OSS FUNCTION

—

Ly 28ly 29,5 jodx rac aSlh SO aS cunl l oasmolis a7 (6,Ls0 O

900 (Sum e (9 O ST Gl asS o (S (69959 S Az g
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Mean Square Error

k
1
£D) =5 ) O = Ym)?
m=1

2098 JlEe o955l @
Cross-Entropy

k
e(i) = — z VYm NP + (1 — y) In(1 = $pp)

m=1
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kol (Jop by, £ 4w

e Batch Gradient Descent

Parameters are updated after computing the gradient
of the error with respect to the entire training set

e Stochastic Gradient Descent-SGD

Parameters are updated after computing the gradient
of the error with respect to a single training example

e Mini-Batch Gradient Descent

Parameters are updated after computing the gradient
of the error with respect to a subset of the training
set
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THE LEARNING RATE IN GRADIENT DESCENT

o The learning rate in Gradient Descent is constant throughout
the training process for all the parameters. This can slow the
convergence.

Small Learning Rate Large Learning Rate

loss -

value of ‘

; value of
weight weight
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MOMENTUM TERM
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W(new) = W(old) + AW (new)
AW (new) = aAW (old) — uAW

Q===

. —
Minimum Gradient Descent Momentum
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