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Biology Inspiration

* Neurons respond slowly
—10-3 s compared to 109 s for electrical circuits

 The brain uses massively parallel computation
—»101! neurons in the brain R
— »10* connections per neuron

Dendrites

Human nervous system is built of cells call
neuron Each neuron can receive, process and /- o
transmit electrochemical signals Dendrites 7 e
extend from the cell body to other neurons, G —
and the connection point is called synapse -
Signals received among dendrites are —Synapse
transmitted to and summed in the cell body If |
the cumulative excitation exceed a threshold,
the cell fires, which sends a signal down the
axon to other neurons
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Applications

0 Aerospace

a ng%h performance aircraft autopilots, flight
path simulations, aircraft control systems,
autopilot enhancements, aircraft
component simulations, aircraft component
fault detectors

O Automotive

O Automobile automatic guidance systems,
warranty activity analyzers

O Banking

O Check and other document readers, credit
application evaluators

O Defense

O Weapon steering, target tracking, object
discrimination, facial recognition, new kinds
of sensors, sonar, radar and image signal

rocessing including data compression,
eature extraction and noise suppression,
signal/image identification

O Electronics

O Code sequence prediction, integrated
circuit chip layout, process control, chip
failure analysis, machine vision, voice
synthesis, nonlinear modeling
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e
Applications

2 Financial

O Real estate appraisal, loan advisor, mortgage screening, corporate
bond rating, credit line use analy3|s portfolio trading program,
corporate financial analysis, currency price prediction

0 Manufacturing

0 Manufacturing process control, product design and analysis, process
and machine diagnosis, real-time particle identification, visual quality
Inspection systems, beer testing, welding quality analy5|s paper quality
prediction, computer chip quality analysis, analysis of grinding
operations, chemical product design analysis, machine maintenance
analysis, project bidding, planning and management, dynamic modeling
of chemical process systems

2 Medical

0 Breast cancer cell analysis, EEG and ECG analysis, prosthesis design,
optimization of transplant times, hospital expense reduction, hospital
quality improvement, emergency room test advisement
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Applications

2 Robotics

0 Trajectory control, forklift robot, manipulator controllers,
vision systems

O Speech
0 Speech recognition, speech compression, vowel
classification, text to speech synthesis
0 Securities
0 Market analysis, automatic bond rating, stock trading
advisory systems
O Telecommunications

0 Image and data compression, automated information
services, real-time translation of spoken language,
customer payment processing systems

O Transportation

O Truck brake diagnosis systems, vehicle scheduling,
routing systems
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-----------

-----------------------

a = hardlim{n)

hardlim(n) =1 ifn>=0
=0 otherwise

Oi}f?—l

a = poslin(n)
Positive Linear Transfer Funct.

poslin(n) =n, ifn>=0
=0,ifn<=0

-----------------------

-----------------------

a = logsig(n)
logsig(n) =1/ (1 + exp(-n))

A+l

0 n :F

a = hardlims(n)

Symmetric Hard Limit Trans. Funct.

hardlims(n) = 1 if n >= 0, -1 otherwise.
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a = purelin(n)
! ] q
. purelin(n) = n At
-1 0 +I > " —— 7£
______________ SRR

a = satlin(n)

a = satlins(n)

Satlin Transfer Function Satlins Transfer Function
satlin(n) =0,ifn<=0

satlins(n) =-1, ifn<=-1

_n_,fo<:n<=1 =n, Iif-1<=n<=1
@ =1,if1 <=n =1, ifl<=n
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a = tansig(n) a = tribas(n)

Tan-Sigmoid Transfer Function
tansig(n) = 2/(1+exp(-2n))-1

Triangular Basis Function

tribas(n) =1 - abs(n), if-1<=n<=1
= 0, otherwise

A

H

-0.833 +0.833
a = radbas(n)

Radial Basis Function

@ radbas(n) = exp(-n"2)
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_ayer of Neurons

Inputs Layer of .S Neurons
4 N 7 I
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Abbreviated Notation

Input Layer of S Neurons Wi Wi o

Wr 1 Wopop -

Ws.1 W2 o

1’11‘1 \ R

Wr R

Ws.R |




Inputs First Layer Second Layer Third Layer
A 4 A ( A
all )2 2 a!l w 31,1 ”31 {131
LI
b3,
1
a, a, 13, a
Y
1 :
(;rlS 1 a!s ”53 3 a333
W3 .2 Z >f3
08 lbass
1
J J . J
al =f1(Wip+b!) az=f2(Waal+h?) a’ =1 3(W3a2+b3)

a3 = £3 (W3 2(W2f 1 (Wip+Dbt)+b2) +1?)

R - S!-S2_S% Network
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First Second
1 Ective Iayer\ W 2 active layer

(a) General structure with two activation layers




neuron;

[EEN

£ O neuron?

=
I\)EI—‘

neuron;

(b) Specific structure with two activation layers




Nonlinear mapping

x e R(M) nt

-

F(0)

F*(0)

| w? =

F Z(WZFl(Wlx))

y = R(nz)

y c R(nz)

4.3 : Two-layered neural network: nonlinear mapping for input ( X € R(™) ) to

output (y € R™

)

/







First activation layer

Second activation layer

neuron;

neuron;

Sineuron?,

X, \1 (')0
3 heuron;
Neural| X 1
: 1 > 1 o)
inputs 3| neuron; 1
XeR™ ——
° L
XnO > TN
S neuron;,
— —/ / Onl

(Hidden layer)

Vv V Vv
l o
—

(Output layer)

Neural
outputs

0ecR™

A two-layered feedforward neural network : n, hidden neurons, and n, output neurons

X =[Xceeurne X,
O =

Xn. T eR™

/




Feedforward part

— >

Xe R(n°+1) r n* = R(n1+1)y(/ Fz() 02 ¢ R™*2
y A

= =] e =

Backpropagation part
—

4.8 : The matrix representation of backpropagation learning for two-layered
feedforward neural network with linear output neurons

- /
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0S*tl = f s+l (Ws+1 OS+Db s+1)
For Ss=o,1,..., M-1
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J(x) = E[e'e] = E[(t-0)'(t-0)]
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(w)

net? (k) =W;* (k)0** (k)

For s=1, It means in first active layer
the summation of weigthed input Is;

Net™ (k) =W (k)0° (k)
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And the output of first active layer is

0; f'(.),0,0,0,0,0,0 | net;
0, 0, f;(.),0,0,0,0,0 | net,
0; 0,0, f,(.),0,0,0,0 | net;

o 0,0,0,0,0, f,,(.).0 | net,
o OOOOOOf () net"
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Wi (k+1) =w" (k) +Aw" (k)

AW, (K) = =17, S =57 (K)o (k)
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ny . 03(K) na. Onet’ (k)
(02 onet;" (k) oj ()= 6Wimj (k)
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4 .
Learning Rules

» Supervised Learning

Network is provided with a set of examples
of proper network behavior (inputs/targets)

Pty . {pnty). ..., {pQ,tQ}

» Reinforcement Learning

Network is only provided with a grade, or score,
which indicates network performance

» Unsupervised Learning

Only network inputs are available to the learning

algorithm. Network learns to categorize (cluster)
the inputs.

@




4 .
Learning Rules

» Supervised Learning
=  Early learning algorithms
=  First order gradient methods
=  Second order gradient methods

» Early learning algorithms

 Designed for single layer neural networks
e Generally more limited in their applicability

e Some of them are
 Perceptron learning
e LMS or Widrow- Hoff learning

e Grossberg learning
@




McCulloch-Pitts Perceptron

Inputs  Sym. Hard Limit Layer
N\ N

a = hardlims (Wp+b)




Perceptron Architecture AGAIN!!!

— —

Wii W2 - Wir

Input Hard Limit Layer W = |21 W22 o WoR

N\

a (Ws,1 Ws,2 " Ws R

YR 1=
SXR n § _ [ T'

Sx1 7
b T

W.

R Sx1 S
—/ U / |

11fi_ R i

_ : , -1 1 W

a = hardlim (Wp+b) L 5™

a, = hardlim(n;) = fmr‘d:’f”-’(;“’Terbi)
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» Unified Learning Rule

new old

Ifr=1anda =0, then ;w =W +p
. oy Id
If t=0and a = 1, then lwwn = 1w0 -p
- 1ew Id
Ifr=a,then W' = w’
e =1—-a
_— new old
Ife=1,then,w =W +p
. _ new old
I[fe=-1,then;w =W —p
- W ld
Ife=0,then W = w°
-
new old old
|W = W tep =W +(f-a)p

bneu-’ _ bofd+€

A biasis a
welght with
an mput of I.




e
» Multiple-Neuron Perceptrons

To update the ith row of the weight matri

new old
W = W —e;p

Matrix form:

W2 — ‘Eg-ﬂfﬂr_k E‘I]T




Perceptron Rule Capability

he perceptron rule will always
converge to weights which accomplish
the desired classification, assuming that
such weights exist.




e

JRosenblatt’s single layer perceptron is trained as follow:

Randomly initialize all the networks weights.
Apply inputs and find outputs ( feedforward).
compute the errors.

Update each weight as

W; (K +1) =w; (K) + 77 p; (k) €; (k)

R

5. Repeat steps 2 to 4 until the errors reach the
satisfictory level.

(-




Recurrent Network
Initial
Condition Sym. Sat. Linear Layer
" r A\
P » W
Rx1 | _\ n(r+1) a(r+1) a(r)
o @ 5x1>jf Sx1 D ik
1 b %
S Sx1 S
—/ . J

a(0)=p a(r+1) =satlin(Wa(7)+b)

a(l) = satlins(Wa(0) +b) = satlins(Wp +Db)

a(2) = satlins(Wa(1l)+b)

a(0)
- J

a(ry=uwu(r—1)




Hamming Network

Feedforward Layer Recurrent Layer

4 N 7 A\

Wi -\‘ n2(r+1) axt+1) a2(r)

nl al
o Sx 1 74 Sx 1 "WE Sx1 ’ _Z 5x1 D Sx 1
bt _/‘ SXS T

Sx1 S S

\. /J J
al = purelin(Wip +b?) a2(0)=a!  aX(r+1) = poslin(W2a2(1))




Feed Forward Layer

Feedforward Layer

r h

- _/ 5x1

5x1 S

Wi
xR \ n! 74 al

al! = purelin (W!p +bl)

For Banana/Apple Recognition

bl =

a' = Wip+b' =




e
Recurrent Layer

Recurrent Layer

4 N\

al L n2(z+1) ax(r+1) a2(7)
w:—— / J >

Sx1 Sx1 Sx1 5% 1

D

SxS
S T
N J
a2(0)=al  ax(r+1)=poslin(W2az2(7))

w2 =|1-¢ e L

2 2
a’(t+1) = POSlin[[l 8:Iaz(t)] = poslin 21(t) —eas ()

. a3(t) — ea; (1)

(-




Hamming Operation

First Layer

Input (Rough Banana)

P~ -1




Hamming Operation

Second Layer

o[,
o]

. 1 -0.5
oslin -
P {_—0.5 1 ]

(
poslin [ 3 ] = |-
1.3 o]

a%(1) = poslin(W-a%(0)) = 1

a?(2) = poslin(W?a%(1)) = -




Hopfield Network

Initial

Condition Recurrent Layer

" 4 N
> p W AV
Sx1 v n(s+1) a(r+1) a(t)

e @W’YL Sx 1 D—e i
19 b %
S Sx1 S
—/ N J

a(0)=p a(r+1) =satlins(Wa(r)+b)




Performance Optimization
Gradient based methods




e

Basic Optimization Algorithm

‘ Xp+1 = Xp T O0PE I

or

AXy; = (Xp+ —Xz) = 0Pk

Xik+1

CrPr
X

P, - Search Direction

o, - Learning Rate




4 SteepeSt Descent (irst order Taylor

expansion)

Choose the next step so that the function decreases:
F(X, . ) <F(X;)

For small changes in x we can approximate F(x):

T

where

Sk = vHK)L&: =X
— 4k

If we want the function to decrease:
T T
CrAXy = 0ZrPr <0

We can maximize the decrease by choosing:

Pi = —8k

Xe+1 7 X~ %8r




VF(X)

e
Example

7 7
Fi(x) =x)+ 23.'11'2 +2x5 + 1y

o =01

0.02
0.08




LLMS or Widrow- Hoff learning

First introduce ADALINE (ADAptive Linear NEuron) Network

Input Linear Neuron
C N7 A\
P i a
W _\ Sx1 >
SXR n
Sx 1 7£ a = purelin(Wp+b) = Wp+b
b %
R Sx1 S
\__/ \ J

a = purelin(Wp+b)
w

I, 1

T T W,
a; = purelin(n;) = purelin(;W p+b;) = W p+b; wo= "2




LMS or Widrow- Hoff learning

or
Delta Rule
® ADALINE network same basic structure as the perceptron
netwnrl
Inputs  Two-Input Neuron D
" e R a<0 \l a>0
-b/wy,
Py Wi, |W
> A g

> k ~

- > D)
\ ] \ 1 j —bf".la’]’.J\

a = purelin(Wp+b)

T T
a = purelin(n) = purelin((W p+b) = W p+b

T
a = 1w I}+ZJ = wy 1P1+“’1,2P2_b




Approximate Steepest Descent
Approximate mean square error (one sample):

F(x) = (t(k)—a(k))” = & (k)

Approximate (stochastic) gradient:
VF(x) = Ve (k)

2

2 - _ ode (k) _ de(k) _
[Ve ()] o = 2 (f{)awl j L2, ...
de(k
Ve Ble-1 = 200 = (20




Approximate Gradient Calculation

de( k) _ dt(k)—a(k)] _ d
811-'1J hw, ; awl,j

[1(5) — (;W p(k)+ B)]

R
de(k) _ _J rr(k)—(E w ,p;(k) + bJ]

., . dw L
L L.J i=1

de(k) _
awl,j

de(k)
db

I
|
—

_pj(;()

VE(X) = Ve (k) = —2e(k)z(k)

™~




e
LMS Algorithm

This algorithm inspire from steepest descent algorithm

X, 1 = X;+20e(k)z(k)

(W(k+1) = (w(k)+20e(k)p(k)

b(k+1) = b(k)+20e(k)
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Multiple-Neuron Case

W(k+1) = w(k)+2oe,(k)p(k)

b(k+1) = b (k)+20e (k)

Matrix Form:

P
Wk+1) = W(k) +20e(k)p (k)

b(k+1) = b(k)+ 20e(k)




Difference between perceptron learning

and
LMS learning
% DERIVATIVE
s Linear activation function has derivative
but

s sign (bipolar, unipolar) has not derivative

(-




Grossberg learning (associated learning)

> Sometimes known as instar and outstar training
> Updating rule:

w; (K +1) =w, (k) +77 %, (k) — w; (K)]

»>Where X could be the desired input values
(instar training, example: clustering) or the
desired output values (outstar) depending on
network structure.

» Grossberg network (use Hagan to more details)

O




First order gradient method
Back propagation




Multilayer Perceptron

Inputs First Layer Second Layer Third Layer
N7 A 4 A\ ' A\
all y 2 2 2 ; ail
f3i—»
ax, @,
fi—»
atg!t s’
[
J J
al=f1(Wip+bh!) az=f2(Waal+h?) a’ =f3(W3a2+h3)

ad = £3(W3f 2(W2f 1 (Wip+b1)+b2)+b3)

R — S1—-S2_-S3 Network




Function Approximation Example

Input Log-Sigmoid Layer Linear Layer
r N A ' A 1 |
1 ny at f(n) =
wh —
Z _’L ‘L ﬁ 2 1+ e n
- 2 a
P g
fz(n) =n
) J \ J
al = logsig(Wip+bt) a2 = purelin(W2al+b2)

Nominal Parameter Values

T o 1 1
wip =10 wy, =10 b =-10 b, = 10




e

Nominal Response

e

|




Parameter Variations

L 0<b,<20 /——

\g

) 7 0 1 2

3
2
1t
0
'1

5 7 0 ] 2

|
I

= — [+ [~




Multilayer Network

Hidden Layers Output Layer
First Layer Second Layer Third Layer
N7 N7 A
1 2 3
STXR @l’ f1 $2xs' @l’ f2 S @i’ f3
51x1 52x1 59x1
bt % 1—>|E/' 1= b: %
R 5Tx 1 St 52x1 §2 3% 1 S3
\_/ \ J L J \ J

al=f1(Wip+b?)

a2 = £2(Wal+h?)

a’=f3(W3az+h3)

a3 = £3 (W3 L2 (W2 L (Wip+b1)+b2) +b3)

am+1 _ fm+1{1._‘___m—lam_bm—l}

a

a

m=02 ... M-1

- P

M
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Performance Index

Training Set
Pt} {P2. 2} . ... . {Po-to}

Mean Square Error

F(x)= E[e’] = E[(t—a)’]

Vector Case

F(x)= E[e e] = E[(t—a) (t—a)]

Approximate Mean Square Error (Single Sample)

F(x) = (t(k)—a(k) (t(k)—a(k) = e (k)e(k)

W,

Approximate Steepest Descent

Yk = w;‘fj(k)—aa—F b. (k+1) = b: (k)—o or

TH

I I
dw i BEJE.




Chain Rule
df(n(w)) _ df(n)xdrr(w)
dw dn dw
Example
f(n) = cos(n) n=ce" F(n(w)) = cos(e™”)
df (n(w)) _ df(n)xdn(w) _ (—sin(rr))(Zezw) _ (—sin(321*:))(2€21"')
dw dn dw

Application to Gradient Calculation

m

- - ml n n
oF _ OF on, OF  OF Xa”;

e ml mn
dw; ; oOn,  dw, E}b;” E}r};” ob”

L J L, J I




e

Gradient Calculation
Sm—l
m m  m-—1 m
n, = 2 W, a; + b,
i=1
a”;” _ am—l aL:” —
m J m
8w1.’ ; db.
Sensitivity
m oF
Si = m
on;
Gradient
8?’ _om m—1 8?’ _m
" — 5 J m i
I, ] abi




e

®

Steepest Descent

i

wi b+ 1) = w) (k) - as’'al b (k+1) = b (k)—os,

b”l(k_ 1) — b?i.!(k)_asﬁ?f

m_ JF B m

m
on

w
Il

OF
i

-arr 5

Next Step: Compute the Sensitivities (Backpropagation)




m+1 m+1 m+1
3?31 arrl anl
m m ' m
aﬁl a??z af?sm
m+1 m+1 m+1
n — m m ' m
=1 dn dn o
m 1 2 "
on s
m+1 m+1 m+1
a”Sm +1 Hgm +1 a”Sm -1
m M m
dny  Odn, dn o
a m~1
n _ s 1gam o m
— = W F (n)
on

41

S
m+1 m m+1
9 m+1 J Wil 4 +b; 3 m
" — I=1 _ v??;-lj'l
' o’ oo™
J J J
m+1 n. m
' _ wm+1af’ (F’?. ) _ w;;;+1fm(”m)
a” m I, ] a” iz, L, J J
J J
afﬂe‘(”}'f?f)
1
I n”.”‘) = I
J a”m
J
m. m
f ) 0 0
i in
Fm(nm) _ 0 f ( 5 0
-1 in
I 0 0 - f (.I’.-‘Sm)-




Backpropagation (Sensitivities)

m+1

T - "
M m 10 T
an m ] ?f—l = F (Il )(“ +1) ?f—l
on on on

m+1.T m+1

Sm _ F‘,?r'?- (nm) (“, ) S

The sensitivities are computed by starting at the last layer, and
then propagating backwards through the network to the first layer.




Initialization (Last Layer)

SM’
2
d Z (1;—a;)

- T a _
P U T R R ..
on on. on on

oa, _da)" _fM(n))

M M M
dn; O, In;

£

¥, M |
st = 20t,—a)f (n))

M = 2F @™ (t—a)
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Summary

Forward Propagation

0
a =p

m+1 m+ 1 m+1 m m+1

a - f (W a +b ) m=0,2,..., M-1

M
a = a

Backpropagation

' = 2F @ t-a)

m+1.T m+1

s = Fm(llm)(“’ ) S m=M-1,...,2,1

Weight Update

m—1

m m m T m m m
W (k+1) =W (b)—-as (a ) b (k+1)=Db (k)-os
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Summary

» Back-propagation training algorithm

Network activation
— > Forward Step

Error propagation
Backward Step

e Backprop adjusts the weights of the NN in order
to minimize the network total mean squared error.

@
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Example: Function Approximation

——»| glp) =1+ Sill(gp)

T N

4 )

1-2-1 a

Network

. J/

N




Network

4 N
p |
1-2-1 d
F—>> —-
Network
. J
Input Log-Sigmoid Layer Linear Layer
N N
Wiy Z Hllhi
b a
p + 1 A >
1y
whiN D —PL
I
A, J N J

al = logsig(Wip+b!) a? = purelin(W2al+pbl)




Initial Conditions

W) = [_0'27] b'(0) = [_0'48] W2 (0) = [0.09 —0.17] b*(0) = [0.48]

—0.41 —0.13
3

— Network Response
— Sine Wave




4 N
Forward Propagation

nD=p=l

ﬂl _ fl(‘j‘;laﬂ_bl) _ lﬂ'gSig [—02?] [1] + [—048] _ lﬂ'gSig [—0?5]
—0.41 —0.13 —0.54

|

IS PO I (V53!
1 0.368

0.54
|l +e

gt = fZ(“_r + b’ ) = purelin ([0 09 —0. 17.] [0 3;] + [0 48] [0 446]

e =1t—a = {1+sin(§p)}—a2 = {1+ 5i11(§'1)}—0.446 = 1.261




e

Transfer Function Derivatives

d(

fl(f?) _ d”l\] _]E_”) _ e - (] 1 :

2oy = A =
f (n) = n’n(”) 1
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Backpropagation(BP)

sS = 2F () (t—a) = —Z[fz(r;rz)](llél) = 2[1]1.261) = —2.522

1 1
0 (1—‘5?;)(”%)_ —0.17

o [(1—0.321)(0.321) 0 ;Il:o.og [252]]

0 (1-0.368)(0.368)[-0.17

¢ = (0218 0 J]-0.227} _ |-0.0495
0 0.233]10.429 0.0997




Weights Update

o= 0.1

W2(1) = WX0) —as’(al)’ = [0.09 —0.17] - 0.1[2.522] [0.321 0.365]

W) = o171 —0.077]

b*(1) = b (0)-as” = [oas] -0.1[-2.522] = [0.757]
W) = WH0) s (@®) = [ ] N 1[ 0049*2] 7 - [0.265]
41 0.0997 0.420

(l)—b (0) — ois _[048] [0049] [04?]
0.13 0.0997 —0.140
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Choice of Architecture

g(p) =1+ sin(?p)

1-3-1 Network

) 1 0 1 2




Choice of Network Architecture

g(p) =1+ sin(%mp)

3 3

[-2-1 [-3-1
2 1 2t |
0 ot |
b 1 0 1 ) ) 1 0 ] 2
3 3

1-4-1 [-5-1
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Convergence

Global minimum (left) local minimum (right)

g(p) = 1+sin(mp)




e

Generalization
Pty APty .y {pgntg}
. (T . . _
g(p)y =1+ 5111(1;)) p=-2,-16,-12,...,16,2
1-2-1 1-9-1




Disadvantage of BP algorithm

> Slow convergence speed

> Sensitivity to initial conditions

> Trapped in local minima

> Instability if learning rate is too large

> Note: despite above disadvantages, it is

popularly used in control community. There
are numerous extensions to Iimprove BP
algorithm.

®




Improved BP algorithms

» First Order Gradient Method

» Second Order Gradient Method




Uas L] (s o2 5951 S gt

Improved BP algorithms




Improved BP algorithms

First Order Gradient Method

1
2
3
4
5.
6
14
8

BP with momentum
Delta- bar- delta
Decoupled momentum
RProp

Adaptive BP

Trianary BP

BP with adaptive gain
Extended BP




1- BP with momentum (BPM)

The basic improvement to BP (rRumelhart 1986)

OE(K)
W(k—1)

W(k) = W(k=1)+ (=7 )+ aAW (k- 1)

AW (k) = AW (k- 1)~ (1-pas”@" ")

Ab" (k) = yAb" (5~ 1)~ (1 -y)os”

Momentum factor alpha selected between zero and one

Adding momentum improves the convergence speed and
helps network from being trapped in a local minimum.




Modification form:

OE(k)
W(k—1)

W(k)=W(k-1)+(-n3 ) + aAW (k — 1) + BAW (k — 2)

* Proposed by nagata 1990
» Beta Is a constant value decided by user

* Nagata claimed that beta term reduce the
possibility of the network being trapped in the
local minimum

» This seems beta repeating alpha rule again!!! But
not clear

N




4 N
2- Delta-bar-delta (DBD)

e Use adaptive learning rate to speed up et 7ij(k) denote the learning rate for the weight w;;(k), then
the convergence

mi;(k + 1) = n;;(k) + An;j(k)
e The adaptive rate adopted base on
local optimization
[« ij(k — 1)ij(k) > 0

e Use gradient descent for the search Ani(k) =y ~Pmi(k) $ii(k = 1)yis(k) < 0
direction, and use individual step 0 otherwise
sizes for each weight

vis(k) = G

ngj(k) = (1 -¢e)ij(k - 1)+ E‘g_f)-,'j(k - 1)

© Y,




e
3- RProp

 Jervis and Fitzgerald (1993)
* Tmax  ANumin  [IMIt the size of the step

(. -

min[1.27:;(k — 1), Dmax]  %ij(k — 1)b;;(k) > 0
Mi;i5) = § max{0.57i5(k — 1), fmin]  %i;(k — 1)9ij(k) < 0
| mii(k - 1) otherwise '

Awij(k) = { —Sign(wij)nij(k) U:‘,J(k — l)wij(k) >0

0 otherwise




Improved BP algorithms

Second Order Gradient Method

Newton

Gauss-Newton
|_evenberg-Marquardt

Quickprop

Conjugate gradient descent
Broyde —Fletcher-Goldfab-Shanno

L o
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Performance Surfaces

» Taylor Series Expansion

F(x) = F(x%) +%F(r)|r _ T*(r—x*‘)

d
2 2
+ %LF(.T) (x —x*) +
dxz .
Y¥—X
il
+1d gy (x —x%)"+




Example

—X
Fix) =e¢

Taylor series of F(x) about x*=0:

F(ix)=¢e = E_D—E_D{x—[}}+%E_D[r—[}}2—ée_ﬂ{x—[}}3—

Fix) =1-x+ %IE—%.T3+

Taylor series approximations:

Fix) = Fﬂ{:r} =1

Fix)=F(x) = 1-x

A

Flx)=F,(x) = 1-x+ %f




Plot of Approximations




Vector Case

F(X) = F(x;, %9, ..., X))

F(x) = F(t"‘)JrTF(t)l (x —rl"*)+TF(x)| —x,%)
a H li H$
81{ F(x)‘ Jx —x )+§a1{ F(x )‘ Y, — X, )’
1
A F(x) L —x ), —x,F) +

Za*{' afz X=X
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Matrix Form

F(x) = F(x*)+ V F(X)T|

Gradient

0
aYIF(K)

VF(x) = |dx

i %(X - X’“)TWF(X)‘

VIF(x) =

*(X_ X$)

*[X— K”‘) 1...
=X
Hessian
2 2
I —F(x) J —_—F(X) ...
O+2 0x a
Xy
2 2
I aar Fx) ~LFx)
X,0X arz
2 2
Jd )
aan}xIF(X) axﬂasz(x)
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Performance Optimization

e Basic Optimization Algorithm

Xps1 = Xp T 0P I

or

AXp = (Xp+1—Xp) = O Pr

Xp+1

CrPx
Xk

P, - Search Direction

o, - Learning Rate

D

» Steepest Descent

Choose the next step so that the function decreases:
F(X; o) <F(Xg)

For small changes i x we can approximate F(x):
T
F(X;, ) = F(Xp TAX,) = F(X;) + g AX;
where

g, = VF(X)'X—X
=X

If we want the function to decrease:
T T
8rAX; = ;g Pr <0

We can maximize the decrease by choosing:

Pr = —8k

Xpe1 T X~ %8 I




e
Minimizing Along a Line

Choose o, to minimize F(X; + 0, p;)

(F(‘Kk-l- o py) = VE(X) | p;c+{:{kka2F(X)|t_ P

T
VF(x ‘ T
_ (%) X=kak _ g:rPr
{I;C - - - -

T T
VIF(x ) A
P ( )|X=ka’{ PP

where

Ak VEF('K)
X=X;




e
1- Newton’s Method

T T
F(Xp+q) = F(Xk_ﬁlic)L‘F(X;c)JrgkﬂKkJF%ﬁKkAkﬁKk

Take the gradient of this second-order approximation
and set 1t equal to zero to find the stationary point:

g;c+ Akﬂ.xk =0




Example
F(x) = .*rf + 21‘11‘2 + in + x4
_ 10.5
X =
° [0.5]
J = VF(K) [3]
—_F(X) | 20
L 21'1 T 4."('2
oy ) A - [2 2]
) ] 2 4

ETE B0 BET-LY

@




Plot

S

~

7ay)

[ — =] — 27_,_
i




Non-Quadratic Example

4
F(X) = (x;—x1) +8xyx,—x;+x,+3

) : 1 —0.42
Stationary Points: X =
" [ 0.42]

2 _ |-0.13
X =
0.13

3_ 055
X =
[0-55]

Fy(x)




Different Initial Conditions




DIFFICULT

» Inverse a singular matrix!!!
» Complexity




Newton’s Method

. —1
Xpo =X -AL g

A, =VIF( =VF(X
) (Kjlxzxk Ly ( )|X=X;r

[t the performance index 1s a sum of squares function:

N
F(x) = Z vf(x) - v (x)v(x)

i=1

then the jth element of the gradient 1s

. (‘K)

. y
(VF), = 2 - )Y

J i=1
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Matrix Form

The gradient can be written 1n matrix form:

VF(X) = ZJT(X)V(X)

where J 1s the Jacobian matrix:

J(x) =

dv,(x) Iv,(X) dv,(x)

ox dx, ox,
dv,(x) dv,(x)  dv,(x)
i

E)xl dx 5 ox

E}vw(x) avﬁ(x) avN(X)
axl ax2 axn




Hessian

9°F(X) ol {8vf(x)avf(x)+
1 dx; axj

V2F(x) = 237 (x)J(x) + 2S(x)

N
S(x) = Y v(x)V2,(x)
i=1

V(X

az‘-"f:( X)
dx kaxj

|




2- Gauss-Newton Method

Approximate the Hessian matrix as:

V2F(X) = ZJT(K)J(X)

Newton’s method becomes:

1
X, = x- 23 (xpJ(xp] 2T (x)v(x,)

= x, (3T xI(x)1 T (x)v(x,)




e

3- Levenberg-Marquardt
Gauss-Newton approximates the Hessian by:
H-J1J
This matrix may be singular, but can be made invertible as follow:

G =H~+pul

[ Ifthe eigenvalues and eigenvectors of H are: )

{}Ll, }Lz, ,?‘u”} 2,25, ... ,Z,}

then Eigenvalues of G

'_____A___\
Gz; = [H+ullz, = Hz; +pz; = Az, +1z; = (A, + 1)z,

-

X,,, = xk—[JT(xk)J(xk)Jrpkl]_lJT(xk)v(xk)




Adjustment of p,

As 1,—0, LM becomes Gauss-Newton.

o T, I T )
X, = X, — [T (xp)J(x)] T (X)v(Xy)

As ,—oo, LM becomes Steepest Descent with small learning rate.

1 ;T 1
xﬁ__lzxg_—p—ﬁ.] (X )V(X;) = X”"_z‘_MVF(X)

Theretore, begin with a small i, to use Gauss-Newton and speed
convergence. If a step does not yield a smaller F(x), then repeat the
step with an increased L, until /(x) 1s decreased. /(x) must
decrease eventually, since we will be taking a very small step in the
steepest descent direction.




Application to Multilayer Network

The performance index for the multilayer network 1s:

0 . o o s N
2 2
F(x) = Z (t,—a,) (t,—a,) = 2 €€ ~ Z 2 (e; /) = Z (v;)
g=1 g=1 g=1j=1 i=1
The error vector 1s:

T
‘T p— [v‘l vz e FJJ == [81,1 E?z’l PR esj'f 1 81,2 # ® & ESJIJ

The parameter vector 1s:
< = _ |l 1 1 12 M
) X; Xy ..o X, Wi Wi o W bl EJSl Wi e bSM

The dimensions of the two vectors are:

N =oxs? n=SR++5 S+ )+ =M S A

@




Jacobilan Matrix

J(x) =

agl,l a"5'1,1

1 1
ale awu

aez, 1 aez, 1

1 1
a'Wl:] a‘ﬂr’l: 2

S

de de
Mo sM

1 1
awl,l a"""'l,z

aeu agl,z

1 1
aw‘l:] E}WL 2

aeL | BEL |
' 1 1
SR
agz, 1 agz, 1
1 1
a"H" 1 abl
SR
de de
e e
.S':u, 1 ,SFM- 1
1 1
dw, abl
S




e
Computing the Jacobian

SDBP computes terms like:
T

oF(x) _ 9e, e,
ox; dx;,

using the chain rule:

m

oF  oF  In;
-

b
dw on dw

L J I L Jj

i i

where the sensitivity

5

I m
.

1

1s computed using backpropagation.

For the Jacobian we need to compute terms like:

_dv, aem
[J];?f B aT; - ax;




Marquardt Sensitivity

If we define a Marquardt sensitivity:

dv de
~m h _ k. _ _
Sy =—r = —kd h=(g-1)S"+x
dn i g E)n‘rz.: g

We can compute the Jacobian as follows:

weight
m m
31, = % _ aem _ aeﬁ__,qxann g _ xani _ o e
1 o 9 m p) m 9 m i h - ik i q
I Wi Mg OW; W
bias
m m
S T dv,  deg aemxanw Com anw e
Iyl o N m iz, m "Lk m Cih
X P
] E}f;i E}HE., . db, db.
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Computing the Sensitivities

Si, h

v i

M
o

L g

- jrf —

i

g
S q

Initialization
A
_ aehr _ a(tm—ak,q)
M M
E}Hf_, g E}HL g

—fw(nfq) fori=~FL

0 fori#k
= M M M
Sg = _F ( q }
Backpropagation

TF~m—+1

1. 1
= F'm)y(W" 1)’ S;

]

~ 1N ~om| T
1

S" — [s Sy

ERC

A
aaﬁ-’:, G

= ___&4d

M
on,




s

.

LMBP

* Present all inputs to the network and compute the

corresponding network outputs and the errors. Compute the
sum of squared errors over all inputs.

Compute the Jacobian matrix. Calculate the sensitivities with

the backpropagation algorithm, after initializing. Augment the
Individual matrices into the Marquardt sensitivities. Compute

the elements of the Jacobian matrix.

Solve to obtain the change in the weights.

Recompute the sum of squared errors with the new weights. If
this new sum of squares is smaller than that computed in step
1, then divide p, by v, update the weights and go back to step
1. If the sum of squares is not reduced, then multiply pn, by v

@ and go back to step 3.
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Example LMBP Step




LMBP Trajectory




&- Conjugate Gradient

1. The first search direction 1s steepest descent.
Po = 8o gkfvﬂx)lxzxk
2. Take a step and choose the learning rate to mimimize the

function along the search direction.

Xpop = Xp T 0;Px

3. Select the next search direction according to:

Pr = — S+ BPr-1

where
B AZy_ 18 _ 28 _ Agp
Br = —= or Pr=——— or Pp=——
Agr_1Pi-1 Cr—18k-1 Ci—18k-1




e
LRLS Method

e Recursive least
square method
based method,
does not need

(]radienf degcenf- : Ist Region | 2nd Region
$i (k) = [z1(k),za(k), ..., zq(k), 1]
= [ya(k + lA), Yp(k)s ooy Yp(k — 1y + 1)
w(k = 1), ..., u(k — ny +1),1] Wi (k) = [whas(k), wrg;(k), .. .y Whaj (%), brj (k)]
Shi(k) = ST (k)Wh;(k) b (k) = [Oni(k), Ona(k), . . ., Ony(K)]
So1(k) = ¢Z(k)VVol(k) Wﬁi(”) = "Lwoll(;’?)z"Uo?l{k)a---:wopl(k)]
Eh}(k) = Sf:g(k) — Sﬁj(k) eol(k) — S;l(k) — Sol(k)

k@ /




LRLS Method Cont.

Ec(k) = 5[va(k) - yp (k)]

o]

ec(k) = ya(k) = yp(k)

; et 0 Ec( k ) s : Ist Region E 2nd Region
g W

x eo(k)wosi (k) fu; (k)

OE.(k)
‘35?1(;:)

5 Ec(k)fgl(k)

e Y (;C) ~

K@




LRLS Method Cont.

P(k) =

S| bt

&(k)6T (k) P(k - 1)
P(k-1) {Im A+ 6T (k) P(k - 1)¢(k)}

Whri(k) = Whyi(k = 1)+ Py(k)on(k)(eni(k))
Wor(k) = Wol(k—1)+ Po(k)do(k)(eo(k))

Ist Region | 2nd Region




Example for compare methods

rik] = stn(

ﬂ.l:‘rk)

A ———

yp(k + l) =

yp(k)
1+ y2(k)

L‘S(k) + en(k)

Algorithms | Average time | Average time | Average time
steps steps steps
(cut off at (cut off at 0.1) (cut off at

0.15) 0.05)
BPM 101 175 594

DBD 64 167 2382
LM 2 123 264
LRLS 3 9 69




|G LS (Integration of the Gradient and Least Square)

» The LRLS algorithm has faster convergence speed than BPM algorithm.
However, it is computationally more complex and is not ideal for very
large network size. The learning strategy describe here combines ideas
from both the algorithm to achieve the objectives of maintaining
complexity for large network size and reasonably fast convergence.

« The out put layer weights update using BPM method

W) = Wk = 1)+ (=nge) sy + aAW(k = 1)

oW (k —

« The hidden layer weights update using BPM method

Wii(k) = Wii(k— 1)+ Py(k)dr(k)(en;(k))

N
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e
Recurrent Networks

* Feed forward networks:
* Information only flows one way
e One input pattern produces one output
* No sense of time (or memory of previous ¢ ) —_—

 Recurrency
» Nodes connect back to other nodes or themselves
» Information flow is multidirectional
» Sense of time and memory of previous state(s)

e Biological nervous systems show high levels of
recurrency

(but feed-forward structures exists too)

®




e

Recurrent Networks

Recurrent Network with /1/dden neuron: unit delay operator z
1is used to model a dynamic system

q Z-_Z
[] Input
= @ hidden
@ output
N Z-_Z

™~




e

» Rabinson and Fallside




context units

Ulk)

hidden
units

units

OUTPUT UNITS

| HIDDEN UNITS

INPUT UNITS

CONTEXT UNITS
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» Jordan




» Elman and Jordan

e




e
» Jordan Learning

et =W_. X (t) +W. . X_(t)
where:

X, () =0%(t-1) = y(t-1)

/i

F*(net') = O*(net')

(2 ~1
net” =W, .O(t)

'F?(net?) = 0 (net?) = y(net?)

®




4 —

» Jordan Learning @\

L)

oE —7

ST )]

>
=
||
4
T~

OE OE 00? oOnet> 00! onett

. n. . . —_—
oW, 00 oOnet> 00' oOnett oW,

e g 0X, (t)
=n.e. FZW_ FY {X (1) +W, . ——
7. y { (6) +W, W }

c

e

ot

. oOX
AW = 77.51.{XC('[) +W.. g\;v(t)}

C
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» Elman and Jordan Learning

F'(net') = O*(net")

net’ :Wy.g(t)
F2(net?) = O%(net?) = y(net?)

®




» Elman and Jordan Learning

sa & £

1

JMOWJ

e




o

OE OE 002 onet? -, .=
=—1. . . =n.e.F~(.).0
oW 00? onet* oW, —

5




@

o

OE OE 00? onet? 60' onet!

oW, 00? onet? 00! onett oW,
=n.e.F”W,.F" .X(t)

o

AW, = .5~ X (t)




O OE 002 onet? 60 onett

n. . . —_—
oW, 00° onet> 00" onet' oW,

A2 1/ aXcl(t)
=& FY ()W, F (.2.{xcl(t)+wcl. - }

cl

3) AWcl =]

ot

) OX (1)
AW =n.5 4 X () +W . —<&
cl 77 { cl() cl aWﬂ }

— | = o0 (t —1
=10 <20 (t-1)+W,_,. (t=1)
oW,




O OE 00? onet? 90' onet!

4) AW, =-n n. . —_——.
i oW, 00% onet? 90! onett W,

— : 0X, (1)
:n.?.FZ (.)-}f/Vy-Fl(-)J-{Xcz(t)"’Wcz' 8V\2/02 }

st

= 0X,, (1)
AW, =00 < X () +W . —=
c2 77 { 02() c2 8W }

c2

— | =3 00°(t -1
=520 (t-)+W,,. (t=1)
oW,
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» Jordan with Neuron Feedback

X e (=
4 X (t)=0'(t-D+aX, (t-1) | l'"\“:;{

et () =W, X (1) + W, X. 1 N
“W. .Y(t)+wc.{§(t—1)+a§(t —2)}
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» Jordan with Neuron Feedback

net'(t) =W, .X (t) +W..X_(t)
WX (t) +W.. {E(t _1)+qOMt - 2)}

< O OE 00% onet? 90! onett
AW, =—n. 1. . . . .
oW, 00?% Onet? 60! oOnett oW,
0X.,(t)
OW

C

:n.a.FZ'(.>-vvy-F1’<.>.{><_c(t>+Wc-

|




Flexible NN
Neuron Functions (Unipolar)

1
f(x)=
(x) 1+ exp(— gx)
2|a 5
F(a, x)= Ua . $
1+e =
g




Flexible NN
Neuron Functions (Bipolar)

Sigmoldal function f(x, 3 )

9(x) ==

exp (— gx)

:1+

F(a,x) =

exp (— gx)

1_ e—2|a|.x

—2Ja|.x

1+e




Flexible NN Structure

1]
net;,

ai

1

X Wi net! ! W2
1
—>

X2 a

> Ol

net! 2
S a




188

Feed Forward of FNN

net;

Y r x| et t2(k) = W] .O* =
net'(k) =W . X =| . net”(k) =W, .0 =

O'(k) =

1 [F2@% net?) 0 0

net,

_netfl_

net;

net;

F*(a', net'(k))

0 FZ(a% net?) 0 0
: 0 :
0 0 ... F2(a%net’)

0 (k) = F2(a2, net?(k))




L_earning

1n2 , 1n2 . OF
=—)Ye == (t —o Aa(k) = —n.——
ZZ 2;(. 2) () =770

— o o
. ok _ -7 OB 90°(K) _ -n.(-e).F}(a% net’) = n.e.F)(a*, net?)
pa’(k)  00%(k) 6a’(k)

Aa* (k) =7

i oy (et ) (e )l [(14 e ™) 4’ *(2net’e ) A1)

F"*(a’,net’) = -
( 2)2 *(1_|_e—2a . net )2

2 2alnet? (1+ . _I_l_e— netz) ) (1_e—2¥.*@)(1+e—2a_2.*net2)

( ) *(1_|_e—2a . net2)2 (;)2.*(14'6_2&_2'*@)2

4n 42 2a net 1 S

__Anete ——-—F*(a’,net’)
2 *(1_|_e—2a *net )2 a2

® y

2a net-e




L_earning

n2 n2 - _ a_E
E:%Zef :%Z(ti—of)2 Aa(k) = T 5a(k)
OE OE  60%(k) anet?(k) 80'(k)

Aat(k) = —p—25 =y et (k) 90
1 2 2 1 1
gai(k)  902(k) onet’(k) A0 (k) aa(k)
=n.e. F,(a’ net’) W2, F_l’(al,netl)

v
) 2

Derived respect to net? Derived respect to a




Recurrent Flexible NN pa(k) = -,

sa(k)

@
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Unit] Unit? Uil

[nput | in-1) (-2 Xn-p+lj=——ln-p)
signal —o—-om—
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Output terminls







X =[x(n) x(n)-x(n-1) x(n-1) x(n-1)-x(n-2)--|

MLP Sos'U oo i

capprmy

prediction eror

A0 a0 a1 7o j=0) ca 100
TirmeHalf hour)

prediction error

[}

N

TimeHalf hour)

<]
TimeHalf haur)

L
100
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h, (n)

Bank of
convolution
kernels
(linear
filters)

Static
nonlinear
network




Multiple

Inputs

FIR Filter
1

FIR Filter | °i

2

FIR Filter |

mg

Output
o) p—
of) yi( n)
Activation

function

input
x(n) ’

Short-
term
memory

Static
neural - Qutput
network B y(n)
Error
signal ‘[ a
d(n)
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CMAC Neural Network and TD-CMAC




CMAC Neural Network and TD-CMAC

> Introduction
» Time Series
» Cerebellar Model Arithmetic Computer (CMAC)

» Time-Delay CMAC (TD-CMAC)
1- Output Mapping
2- Learning Algorithm

» Evaluation of TD-CMAC

> Conclusion
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CMAC Model

Input Space

Weights Table

+@ Obtained Output
................... >
+y

Weights V-

~ Adjustment 3

+
Desired Output

Block diagram of CMAC
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CMAC Model (Example)

S

2

4 Bb

Hh State(4,3)

Fe

-
D
O F NiWith 01 O

The CMAC structure with two inputs
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Time Series Modeling

X(t-1) —» F(.) > X(t+1)

X (t+1) = FOX(1)+ X(t-1) + X(t - 2) + X(t-d) ) + e(t)

Converting prediction of time series to function approximation




TD-CMAC Model

Xt —p
X(t1) —> tp.cmacl— X(t+1)

X(t-d) —>

block diagram of TD-CMAC model




TD-CMAC Model

X(t-d) X(t-d+1)  X(t2) X(E1)  X(0)

X(t+1)

—>

@ The structure details of TD-CMAC model




TD-CMAC Model

1- Output Mapping

2- Learning Algorithm

Wiy =Woyg + = C(S)a(S)(I(5) - ¥(5))

C;; (S) = %




e

TD-CMAC (Example)

File, Time Series : 6, 3,4,2,1 ,6,...

(-

X(t-2) X(t-1) X
CMAC,,
Weight table: S,
WIHIINGIINGIING] e s 2mpucmac
For (i=1,2) For (j=i,2) kel LA ] xe
Time Series: S[d+2] g]d|a f
— 1o X(t) R
WI2][2][3][3][3] , S[4] 0123456 S
A | B |c
ol E | F
G| H | i

X(t+1)

TD-CMAC Model

d=2 (Number of delay)
N,=3 (Number of block)
N.=3 (Number of layer)
a= (Learning rate)
Error = 0.001




TD-CMAC (Example)

File, Time Series : 6, 3,4,2,1 ,6,...
» The first time series data for training of model
» The next data for evaluation of model (prediction)

1) d+1 input for X(t) to X(t-1)
> X(t-2) -> S[1]=6
» X(t-1) -> S[2]=3
> X(t) ->S[3]=4

2) Next data for X(t+1)
» X(t+1) -> S[4]=2

3) Weight Initialization to zero




A) Output Calculating

d d M
y(s) =a(s)W = Zzzaijk (S) Wik

X(t-2) -> S
X(t-1) -> SJ

i=1 j=i k=1

SZA X(t) -> G

1[1] 6 [XtD=3 X(t+1)-> S|

. CMAC,,

2| y(s) = WL][L

N e s Wit

PN l + (L
31 (1) X()=4
S — >

0 123456

1 |2 | |3
1l 2 | i3

o 1] 2i | 3
A,

A WN -




e
A) Output Calculating

y(s)=a(s)W = Zzzaijk (S) Wi,

i=1 j=i k=1
_— SZA .................
e
5 | X(t-2)=6
21 4
2
5 3
3| 2 .
1 :
o X(1)=4
3 1o o
0 123456
TEEERE
1] 2 | i3
20 | 3

X(t-2) -> G|
X(t-1) -> G|
X(t) -> 9|
X(t+1)-> S|

A WN -
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A) Output Calculating

i=1 j=i k=1
S, ,
5] D . State(3.6)
5 o
21 4| & CMAC,,
2 , 3 T:r
3 2
3 1 X(t-1)=3
3 0 o >
0 123456 >
1 2 3
1| 2 3
1] 12 3

X(t-2) -> G|
X(t-1) -> G|
X(t) -> 9|
X(t+1)-> S|

y(s) = +...
+ W[2]
+ W[2]
+ W[2]

A WN -
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B) Weight Adjusting

04 ~
Wiew =Woiq "‘N_C(S)a(s)(Y(S) - Y(5)) §(S) = X(t+1)=S[4]=:

1
G (s) =—
J
W[1]
CMAC,;  w[1]

1
1
W[1]
X
1
1

CMAC,,

s = =

IEI IEI
NN
S S

IEI
N
S

NN N EREE

e

SE8 © 6o
EFEEE BB D

N
=

=

inew

inew

™~

y(s) =0

\J

CMAC;

=0+(0.1/3)*(1/(1*1))*(2-0) = 0.066
=0+(0.1/3)*(1/(1*1))*(2-0) = 0.066

inew

new

new

new

=0+(0.1/3)*(1/(1*1))*(2-0) = 0.066

=0+(0.1/3)*(1/(1*2))*(2-0) = 0.033
=0+(0.1/3)*(1/(1*2))*(2-0) = 0.033
=0+(0.1/3)*(1/(1*2))*(2-0) = 0.033

new
new

new

=0+(0.1/3)*(1/(2*2))*(2-0) = 0.016
=0+(0.1/3)*(1/(2*2))*(2-0) = 0.016
=0+(0.1/3)*(1/(2*2))*(2-0) = 0.016

/




C) Repeat A, B with new weights

A) Output Calculating

M

y(S) — a(S)W Z Z aljk (S)lek

=1 j=1 k=1

y(s) =
0.066+0.066+0.066+0.033+0.033+0.033+0.016+0.016+0.016 =

0.35
y(s) = 0.35

¥(s) = X(t+1)=S[4]=2
error = 0.001

ERROR =

=|2—-0.35/=1.65>error

End) Until (ERRORX error)

@ y




4 _ _ N
C) Repeat A, B with new weights

B) Weight Adjusting

Wnew — VW4 +NiC(S)a(S)(§/(s) — y(s)) }}/\(S) =0
1 i Y(S) = x(t+1)=s[4]=2

Cij (S) -

]
WIL][1][2][2][1]nen=WIL][1][3][2][2] en=WIL][L][2][2][3] e~
0.066+(0.1/3)*(1/(1*1))*(2-0.35) = 0.1

WI1][2][2][1][1],en=WILI[2][3][1][2]new=WIL][2][2][1][3]ew=
0.033+(0.1/3)*(1/(1*2))*(2-0.35) = 0.060

W[2][2][2][1][1]en=WI2I[2][2][1][2] e =WI2][2][2][1][3] en=
0+(0.1/3)*(1/(2*2))*(2-0) = 0.030




e
C) Repeat A, B with new weights

A) Output Calculating
d M
y(s)=a(s)W = ZZZaijk (S)wiy,
j=i k=

d
i=1 i 1

y(s) = 0.1+0.1+0.1+0.06+0.06+0.06+0.03+0.03+0.03 = 0.57

y(s) = 0.57
J(s) = X(t+1)=S[4]=2
error = 0.001
ERROR = |§(s) - y(s)| =|2—0.57| =1.43 > error

End) Until (ERRORX error)
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One hour ahead prediction Six hour ahead prediction
30 - 30 -
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SO, (ppm)

One hour ahead prediction
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_l.hair  Boolean
2. feathers Boolean
3. eggs Boolean
4. milk Boolean
5. airborne Boolean
6. aquatic Boolean
7. predator Boolean
8. toothed Boolean
9. backbone Boolean
10. breathes Boolean
11. venomous Boolean
12. fins Boolean
13.legs  Numeric (set of values: {0,2,4,5,6,8})
14. tail Boolean
15. domestic Boolean
16. capsize Boolean
17 type Numeric (integer values jip range [1.7])
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Monks problem
100 - y W , . —
95 .................... “'Ovlerla pmg. I:Z\I/:tsif: S(ci’llzstsi;cn Number of training data
caiumn
............ pationing ||
a0 One culumnE
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Mushroom
1[]0 Bayesian Classic Number of training data
Solution | Solution
Qv 99.68 99.13 4000
col 99.51 98.74 2708
a0 99.20 98.20 1354
99.42 98.02 903
98.94 96.95 677
98.48 96.93 542
99.11 96.63 452
BOF - 98.15 96.32 387
97.23 94.38 339
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97.96 96.27 271
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