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Introduction

Mapping Networks

C Assomaﬂve memory networks

s Y key-pattern 9 _ Y mapping functionA f _
memoer 'l pattern WY, 1Y (recall) oY E ¢
M/Ty HX A YV £ A recall]

¢ Feed-forward multilayer perceptrons
> P BP AW Y T AYE 0 i 1AL
¢ Counter-propagation networks

Operate as statistically optimal self-programming lookup tables.
Provide a bidirectional mapping between the input and output training
patterns.

¢ Radial Basis Function networks.

Powerful supervised T trained network can be used for pattern
classification and function approximation.

RBFNN will train much more quickly than feed-forward MLP.
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Associative Memory Networks

A (memory capability) 0 N ~n
oY (remember)u oy1 @ (reduce)'H |
A T™ Al

| A H Al © A
MYP o+ Y CGC A (key) d9H
[ (stimulus)Y N
(associative memory)M & oA A

(memorized pattern)Y W ACOh pl
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Associlative Memory Networks (cont.

NQ AN MY (memory)A

E v é X Ad B X |
Q on|® /N X |

0 XnAY/ hH K | aA

( N )Y "HW ¥ (learning)Y ~

oyP KW a (retrieval) |

Cv A (pattern)K O A (learning
process)| °
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Associlative Memory Networks (cont.

~

V 1 A YXZ "N d
¢ Long-term memory
¢ Short-time memory

X Z A A associative memory

¢ Autoassociative memory
A key input vector is associated to itself.
The input and output space dimensions are the same.

¢ Heteroassociative memory
Key input vectors are associated with arbitrary memorized
vectors.

The output space dimension may be different from the input
space dimension.
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General Linear Distributed Associative Memc

General Linear Distributed Associative Memory

M G M key input pattern (vector)Y
L M, (vector)d G v \ ( )A
pattern.
—» Vil
> Vi2
—>» Vin
0.
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General Linear Distributed Associlative
Memory (cont.)

Input (key input pattern)
= T
X = [Xk1’ sz,...,xkn] (3.1)

Output (memorized pattern)

— T
Yk = [ykl’ yk2’---’ykn] (3.2)
C 1 n-dimensionA | YX
(associate) hv pattern] h<=n] orh<n
A\,
Y7\ ,
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General Linear Distributed Associlative
Memory (cont.)

Key vector x, € . Y% AN K 2
=W(k)x, 33)
Z MWL (weight matrix)
u Y K0 G memory matrix M

¢ describes the sum of the weight matrices for every input/output
pair. This can be written as

h
M =8 W) o
the memory matrix can be thought of as representing the
collective experience.
M, =M, , +W(Kk), for k=122 ,h (35)
0L -
s Mo =0 8
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Correlation Matrix Memory

Estimation of the memory matrix

¢ Outer product rule

- h
|\E: a kaI (36)

Each outerk:f)roduct maitrix is an estimate of the weight
matrix W(k) that maps the output pattern y, onto the
Input pattern x,.

¢ An associative memory designed in outer product
rule is called a correlation matrix memory

e

I\ﬁl_:k = l\Ek_1+ykxlI, for k=122 ,h (3.7)
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Correlation Matrix Memory (cont.)

C I key pattern 91 Y memory matrix recall A
memorized patternY estimated memory matrixb O (3.6)
h1 Y/ 9 oM keyinputx,Y E memorizedy,

~

h
y=NBG = 8 ViXe X, = & (X X)) i (3.8)

k=1

(3.8)N KB 2 ( (3.6) 4 (3.9)
h
Y = (X Xg) Vg +a (X %) Vi (3.9)

k=1
. K. ¢
é M key input vectorz X normalized unit length.

x.x, =1 for k=122 ,h (3.10)
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Correlation Matrix Memory (cont.)

¢ 'l normalized unit lengthK O W Euclidean
normw E

Xk
Xk K«
H)(k H 5 Desired  (3.11)
response
Y (3.9KB >
h
Y=Ye+a X X) Vi =Yg + 2 (3.12)
k=1
k.4d Noise,
Z M h T crosstalk
Z = X, X
q ka:]-( Kk q)yk (3.13)
- k., q
0.
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Correlation Matrix Memory (cont.)

¢ (3.13) i associated key pattern (y=y,, z,=0)
CYEY WY dx K A BZ A py
"~ zJ1t O0Y @Y X noiseH crosstalk,

¢ ~ keyinputll + orthogonalY/ crosstalkt O
. '1 'K (3 perfect memorized pattern),

C o’ 4 A key inputlT | " linearly independentY/ K

memory matrix1> J] v n Gram-Schmidt
orthogonallzatlonw 1 orthogonal input key vectors],

a (gl Xk)gI (3.14)
=1 gi gl
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Correlation Matrix Memory (cont.)

C Gram-Schmidt orthogonalizationL_  the
associations are perfomed on the {g,, y,} pairs.

¢ If the key vectors form a set of orthonormal vectors, the
upper limit on the storage capacity of the associative
memory is n (the dimension of the input space).

¢ In general, the storage capacity of the associative

memory IS
r(l\ﬁ)d: n
The storage limit depends on the rank of the memory
matrix.
QL
s 13

Chuan-Yu Chang Ph.D.



\..

0

Correlation Matrix Memory (cont.)

Example 3.1

¢ Autoassociative memory
The memory is trained with three key vectors:

e 0.3333 & 0.4444g ¢0.496%

U _é ‘ _é )

% =g07778y X, =g 05556 x,=0.6667
&0. 5329g £0.7027Q &0.5556

(3.15)

Each of these vectors has unit length.
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‘Correlation Matrix Memory (cont.)

¢ The angles between these vectors:

4., = COS" M2 =1019° (3.16)
x|, %1l
_nel XX jopo
Gy = COS’ =495
} %], %, (3.17)
X, Xa
g,, =cos’ — 22— =761°
N %], %], (3.18)

A These three vectors are far from being mutually orthogonal.

¢ Chuan-Yu Chang Ph.D.



Correlation Matrix Memory (cont.)

¢ The memory matrix of the autoassociative

network
e 05555 -0.1749 04107ﬂ 210
NE = X, X7 + X, XT + %X _e 0.1749 1.3582 039453 (3.19)
§O4107 0.3945 1.0865
¢ Using (3.19), the estimate of the input key
patterns
& 01023% &0.6326¢ 03876
£ =N, =613240] £ =N, = e 05551’5J £ =Nix, =SL037¢  (3.20)
60.7489Q §O7268g &.0707
L & 0.333% & 04444 &0.496%
%ﬁ? X, = e07778u x, = €. 0555(% X, = e06667J

J
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Correlation Matrix Memory (cont.)

¢ The Euclidean distance of the response vector
from each of the key vectors.

d, =|x - %[, 50.6319 dy, =||x, - %, =1.958¢

: (3.21)

dy, =[x, - %, =0.9108
012 = HX1 B g‘ 5 = 1.6575 - +0.189¢€ (3.22)
dy, =[x, - %||, =1.2412
& =[x, - %[, =0.9363 |, =16365 (3.23)
Oy = ng - E, ‘2 =0.6442

N0

0’\6? X HbA error

=
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Correlation Matrix Memory (cont.)

Another key vector with unit length

&0.1309g & 0.754% & 0.6354%
=€ ‘ =€ u -€ ‘ 3.24
X =g 09779 X, = ¢ 0.0587 X = & 0.237Q\j (3.24)
& 01629 & 0.6533 &0.7349y

The angles between these vectors

T

X, X
g,=cos'—12 __=029° (3.25)

’ [l [%[,

X, Xa
g, =cos’ —+=>_— =883°
: Ll (3.26)
el KK 0

S\ g,, =COS" —2 =908 (3.27)

80— =S
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Correlation Matrix Memory (cont.)

¢ The memory matrix Is

¢0.9906 - 0.0217 0.0048g
NE = 3, +X,%) + XX -e 0.0217 1.0159 -0053% (3.28)
@OOO48 - 0.0532 0.9934f

¢ The estimate of input key patterns

& 0.1501p & 07521 & 06208
£=Ni =$ 00878 £ =Nk, =S01108) £=Nk, =5 0266f (3:29)
g— 0.109% @ 0. 655?g 6 0.7396
BN /8
s
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Correlation Matrix Memory (cont.)

¢ The Euclidean distance of the response vector

from each of the key vectors.
d, =[x - %, =0.0579 d,, =%, - X, =1.486E
dy, =|%; - ¥, =1.3758

a, =|x, - %), =1.4859 d,, =[x, - ¥|, =/0.0522
dy, =%, - %), =1.4382

a; =|x - X, =1.3734 dys = %~ %5, =1.436E
dys =||%; - X|, =/0.0329

T 0 (3.21)~(3.23)X B @ A error],

Chuan-Yu Chang Ph.D.
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(3.32)
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Correlation Matrix Memory (cont.)

An error correction approach for correlation
matrix memories
¢ The drawback of associative memory is the

relatively large number of errors that can occur
during recall.

¢ The simplest correlation matrix memory has no
provision for correcting errors
Lack of feedback from the output to input.
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Correlation Matrix Memory (cont.)

¢ The objective of the error correction approach is to have
the associative memory reconstruct the memorized pattern
In an optimal sense.

c The error vector is defined as
e () =Y, - I\E([)Xk (3.33)

Z MY y, desired pattern with the key input pattern x,.
¢ The discrete-time learning rule based on steepest descent

NF(t +1) = NK(¢) - mD e(zE) (3.34)
L
o
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Correlation Matrix Memory (cont.)

Z Menergy functionr D
= 1, 2_1 = 2 |
V) = lel, =2 [y - MROX ], €
Computing the gradient of (3.35)

D ze(NF) =- y, % + NI x|

(3.36)
(3.36) 9 (3.34)
VF( +1) = () + nFyk CNEOXIN e
N4
%%,g? Error vector

bk A 4% Chuan-Yu Chang Ph.D.

23



Correlation Matrix Memory (cont.)

¢c B37)nA 3 MAMg5 ABAY4L error

vector( 0 (3.33)) Y. 'l z X error correctionA |
0l
¢ (33704 KB >
NF(2 +1) = NF() + i = V)X (3.38)
é (3.7, wY 2 t |
NE =NF_, +y.x, for k=122 ,h (3.7)
¢ (3.37)n U error correctionA N T h
associationA é M /1~ pattern "H B,
L X - VY., for k=122 ,h (3.39)
oy

Chuan-Yu Chang Ph.D.
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Correlation Matrix Memory (cont.)

Selecting the learning rate parameter (/7)
¢ Fixed learning rate
¢ Adjustable learning rate with respect to time

¢ For each association, the iterative adjustments to the
memory matrix (3.37) continue until the error vector g,
(3.33) becomes negligibly small.

The Initial memory matrix
¢ The initial memory matrix M(0)=0.

& (229 Y  (3.37)p 1 LMS,

NE( +1) = NE(E) + iy, - NE(E)x, ]X] (3.37)
Wk +1) =w(k) + - B, IW)] =wK) + m(k)x(k) @2

~ Chuan-Yu Chang Ph.D.
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Backpropagation Learning Algorithm

Backpropagation algorithm
¢ Generalized delta rule

¢ Training MLPs with backpropagation algorithms results in a
nonlinear mapping.

¢ The MLPs can have its synaptic weights adjusted by the
BP algorithm to develop a specific nonlinear mapping.

¢ The fixed weights after the training process can provide an
association task for classification, pattern recognition,
diagnosis, etc.

¢ During the training phase of the MLP, the synaptic weights
are adjusted to minimize the disparity between the actual
and desired outputs of the MLP, averaged over all input
patterns.

=
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Backpropagation Learning Algorithm (cont

A Basic BP algorithm for the feedforward MLP

(Activity
level
vector
(Weight matrix for (Weight matrix  (Activity (Weight matrix
for layer 1) layer 1) for layer 2) level for layer 3)
w y w® vector w® (Activity
N S —_— R for —_— level
layer 2) vector
m v(z) for
TG X layer 3)
(2) 5 v(3)
> 7% o
(1) 3
7% =0
()
z 7
0 . )
a0 : 2 ) O n
@) w ©)
2 VANO! ngny Xow=
n
m W @ ¢ ggm2X1 ek
Fan0) Ly Xout € R
(1) np X1
i Xgu € R f A
—— ) ~— = % \ ~ v
S Input First hidden layer Second hidden layer Output layer Response
)b aL - vector n; neurons n, neurons n3 neurons vector
£3%S  patem a

70/\“\’ x e R0X! yerm!
o= i 4o Chuan-Yu Chang Ph.D.

3 layers network
-1 output layer
-2 hidden layers
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Backpropagation Learning Algorithm (cont

¢ The standard BP algorithm for training of the MLP
NN is based on the steepest descent gradient
approach applied to the minimization of an energy
function representing the instantaneous error.

E, =2 (dy- X (A - XD =28 (A - X0 (340)
2 2 =1

ZMd@y g1 inputA desired output.

X®ou=Yqt MLPA R L

28
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Backpropagation Learning Algorithm (cont

¢ Using the steepest-descent gradient approach,
the learning rule for a network weight in any one

of the network layers is given by
HE,

i (3.42)
IJ'VVJ('i )

D = -

where s=1,2,3

29
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Backpropagation Learning Algorithm (cont

¢ The weights in the output layer can be updated
according to

HE, (3.42)
uW(3)
ji

¢ Using the chain rule for the partial derivatives,
(3.42) can be rewritten as

DW(3) =_- P

Dw' = - nf? (3.43)
w§3) HWf.?’)
)QQL
%ﬁ? 30
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Backpropagation Learning Algorithm (cont

cnn. (3.43)n A

(3) 2 n ~
Wit _ B &2 a0 9 o
3) 3) @. ij(h Xouth 8_ Xout,

i i Gh=t

(3.44)

Eq (3.40N° 9 }

e B - FEOl=- 1, - o) @9

- I
VSV e y
or
UE, 5
— (3) (3) (3)
w® (dqj - Xout,j)g(uj )E' a, (3.46)
j
Local error, delta
Q0L ’
S

N 31
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Backpropagation Learning Algorithm (cont

¢ Combining (3.43), (3.44), (3.46), the learning rule
for the weights in the output layer of the network is

WO = i O x2 .47

out,i
or
w® (k +2) = w (k) + 2 a2, (3.48)

¢ In the hidden layer, applying the steepest descent
gradient approach

(2)
ow® = g PEa _ o HEa WY, (3.49)
i 2 1@ (2)
” MW, M W5,
IO
o -

| » Chuan-Yu Chang Ph.D.



Backpropagation Learning Algorithm (cont

c BA9NH AY  u YK®YD

(2 o
I V-, 3.50
J(2) - (2) @ Wfﬁ) Xc(>t)t h 8 Xc(i;)tu ( )
Wi MWii ™ Ch=1
HE Bine &n, oo U
q — p‘ ! 1 ~N A ( N | XOUt]
= 128 6d.,- FR WX, Qg (3.51)
U WXow, 206 ‘?‘i o Sy
LE en:
(;5 a ea- (dqh Xoutthj ) hj UQ(II )
e (3.52)
an Q D
_ : ). (3) (2))= )
8 b o
0L IR
& 3
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Backpropagation Learning Algorithm (cont

¢ Combining equation (3.49), (3.50), and (3.52)

yields
2 _ L2 42 ()
DV\iji _nS] Oi, 1ut,j
or
W k+D) =)+ 7 of?

‘ bk A 4% Chuan-Yu Chang Ph.D.

ut,i

(3.53)

(3.54)
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Backpropagation Learning Algorithm (cont

¢ Generalized weights update form

W k+D=w(K)+ 17 g K&

where (for the output layer)
d”=da- X, ) (356

(for the hidden layers)

% dsﬂ hT+1O Q/ ) (3.57)

(3.55)
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Backpropagation Learning Algorithm (cont

Standard BP algorithm

¢ Step 1: Initialize the network synaptic weights to small
random values.

¢ Step 2: From the set of training input/output pair, present
an input pattern and calculate the network response.

¢ Step 3: The desired network response is compared with the
actual output of the network, and by using (3.56)
and (3.57) all the local errors can be computed.

¢ Step 4: The weights of the network are updated according
to (3.55).

¢ Step 5: Until the network reaches a predetermined level of
accuracy in producing the adequate response for all
the training patterns, continue steps 2 through 4.

\_
s

N7/
S\
A

~ Chuan-Yu Chang Ph.D.
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Backpropagation Learning Algorithm (cont

Some Practical Issues in Using Standard BP

Initialization of synaptic weights

¢ Initially set to small random values.
T BIEY-XK D saturation.

¢ Heuristic algorithm (Ham, Kostanic 2001)

Set the weights are uniformly distributed random
numbers in the interval from -0.5/fan-in to 0.5/fan-in

\..
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Backpropagation Learning Algorithm (coil

Nguyen and Wi drowo6s 1 niti
¢ Define( .~ z X GCH Al )

ny,: Number of components in input layer

n,: number of neurons in hidden layer

g scaling factor

¢ Step 1. Compute the scaling factor according to

g=0. 7”\0/7 (3.58)

¢ Step 2: Initialize the weights w; of a layer as random
numbers between -0.5 and 0.5

¢ Step 3: Reinitialize the Welghts according to

W; =9 (3.59)

n,
aw

¢ Step 4: For the i-th neuron in the hidden layer, set the bias
to be a random number between Tw; and w;.

\..
P
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Backpropagation Learning Algorithm (cont

Network configuration and ability of the network to
generalize

¢ The configuration of the MLP NNOt w "Hf & db
Hidden layerA y € ™ hidden layerA a y a
"H 1 A activation function],
Network performanceA N° 0 activation functionAn n Y
~ " 0 hidden layerA y & M hidden layerA a i
hidden layer a T W trial and errorA Cn f &)
MLP NNG . D X 2 hidden layer]
C ~pY  AHiddenlayer a Y K’ good
network performanceY T +C v oover-d e s i gl evd o
D ooverf iYt~0 Yy A generalization]

s
205
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Backpropagation Learning Algorithm (cont
Example 3.2

C
C
C

| MLP Zz X C v hidden layerY 50+ al
) CMT RGO N y=e*sin(3X)
(@)Training:” [0,4]N1 Yé&0.2a ¢ YQ21 target mean square
error=0.01] The network converaged in only 5 epochs.
(b)Testing:” [0,4]N Y é&0.01a ¢ YQ401 |
Training data D overfitting

€6, 9
+

1 1 T T T T T
) Function approximation | £ 0.8}| Network
+ 0.8 & 06k testing
: )
g 06f g £ 04f
8 o4k i £ 02f ]
2'“ :I (e “'W
i ] T s -02f J
B 2
B of - 2 -04f
=4 (3]
o) S 061
02r 2 -038 h
-04 ] ] ] | ] L 5 -1 ] | | ) L1
0 05115 2 25 3 35 4 0 051 15 2 253354
Input Input
. a) ®)
t GArt1a  aAd
AT :

40
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Backpropagation Learning Algorithm (cont

Independent validation

¢ V 1 training dataw K L A performance
qualityY D overfitting),
¢ Kv 1 independent validationw 9 i |

K A datam D training seté testing set]
¢ OJ] datarandomizeY

Yq Nu > Z wu dtraining setn W update
A | Testingsetn w K trainingA |

\..
P

o

J
..\

41
Chuan-Yu Chang Ph.D.



Backpropagation Learning Algorithm (cont

Speed of convergence

¢ The convergence properties depend on the magnitude of
the learning rate.

(. | Yoy ¢ A Y learning rateH
1

A o} global minimumY >
éYy ~ 0 HY* 3k errorsurfaceA e
1Y 2| =A L
d AKnszxze o

¢ Consists of various heuristic improvements to the standard BP
algorithm

¢ Involves use of standard numerical optimization techniques

"I 7, Y preprocessing and reduction in the input data can result
In improved performance and faster learning.

¢ PCA, FFT, WTEe

L
%ﬁ? 42
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Backpropagation Learning Algorithm (cont

Backpropagation Learning Algorithm with
Momentum Updating

¢ To update the weights in the direction which is a
linear combination of the current gradient of the
Instantaneous error surface and the one obtained
In the previous step of the training.

¢ The weights are updated accordingto ~ Momentum term

DV\; k+1)= n%d (k ))(Out,() aDV\;jiS)(k-1)/ (3.61)
o Wk D)=+ 7701052 ) +a k- ) (k- 1] | (3.62)

Fo>GCUA pY QZn pA 43
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Backpropagation Learning Algorithm (cont

¢ This type of learning improves convergence

If the training patterns contain some element of
uncertainly, then updating with momentum provides a
sort of low-pass filtering by preventing rapid changes in
the direction of the weight updates.

Render the training relatively immune to the presence of
outliers or erroneous training pairs.

Increase the rate of weight change, and the speed of
convergence is increased.

=
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Backpropagation Learning Algorithm (cont

c >. A K&y > 1t wA update equation
Dk +1)=- ,ﬁ)ﬁ%+aa\,\;jj)(k- 1) (3.63)

c . Q g W errorsurfaceA% O Y/ gradient /1 B
Y. 1 (3.63) KQR D

e 4110 - s)qu_a JHE, s)qu+
D\I\/(ji(k 1) /ﬁmﬂg /ﬁmlgjan%mS
3.64)
= n&s) +a+a’+3 qu (
pravs B
n%%)

m ﬁ (3.65)

\g *
‘ bk A 4% Chuan-Yu Chang Ph.D.



Backpropagation Learning Algorithm (cont

Batch Updating

c A BP " AB T € ¢ input/output
training pairj,

¢ Batch-updating/ _ A training pattern/
W B 1) (K ¢ M n /O pairAY A

xd gt A )]
¢ Batch-updatingz X t w 00

Gives a much better estimate of the error surface.

Provides some inherent low-pass filtering of the training
pattern.

Suitable for more sophisticated optimization procedures.
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Backpropagation Learning Algorithm (cont

Search-Then-Converge Method

¢ Akind of heuristic strategy for speeding up BP

Search phase

¢ The network is relatively far from the global minimum. The
learning rate is kept sufficiently large and relatively constant.

Converge phase

¢ The network is approaching the global minimum. The
learning rate is decreased at each iteration.

\..
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Backpropagation Learning Algorithm (cont

c. L o A~ global minimumyx
Y "KWTtwZnwK
k) = nzl+i/ko (3.66)
_ 1+ (c/ mg)(k/k, )
k)=
) M (e m)iik,) ol ko] (3.67)

A o Y 1<c/m<100, 100<k,<500
k<<k, learningrateQR v 3, (search phase)

k>>k, learning rateWw 1/kB3 1/KRA W W 10
(converage phase)
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Backpropagation Learning Algorithm (cont

Batch Updating with Variable Learning Rate

¢ A simple heuristic strategy to increase the
convergence speed of BP with batch update.

¢ To increase the magnitude of the learning rate Iif
the learning in the previous step has decreased
the total error function.

¢ If the error function has increased, the learning
rate need to be decreased.

W\

Y
R

49
Chuan-Yu Chang Ph.D.



Backpropagation Learning Algorithm (cont

¢ The algorithm can be summarized as

If the error function over the entire training set has decreased,
Increase the learning rate by multiplying it by a number /7>1
(typically #=1.05)

If the error function has increased more than some set
percentage X, decrease the learning rate by multiplying it by a
number ¢<1 (typically ¢=0.7)

If the error function is increased less than the percentage X,
the learning rate remains unchanged.

¢ Apply the variable learning rate to batch updating can
significantly speed up the convergence.

¢ The algorithm easily be trapped in a local minimum.
K & Holearning rate m,

\_

&

» Chuan-Yu Chang Ph.D.

P

=J|
=

50



0\.-

./
W\

Homework

Write a program using a MLP to classify the digits (0-9).

¢ The number of neurons in the output layer should be equal to the
number of digits.

¢ Each of the digits is represented as a 9x4 matrix of binary
numbers.

¢ The input training patterns can be generated from each digit as a
vector resulting from applying the vector operator to each matrix
representing the digit.

¢ After the network is trained, introduce random noise into the digit
representations, and test the performance of the neural network.

/),
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Backpropagation Learning Algorithm (cont

Vector-Matrix Form of the BP Algorithm
c” (3.4)K & t L

=2l 5 e X2 (3.68)

¢ V I steepest descent approachY the synaptic
weight update equation can be written as

V\;)(k+1) V\;( )- g" V\; (3.69)
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Backpropagation Learning Algorithm (cont

¢ Applying the chain rule to (3.68)

HVI\E; ! Eq Ou \L//\; (3.70)
c (3.700A ¥ K D
uu U-VV( % V\} Xo tho_ u-t,j (3-71)
¢ (3.70)A C.‘ YC t sensitivity
s =
di()l " EU-(S) (3.72)
L |
%ﬁ> 53
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Backpropagation Learning Algorithm (cont

¢ Use (3.70) and (3.71) to rewrite (3.69) as

V\;)(k+1 V\; +a d XOU'[J (3.79)

or In vector-matrix form

Wk )=+ 2D @74
where D®) represents the sensitivity vector of the
sth layer
\ T
a
D(S)=- E E UEng (3.75)
euul W, unsg
BN 78
s 54
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Backpropagation Learning Algorithm (cont

Calculation of the sensitivities
¢ The sensitivity vector of the output layer

HE«S = g d.- 8 d 0k

U,
:ﬁvﬁg [d {7 E (3.76)
el -, Xl
where g(X)=df(x)t activation functionA ¢ 7
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Backpropagation Learning Algorithm (cont

¢ (3.76) d(3.75 Y/ p A sensitivity vector
K@Y D
D”=Gl Md, x2) @77

cvnm @750 A% uchainruleY ¥ A
sensitively vectorK ®y D p A sensitively

vectorA t
o ~T o ~T
n?- “Eq _ &Y8 WE, &8 oo
U U(2) (ﬁl U(Z)g u u(s) (ﬁl L/(Z)S (3.78)
Q0L
/\g >°
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Backpropagation Learning Algorithm (cont

c Z MY (3.78)n MA sensitivityK @y D Jacobian
matrix

) 3) 6g

VA Y

Z ) ) (2) 2

?“ul) HU2) Wi/, U (3.79)
) )

e (3u
e ( 3 l"IIJZ u
Sl —He L
U, B, MUz §
é 3 )

(3)U
) 2) 3 _(_FUUn; 3
éuU1 HUZ lJ'L/nZ l:l

ori
o_3Wy 8 0
D —aéj—no D 3. 80
@ulo ( )

NG 57
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Backpropagation Learning Algorithm (cont

¢ (3.79)n Jacobian matrixM A a
(3)

@

MY, en. l'l'xou,'

U( =— 4 VV.( uth V\;. —(zt)J (3.81)
Yy, uu, e Y,

o i)

¢ (3.81)n" 49 (3 7‘9)'1 Y Jacoblan matrixK B D

8 WG bl =6 b 38

O

5
Qj*
-O: 00

G(v(z) ) = diag[g (v{z) ) g (v§2> ) ..... g (vflzz) )]

58
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Backpropagation Learning Algorithm (cont

¢ L (3.82)nuy (3.78n., WLYTK

D(Z) =G b(2)M(3)T D(3) (3.83)
Y C€ A sensitivityK®y 2
(1) _ WL A /2T R (2
D"=G "W D o
INOL
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Backpropagation Learning Algorithm (cont

Vector-matrix form of the BP algorithm

¢ Step 1: Present an input pattern and calculate the outputs
of the network and all the internal layers.

¢ Step 2: For each of the layers, calculate the sensitivity

vector accordingto =G(v)(d, - x) for outputiayers

DY =GV WETD® for all hiddenlayers
¢ Step 3: Update the synaptic weights of the network

according to
Vi (k +1) =W® + DO X(()S-tl)T

¢ Continue steps 1 through 3 until the network reseachs the
desired mapping accuracy.

=
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Accelerated Learning BP Algorithm

Conjugate Gradient BP for the Feedforward

Multilayer Perceptron

¢ Conjugated Gradienty € A 1TCAYA W

n" A Vo YhK t i 1 A€o

AAT ]

c A QY MHY ~ A Jt K
CM AN GO N AK | wm A hn
A a A desired

1 P )2_1 T T
J(W)‘Epa_-l?:l 2 Yol T5W Qw-p W (35
N
%,g\r R a 61
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Accelerated Learning BP Algorithm (con

¢ B85)NMAQrSCM Il n ACD Y Hessian

Matrix|,
¢ Conjugated gradient algorithme ~error
surfaceA conjugateCQ Yuoy "1 GO p update
!
¢ O U Hessian matrix QA T Y. 1€
n A conjugated gradient algorithm ]
conjugateC) ~ 1Y Hessian matrix|,
& CH a | ¢ normalequationY Lqv 7
conjugate gradientA ~ Ak 'l normal equation]

» Chuan-Yu Chang Ph.D.



Accelerated Learning BP Algorithm (con

Normal equations for the linear combiner
¢ MLPNNA s A M linearcombinerA p K®

y
U= K (3.86)
| | ut,qg

c e ¢ 9 combinerA desiredt 6~ Y/
A3~ U v costfunctionA % CO  Hbdb
A

3= %9 -

(3.87)
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Accelerated Learning BP Algorithm (con

¢ (3.86) 9 (3.87)n VY K

(5 _ 1% ( (s) 9T (s 1))2
J -4 dis V\;. Xout,g (3.88)
q=1
c J wwW n
(s)
H i _.I\{l S s-1 s-1 s-1)T s)| _
MDA d o w0 a9
c ]
C7" & Xoria Xomn (3.90)
o=1 ) ut,
s). M 9 (s
pi ' a dl(tz Xf)ut,lc)1 (3_91)
N\ q=1
0

A 64
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Accelerated Learning BP Algorithm (con

-0 (3.89KB >
Ci(s)v\;iS): pI(S) (3.92)

¢c COK + s 9, A covariance matrixA K
o Yp® £ s A YE linear combinerA
desired output A cross-correlation vector.

C A K thz” VA AGCH
' desiredé actual outputA | £ 0,

\..
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Backpropagation Learning Algorithm (cont

BP with Adaptive Slopes of Activation Function

¢ For the standard BP, the rate of the update Is
proportional to the derivative of the nonlinear
activation function.

¢ See Fig. 3.6, A Y aA p¥K
g f A E1Yv f A u
17T HY D A T |
f CIAM

c Yo t A YW w0 € A ]
¢ Optimal activation function slope that balances the speed of
the network training and its mapping capability

\..
P

0
%ﬁ> 66

Chuan-Yu Chang Ph.D.

J
"\



Backpropagation Learning Algorithm (cont

N
08 B 6 - \ n
0.6 i g
0.4 - 5t l
0.2 | = 4} =
= 2
& of ) g :
S 5 5L
S -02F Y © y
~0.4 1 y 2t 1
~0.6 E Nl .
-0.8 n ]
- | | |
19 1 T =05 0 05 |
Input
(b)

R/NS 67
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Backpropagation Learning Algorithm (cont

c v i (340N T A minimize performance

criterion
£ 20, 2 - 2) =24 (0 X &113
ZMY s®dy A | dt desired p ,xt
R L
¢ Sigmoid activation function
_1-exptg ¥
flv.g)= 1+expl g i (3.114)
ZMut 9 g |,
NOL
s 68
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Backpropagation Learning Algorithm (cont

. m R T B AGH
¢ s I a A B t | ( i1A)Y g

9 (k+D) =9 (k) - b% (3.115)

¢ @ i chainruleY/ (3.1155n A 3 KB >

HE, _ HE, MU X
ug? xS pg
= 1 IJXf)i)t. e fg(u,g) (3.116)
=-a (s) (s) g(s)_' i f( )
X /e pg AU,

S
\1 >
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Backpropagation Learning Algorithm (cont

¢~ 1 (3.114)n A activation functionY /
fg(u,g):%[l— f(u,g)z] (3.117)
1 2
f (u, g):E[l— f(v,9) ] (3.118)
¢ (3.116~3.118) 4 (3.115) Y/ f A
B GO nt
Fk+D=g9K) +b & (3.119)
INOL
%,\Qr 70
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Bcakpropagation algorithm with adaptive
activation function slopes

Step 1: Initialize the weights in the network according to the
standard initialization procedure.

Step 2: From the set of the training input/output pairs, present
the input pattern and calculate the network response.

Step 3. Compare the desired network response with the actual
output of the network, and the local errors are computed using

s = (dqh - X8 )g(vi(s)) for outputlayer

2 Q
s = & o Pwi 8g(vi(s)) for hiddenlayers

~\—
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/T
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Bcakpropagation algorithm with adaptive
activation function slopes (Cont.)

Step 4: The weights of the network are updated
according to

2 i +2) =02 () kI,
Step 5:The slopes of the activation functions are
updated according to R

g (k+1)=go(k)+ b & + [g?( - g9 (k- 1)J term

Step 6: Stop if the network has converged; else go
back to step 2.
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LevenberdMarquardt Algorithm

The Levenberg-Marquardt BP Algorithm represents
a simplified version of N
the problem of training MLP NNSs.

Summary of the NewtonoO0s o
¢ Finding a vector w that minimizes a given energy function
E(w).
¢c According to Newtonds met hod,
accomplish this minimization task by follows steps:

¢ Step 1: Initialize the components of the vector w to some
random values.

¢ Step 2: Update the vector w according to
w(k +1) =w(k) - H,'g, (3.120)

=
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LevenberdMarquardt Algorithm (cont.)

¢ Where matrix HY, represents the inverse of the
Hessian matrix. The Hessian matrix is given by

e WEMW) K EW) 3 W E(W) 2
e uvv2 W, W, lewNN &
e wE(wW)  UEW) 3 W E(W) u
H =¢ g W T (3.121)
@333 3333 333 333\
& CE(wW)  E(W) 3 WEM) u

8 HW W, HW B, g
¢ The vector g, represents the gradlent of the

energy function, computed as
_QEW) JEW 5 pEWS

&y W, T (3.122)
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LevenberdMarquardt Algorithm (cont.)

c ~Y(31200nXCHM° EA Yv ~  Hessian
matrixA u Y. 1YLMBP WGCKPA RA" |
¢c. 34AMLPY A K £+t ° ¢
1Y v "HX pattern A desiredé actual output

A J HoA Y QpatternA XYY/
energyfunctlonK D

Q Q N3
E(w =>4 (0, - a0, [0, - x0,)=58 ) (3123)
ZMY Q%rq:ﬁr(alnlr)l(og ?o)a terr)l(oAq) ad QJI—I - qh) Y

d.t desired Y x®, & q patterrh A
R L
BN/
s 75
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LevenberdMarquardt Algorithm (cont.)

Newt ondsYmet hodHhoA VoA
KOT n

Wk +1) = w(k) - H;'g,

(3.124)
Z M
H, =DZE(W)‘sz(k) (3.125)
d. :DE(W)‘W:W(k) (3.126)
p=nQ Y/ (3.123)K >
_Lla(y oo Pols 2
E(W) — 2pa:_1(dp Xout,p) Zpaz'lep (3.127)
Z M
_ (3)
. e, = dp - Xout.p (3.128)
INOL
Y/\g
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LevenberdMarquardt Algorithm (cont.)
(3.126)n A gradient'K Ot n

P ZQ
e“aepu
&=y el (e o
e W g éad€—u
P u ePl U-Wlu

g:—W _eiu ea. le.VV u JTe (3129)
w26 w0 e My
é 4 U é; e, u
¢ o U &
eHla €, u géle Wy, g
e Pl U
e W H
e %}
Z M éliel He 3 He ¢
éuvvl MW, MWy 0
el B8 4 W5
J= S, W, M, U (3.130)

Q\Qé gl LW, MW G
N
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Levenberdarquardt Algorithm (cont.)

Hessian matrixA kM a K&y D

"E(W) _ .. dye, 1is, we, 0
prEw)|, =EEW 58S K o Q (3.131)
| L, LW LW, agﬁ’ka W, g Q

v 7 (3.130)n A Jacobian matrixE n Y Hessian matrixK
@Oy D
P’EW) =J"J+S (3.132)
ZMY S GV "
s:g e,D%, (3.133)
p=1
Q t A H11 Y A a - BbY
'l Y Hessian matrixK R D
BN/
/N
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Levenberdarquardt Algorithm (cont.)

(3.129)€ (3.134) 4 (3.124)Anewt onoO6sY et h

w(k +1) =w(k) - [373,|*37e, (3.135)
(3.135n K~ EH=JUA W 1R Y.
(3.134) b AV B

ZMY mrC  H1Y It identity matrix
(3.136) d (3.135)K

w(k +1) =w(k) - [373, + m] e, (3.137)
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Levenberdarquardt Algorithm (cont.)

(3.137)n Z | M AEe AN A
T —
(3.137)0n MA Ml — H» ¥/ (3.137)QR 0 (3.135)n A
o A:

(3.137)n MA m €1 Y/ (3.137)n M5 BA 3}
oA (B.137)nY, 1 (3.137)n KB >

wik +2) =w(k) - [373, + m [ 37e

o w(k)- [miI]*3 e =wk)- %ng (3.138)

¢ a=1/mYuvn (31290 Y/ (3.138)KB >

wk+1) =w(Kk) - a,g, (3.139)
3 i 1 AAD D ]

80
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LevenberdMarquardt Algorithm (cont.)

LMBP AA € "0 Jacobian matrix J(W)A
Y e -

Y MAé&+va A t
Ji; = (3.140)
|
(3.1400n A mnYKint nwQR
J, . -8 (3.141)

ZMr ey, HbA T or wH A p

Chuan-Yu Chang Ph.D.
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LevenberdMarquardt Algorithm (cont.)

Levenberg-Marquardt BP Algorithm

¢ Step 1: Initialize the network weights to small random
values. Set the learning rate parameter.

¢ Step 2: Present an input pattern, and calculate the output
of the network.

¢ Step 3: Use (3.141) to calculate the elements of the
Jacobian matrix associated with the input/output pairs.

¢ Step 4: When the last input/output pair is presented, use
(3.137) to perform the update of the weights.

¢ Step 5: Stop if the network has converged; else go back to
Step 2.

=
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LevenberdMarquardt Algorithm (cont.)

Additional remarks:

¢ The weight update approach presented here is a
batch version of the LMBP algorithm.

¢ The learning rate parameter /;p can be modified
dynamically during the learning process.

¢ The Jacobian matrix used in the update equation
need not be computed for the entire set of
Input/output training pairs.
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Y
R

Chuan-Yu Chang Ph.D.



Counterpropagation

Counterpropagation networks
¢ O Hecht-Nielsen (1987)H p |

chAf ~ CM: (self-programming)A
V A ®(lookuptable)Y w d9é p
A A L
¢ Counterpropagation networksA | = MLP¥ Y

TZ'H A a W MLP |

¢ Counterpropagation networksA | mndlxZ
Forward-only counterpropagation networks
Full counterpropagation networks

\_
s

N7/
S
A

~ Chuan-Yu Chang Ph.D.
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Counterpropagation (cont.)

Forward-only counterpropagation networks
¢ O 9 (inputlayer)y (hidden layer)y 1, p
(output layer)'H D |
c Z - ON° A learning algorithmw |
Ko h on e n-@rganizirgy earrfing rule
Grossbergds |l earning rule

N\
V4
ég % Kohonen's layer N Grossberg's layer
N
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Counterpropagation (cont.)

o

c A Y = W desired pattern],
¢ Kohonené Grossberg A =~ un Al
qg, € 9 A 1
n
A _ _ | 2 3.142
Z; —dlst(x,wj)—Hx— W Hz —\/a (xk - ij) ( )
k=1
1Y A pKOtw JU pwd
el if iisthesmallesintegerfor whichz ¢ z;, forall |
Z =] | (3.143)
O otherwise
( aA ~ 9 A QA a plYZ" A po
INOL
Y/\'g 86
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Counterpropagation (cont.)

R
(T X

~\—
SR
/T

~

Y* Ko h on e ndganizng leaining ruleB 1
(T B winner neuronY Z~ A

ar HM1aoA) |

W; (k +1) = [1- z:z(k)]wj (k

aA 11B n oy

A " Y/ Grosshb

M winner

a1

A

)

+a (k)x (3.144)

rgods Bl earmbi ng
"1 "B )

U; (k+1)= U; (k)+ b(k)l' Uj; (k)+ Y JZi (3.145)

Chuan-Yu Chang Ph.D.
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Counterpropagation (cont.)

Algorithm for training counterpropagation networks
c Stepl:f ¢*rm A N( aAv )Y uoyw

Ann"'ljl’~f|L

c Step2: w 9 AxYé A pyl

¢ Step 37  (3.142) g Aé 9 = A i
¢ Step 47  (3.143) A pl

¢ Step5” (3.144)B Kohonen A |

¢ Step 6  (3.145)B Grossberg A |

c Step7:; Q | / AYX/ [3Step?2 P |

Chuan-Yu Chang Ph.D.
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Counterpropagation (cont.)

Example 3.3

¢ Designing a neural network to approximate the function
y=1/(x+1) in the interval[0,4].

¢ A forward-only counter propagation network that has 20
neurons in the hidden layer.

¢ The learning rate is set to 0.95 and decreased according to

~

a(k) = a, expee Lge 1

10-
¢ The network trained for 50 epochs.

o o
oo \O

e
Q

Neural network output
=) (=)
(TN

e
~

o
w

=

| | | | ] ] O

05 1 15 2 25 3 35 4
Input
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Counterpropagation (cont.)

Full counterpropagation

¢ Forward-only counterpropagation networksT ~ w
GO A ] O 9 qgyY KE

A p)
¢ Full counterpropagationK  w | A |
O ¢ qyYKE A quﬂx )

¢ Full counterpropagation networksX x 1T d
qd xYy u A ~ WKohonhv 6s]

" Z9 n A ~ WGr os s bleir gds

\..
P

J
"\
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‘ Counterpropagation (cont.)

layer

*
N1
s b 9 N pe (RS N
4 e / 4 % 1 ter D ¥ S~
x2* Sa- /’ / /// C us \\\ \\\ ‘\\ N yz*
/ /,/ /', layer \\ M %
/ 7/ // \\ \\ \\
° I, // 7 \\ Y .
s N LY .
. 154 7’ N . Y
;5 e N @
s S NN \\
s N \
% XN mxXN g
n *
x’:- & V e R TefR Y
x output y output

)Q\@L lavar laver
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Algorithm for training full counterpropagation networks
c Stepl:f ¢Gu A N( aAv )Yuoyw Annopw
0l
WE VA pO1 0 dxA € 1 M

UETAQOT OO0 dyA € b1 M

L

L

¢ Step2” tn g Axé dy A L
n
Zj::a(xk ) "'a(Yk U|k)
k=1 k=1
¢ Step3" tn A pl
_ &l if iisthesmallesintegerfor whichz ¢ z;, forall |
4" :'0 otherwise

¢ Step4” T nB Kohonen A
w(k+1)= & (? w (k)+a ()
Ui (k+1)=[1- &, (k) (k) +a, (k)y
¢ Step5~ 1t nB Grossbherg A |
Vii (k+1) = Vji (k)+ bx(k)l' Vii (k)+ X JZi
t (k+0) =t (k) + b, ()] t; () + v, |2
¢ Step6: Q | / AYX/ (3Step?2 Pl

“\/
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‘ Examples

A Copyright authentication for images with a full
counter-propagation neural network

¢ Chuan-Yu Chang, Hung-Jen Wang, Sheng-Jyun
Su, Expert Systems with Applications, Vol.37,
pPp.7639-7647, 2010. (SCI)

A Copyright-Proving Scheme for Audio with
Counter-propagation Neural Networks
¢ Chuan-Yu Chang, Hung-Jen Wang and Wen-Chih

Shen, Digital Signal Processing, Vol. 20, pp.1087-
1101, 2010. (SCI)

2
\g 93

4= tatiw Chuan-Yu Chang Ph.D.


counterpropagation/2005_ICNSC_preview1.ppt
counterpropagation/Copyright authentication for images with a full counter-propagation neural network.pdf
counterpropagation/NCS演講/NCS_Speech_new.ppt
counterpropagation/NCS演講/JDSP_published.pdf

Radial Basis Function Neural Networks

Radial Basis Function Neural Networks

¢ € & DA®S FoYz 6. AdA 2]
c W p d4é p, E AT \

¢ RBFENN W t QA GO WO

¢ RBF NNO* a"H > dinputlayery hidden layer (6

t nonlinear processing layer) y 4 p  (output layer)

\[# i Output layer
Input layer Hidden layer
S
A 94
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Radial Basis Function Neural Networks (cont.)

¢ RBENNA p¢  t o

N

N
y, = f (X): a Wikfk(X’Ck): a Wikfkmx' CKHZ)’i =12,...m (3.146)

k=1 k=1

¢ ZMY N a A Y xt _qd Yct 9
, E A RBFMI Y wit P A ) 1]
¢ F()X nn T "Hy
f(x)=x linearfunction
f(x)=x° cubicapproximaton
f(x)=x*Inx thin- plate- splinefunction
f(x):exp( x*/s?) gaussiarfunction |« V i
£(x)=Vx2 multiquadiaticfunction
f(x)= _ inversemultiquadmticfunction
2+s

95
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Radial Basis Function Neural Networks (cont.)

¢ 0. A activation functionMY sin W a RBFA
=Y t spread parameterY Mi cr U A
Y P 9. E A a |

R/NS 96
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Radial Basis Function Neural Networks (cont.)

c MA é v ayY 4 xé Z A
MT ¢l1T A Euclidean Yu f,LyY
> A pl
c L " pMe A " F YV py]
c, t p A all u T& ..L, 'Yy,
K t0, ¢ pYQM A, R L
% .
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Radial Basis Function Neural Networks (cont.)

Training the RBF NN with Fixed Centers
c K RBFNN 1 AZH
€ np A weightY w,,
Radial basis functionA M1 Y ¢,

¢ Broomheado g AM C 9 A LMi |
c ” A A PDF R . AcentersYT- k o _ 1A
Mi T Al.1YS OK a1 € AMi Yq
VAN OACHA  Cun Yo 2AMI |
L

L’l’g Y P KOY D
= (
k=1

A
£(x(9).c), 9=1,2,..Q 3.147)
2 NM M1

ZMQL 9 AA

%
c CMMI
7(¢)

\..
P

N/
s 08

Chuan-Yu Chang Ph.D.
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Radial Basis Function Neural Networks (cont.)

c (3147 W. A£nQYy D
s g f(xD.c) F(xD.c) 3 F(XD.Cy) W g
e u e ue. .. u
H)Y S (x2.0) F(Xx.6) 3 F(X(2).c) 8w,
QU &(XQ).c) F(XQ)S) 3 FXQ).Cy)ieM

H

= f@

Chuan-Yu Chang Ph.D.
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A Euclidean distance




Radial Basis Function Neural Networks (cont.)

c. tMi corEGAY, ° A
DTE Y "H® A T 0 n Y
% € desired p AMSEK®OY D b
3 -, 1 oo §
JW=2A L@ ROP=20- B - H @150
g=1

¢ (3.149)0n" d (3.150)

I(W) =%(yd - Fw)' (yq - Fw) =%(y$yd - 2ygFw+w'FFw)  (3.151)
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Radial Basis Function Neural Networks (cont.)

Ve
-

c (3151)n HOYWE w

pI(w) _ (3.152)

W
—> -F'y,+F'Fw=0 (3.153)
—> w=(F'F)'F'y, :F*yd\ (3.154)

pseudoinverse

QM1 A 3 €0 0 training patternA Y/ A
\Z p € desired p Al - Hl
S0

/N 101
o= i 4o Chuan-Yu Chang Ph.D.




Radial Basis Function Neural Networks (cont.)

c (B154)Kdop EG® Mi A Aty A

BCYEG Y RBF NN BP&
counterpropagationA B |
¢, QMi A 3 €0 0 training patternA 3 Y

/ A R é&desired pMN Al - BbbY
U o Qv i (3.154)Y/ (3.151)n A error
L 0

s
2
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Radial Basis Function Neural Networks (cont.)

Example 3.4
c ” CY RBFNNW'QRT A CO n y=¢€"sin@Bx
¢ Interval [0,4] hidden layer: 21 neurons,

¢ Fig. (a) :trainingdb a 0.2Y "HW X 21+ al
(MT v +£1n1214Ma 1 Gaussian RBF, s=0.2)
¢ Fig. (b) :testingdba 0.01Y X 4019 & 1
l——— 1 S
T Function approximation | :g 0.8 I\i:gizrcl)rk
e 2 o6k : u A overfit
- - ( 1 §Bps
S 04 - 04r b
' 0.2t 1= ot
g 0 é 0
2 -0.2} *é:—o.z—
04555 T Ts 5 35335 4 © %0 051 15 2 25 3 35 4
Input Input
Q\/a (@) (®)
A
O/\ﬁ? 103
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Radial Basis Function Neural Networks (cont.)

Setting the spread parameter

¢ spread parameter s W1 w A heuristicE
AMi T d
€ A Euclidean maX
(3.155)
% Mi A
/ 7 (3.155)n Y M a A radial basis functionK &
y D
20
f(x,c.)= ex@ 8 (3.156)
o =
o " f(x)=exd- x?/s?)
PNS
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Radial Basis Function Neural Networks (cont.)

RBF NN Training algorithm with fixed centers
¢ Step 1.

Choose the centers for the RBF functions
c Step 2.

Calculate the spread parameter s for the RBF functions
according to (3.155)

c Step 3.

Initialized the weights in the output layer of the network
c Step 4.

Calculate the output of the neural network according to (3.149)
¢ Step 5.

Solve for the network weights, using (3.154)

\..
P

0
%@ 105
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Radial Basis Function Neural Networks (cont.)

Training the RBF NN using the Stochastic
Gradient Approach

c E¢Mi ARBFNNTX p A ~ Ku Y
R

0 - L T~ q M~ A Mi
I NTAOL . 1 H CIA NM €E AMI Y
DV oy T A Y A] b T L
¢ Stochastic gradient approachA RBF NNG
A'HX At ( y Mi B8 u RBFA

=)

\..
P

o

J
..\
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¢ ¥ Instantaneous error cost function
J(n>-—\e( n)|” = 2eyd<n) awk(n>f{x(n) ck(n>}

¢~ RBF GaussianY/ (3.157) >

J(n) = eyd (n) - a w, (n) expae Hx(n) Cy (n)Hz oy

sZ(n) oy
(; U
C A B COn Tt
9 |7| i _ H
1 W C, S
P S+ =c(n)- m3(n)
k C =Cx ()
s (n+D =5, (- m —I(n)
)QaL K Sk=sx(n)
U

Chuan-Yu Chang Ph.D.

2

(3.157)

(3.158)

(3.159)

(3.160)

(3.161)
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Radial Basis Function Neural Networks (cont.)

RBF NN Training algorithm with stochastic gradient-based
method
¢ Step 1:
Choose the centers for the RBF functions from input vectors
randomly.
c Step 2:
Calculate the initial value of the spread parameter for the RBF
function according to (3.155).
¢ Step 3:
Initialize the weights in the output layer of the network to some small
random values.

c Step 4:
Present an input vector, and compute the network output according
to
2 N
y(n) =& w{xn),c.s ]
k=1
BN 78
%ﬁ? 108
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Radial Basis Function Neural Networks (cont.)

c Step 5:
Update the network parameters .
w(n+1) =w(n) + men)Y (n)
e(n)Wk(n) f

k

c, (n+1) =c, (n) +m X(n),, (N, Jx(n) - ¢, (n)]

(143 =5, + m ST ). (0,5, 1) -, ()
ZM ‘
Y (n) = [A{x(n),c.. 5.} Ax(N).c,. 8 b F{X(N) 05 )T
M =yo(m-yn) | AN
¢ Step 6:
Stop If the network has converged; else, go back to step 4.
Q0
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Radial Basis Function Neural Networks (cont.)

stochastic gradient-based methodA 1

¢ T U outputlayerA = Y instantaneous error cost functionq ¢
MDY (convex) Y T o Y RBFNNA Mi €& spread
parameterA8 u J1 C & - convexY , 'l D training
algorithm X k ~ local minimumA | |

¢ © o~ p Y Learning rate parameters 1, m, m D17 1

¢ The learning rules are still less complex than BP., + RBF NNT
output layerA |

=
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Radial Basis Function Neural Networks (cont.)

Orthogonal Least Squares

¢ . RBFNNAo~ L ° yMi A Y TW

A COh Hqr stochastic gradient AY T 4+ D271 €A
!

¢ OLS (Orthogonal Least Squares) WGC N o A Mi
ChYKE AMa RBFNNAGI—bL

"HX W' t A Mi
T AMI a AMi  ( ay R 4w
St M1
E 3Y 16 9 wMLk ¢4 p J H t
FYAMi Y ' B . OLS aMi A A 1Y
A
¢ Gram-Schmidt orthogonalization
C Mn Z MA L (¢ M p)
¢ F' A, WYVE' AW " AE &MC )
) M=WA (3.162)
B[S
o
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Radial Basis Function Neural Networks (cont.)

c ZMALP TP

(D~

H

Q
'_\
N

[
3

3
e e el e el

é
A=€

&. .

é

&0 O

WOM TO A A, "H D

[EEY
DO
N

o

(3.163)

W™W = diag(h,,h,,...,h_) (3.164)

¢ Orthogonal decomposition theorem

Any vector can be decomposed uniguely with respect to the
subspace into two mutually orthogonal parts. One part is
parallel to the subspace Y, and the other is perpendicular to it

9]
B\,

\_
P

M 3E Y m= +e (3.165)
PN

| bk A 4% Chuan-Yu Chang Ph.D.
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Radial Basis Function Neural Networks (cont.)

Gram-Schmidt orthogonalization algorithm

c Step 1.
Set the first basis vector equal to one of the columns of
matrix M. _
W =my
¢ Step k:

Extract the k-th basis vector so that it is orthogonal to
the previous k-1 vectors

AT .
&, =mw 1¢Cick-1
<1
W, =M - a ayW
=1
200K Repeat step k until k=m

SONC 113
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\ Orthogonal decomposition theorem
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Radial Basis Function Neural Networks (cont.)

Orthogonal Squares Regression

¢ RBFNNK + & £ (regression model)
a AMi  Yud RBFNNLY "HX
training pattern 9 (3.166)K

y € 7(X,C,S,) f(x,C,,S,) 3 [F(x,cy sN);aewz €e g

u, € ue u e, u
f(x,,c,,s;) f(x,,c,,s,) 3 [F(x,Cy sN) Wo 3, eeu(3 166)

e4u6333333 333333 3 333333ue4u e4u

ué e u
f(x C,S1)  f(Xg.C,8,) 3 F(Xg.Cy SN)geWNH &l

y, =Fw+e
SNOIMT Y 7 oiMi v« X (3.167)
3 error-free mapping T D sizebl Errors between desired
€L, "K>nOLsSw N Mi Y N<Q and actual network output
L
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Radial Basis Function Neural Networks (cont.)

¢ OLS Aév 9YXK v desired outputA F
EA 9 O3 AMi |
¢ N<QA MT

¢ The least-squares solution yielding the weights
7]
w=0"y, (3.168)
¢ The actual output of the network
] 1] )
y=0 w=[f,,f,,2 f,]w (3.169)

¢ By using the Gram-Schmidt orthogonalization, the regression
matrix can be decomposed as

el a, a, 3 ay 9
1 a, 3 ay.
0 =BA=|b, b3 ,b,]¢ u |
[ ]83 33 33 3 331} (3170)
u
€0 0 0 3 13
L
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Radial Basis Function Neural Networks (cont.)

¢ 3.17T00n MYAL o T P Yoy P t1 B
TOEMTOAEf A, "H D

B'B =H =diag(h,h,,3 ,h,) (3.171)

c HL C P YZ wa hATt

N
h=b'b =g by (3.172)
k=1
¢ (3.170) 9 (3.167)nY K
Yy :B@+e: Bg+e (3.173)
N
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Radial Basis Function Neural Networks (cont.)

¢ Aleast-squares solution for the coordinate vector g is

given as
o i . e (3.174)
g=(B'B) By,=By,=H " BY,
¢ The i-th coordinate of the vector & is given by
g = DY
" b'b (3.175)

c 3 R 1 yAXCE

N
ViV, =9'B'Bg+e'e=g'Hg +e'e=g hg’ +e'e (3.176)

=1
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Radial Basis Function Neural Networks (cont.)

c Defined the error reduction ratio due to the
Inclusion of the p-th RBF center as

h g?
ler] =—2=°
p ygyd (3.177)
¢c Mi A ax g training pattern N 9
MY P 1t €l [err]pma)A Y
W FrdAMT Yu ey FY B3 R
"H u’A/E t Al
¢ € G A forward regressionY C v RBF
M'l' Y "HW error reduction rate Fl
0,

SONC 119
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Radial Basis Function Neural Networks (cont.)

Orthogonal least-squares algorithm for training an RBF
network
¢ Step 1.

K=1.For1<=i<=Q ,set p{) =f
Compute the error reductlon ratio of the ith center as

by, )

120

lerd, = 2
' b""b" Oy v,
Find
[err]'l = ma>{[err]i1,1¢ | ¢ Q}
and set
b =7 i\
and the center c,=c;;
QL
/N3

b=

Chuan-Yu Chang Ph.D.
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/7,
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¢ Stepk k2 2Forl¢i ¢ Q,i, i,i, Iy, Iy
Compute
0 biji :
al) = 1¢ jck-1

Set

=

®

>

Y

Compute )
(T
[err(i) — (bk' yd)
k bOTp® &7
g k k q/d yd
in
and select
— (k)
bk - bklk
and the center c,=c;,
121
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Radial Basis Function Neural Networks (cont.)

¢ Step k+1

A Repeat step k. The regression is stopped at step N,
when

N,
1- g ler];, <r

=1

where 0<r<1 is a selected tolerance value

70/@, 122
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Radial Basis Function Neural Networks (cont.)

c A Y, Adesired p €0 Bz

MA & v 3 p NAGCMYMI |
c X R A desired network outputA LY
A W Al LOLS NCT WA |
c ro 0 A -8 ~AX X EA Y.
Qrol€Y/ A = YT Mi bl Y D overfit-
Ing L = reiBBY A M ayrT |,
c C ~pYr 2
2
rzl-s—g
sd
N7
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Radial Basis Function Neural Networks (cont.)

Example 3.5

¢ Design an RBF NN that approximates the mapping
z=f(x,y)=co(3X)sin(2y), -1<=x<=1,

-1<=y<=1

RBFNNX 1211 M1

C
¢ V n Gaussian RBF function Spread parameter=0.3
c3A 0 1121 M7 |
¢ r=0.99 OLSLY t 2841 Mi Y 10377%]

NOL

/N3 124
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Radial Basis Function Neural Networks (cont.)

+ Initial RBF centers
o0 Retained RBF centers

1 © T T 1 T ! © SO ‘
ogk & + + + + © + <+ @
0.6 + + + o e + + + + 9

04<>++++€9@++®0

02F * + + + + + + + * ]
a OF + + 2+ o+ o+ o+ o+ o+ F 7
V2 F * + + + + + + + i

-04¢ 4 + + + D (&3] + + ® @

—06b + + + © @& + + + + 9

08+ © + + + + © + + O
—1 o | 1 | e I — 1
Ae 05 0 0.5 1
N7 %
INL
2025
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