[]
[I0T0]
(+1) []

[l

Bakhshi and Stephanopoulos



Fo(X) = Zao g, (X)

F_1(xX)=F o(XH% do,k¥ o, k(X)

Fm-1(X)=F m(X)+Zkl dm k¥ m k(X

1

mX)=<-1
0

1
w0

a(n)

0<x<05
05<x<1
otherwise

0<1<«1
otherwi

[10]

10 I 1]

A 4

Random Environment

Haar

Learning Automata [<

B(m)

L
[]
° []
F(X)e LR [I0I0]
)
Wi k(X)
FO= 5 % dmk¥mk® 0

m=—-owk =—w

Yk (¥) = 2™ (2™ - k) mkez

F(x)
dox (X)

Fo(x):%ao,k¢0’k(x) ()

F(x)
()

Fm(X)=Fo)+XZdm kv mk (X
m k

Wavelet

Grossman and Morlet
Daubechies

Mallat



{o,B,p, T}

a={a;, a,,.., a.}

p(n +1) = Ta(n),p(n),p(n)]

n a;
p; (n)
p; (n)
p; (n)
1]
pi(n+1) = p;(n)+a[l- p;(n)]
p;(n+1)=(1-a)p;(n) j=i V]

pi(n+1) = (1-Db)p;(n)

pi(n+1) = ——+(1-b)p,(n) Vi j#i
b a
. a
Lee a
Lrer a -
L b -
)]
X (
[Xmin ) Xmax]
f(x,n) n

Tf(x, n)dx = [ f(x, nx=1

—0 X

f(x,nN)>0 W¥n,Vvx

( )

f(x0)=— L+
Xmin ~ Xmax

Variable Structure
Linear Reward Pealty
Linear Reward Epsilon Penalty

Linear Reward Inaction

a={a,,a,,.,a} E ={a,pB.c}
B =B Bsrs B}
c={c,,c,,.., C, }
P B
B,=0 B =1
pmy  Q
[0.1]
[0,1] B(n) S
a; Ci
CI
{a.B,F,G ¢}
a={a,a,,.., o}
B=AB1. By Bnl
¢={¢. ¢, 4.}
Gip—>a FoxB—>¢
:L2N ,2 -
1 2 3 N-1 N 2N 2N-1 N+3 N+2 N+1
p=0

o—»o—»oo—@—o&—@—o
i 2 3 N N

-1 N 2 2N-1 N+3 N+2 N+1
B=1

L2N,2

Environment
Unfavorable
Stationary
Non-Stationary
Fixed Structure

Actions



J(O,Xk Yk )
®

[ 111
F(x)

F(x) m=0
Fo(x) = % a0,k 9o k ()

m

Fm-1(x) = Fm(x)+%dm,k‘4’m,k(x)

[] F(x)
amk = < ¢ mk(X), F(X) >,

dm,k: <Yk (X), F(x) >

:Lz

F = [f(X0), f(x2),..., f(Xn)] T

c da 0(x)
K
K ' F(x)= X ckok(X)
k=1
Fo
Fm—l(X):Fm+Zka\I/mk mk ez
k
Fm—l Fm
F(X) = F(X) — Fm (X))
F(X)=AC
C A.
C

C=(AATA) HAT)F= A+F

Direct Inner Product

[ 1] zZ(n)
x(n)
[T (x,n)dx = z(n) x(n)
X min
x(n)
B(n) : B(n)
f(x,n)
B a[f (x,n)+ pH(x, )] if xeX
fn+d)= { otherwise
Sy
H(x,r)=lexp| — 25
(04
X max
H(x,r) . [ (x,ndx=1
X min
3 A
[ 10 10 1
()
Fo
Fo
F.i m=
m=-1
Fa
a-m,k .
dm, k
F0= 3 wi (X’ ')+f
i :1W'W Si
f ()
W, 1;,Si - F(x)
0 .
[wi,ti,si]
Y o Xk Ne(X)
IO Xk Yk )

IO Yk ) = Y2[No(X) - Yid?

Gradient Decent



[]

(n) -

m -

A(n)={ka(n) , ka(n),..km(n)}

n ko (ko) - L2
i=1..m fi(ki,n) -
zi(n) :
ki eA(n)
ki(n)
[T (x,mdx = zj(n)
Xi min : [1]
B(n): :
fi(kin) 1 ~ L e
) N
Pi
{ kmin ’ kmax} . =1/N
Ke
(CSTR)18 : ke
_E | R() =2c1501, j(X)
Rate = —k,CVe RT i
c “ v e = F(x) - Fi(x)
Rate T E/R
[ ]
L2 N ,2

Continuous Stirred Tank Reactor -



L2

360

z5a8 |
356 |
354}
Zas2f
z50}
z4a |
246 |
344

360
358
356
354

z 352
350
348
346G

344
o

B0

20

tirmers)

(b)

40

[=1u}

a=05,b=05
-, ]:
A , :
INPUT

ns
0.4
03

nz : :

1] &0 100 180
(@)
QUTPUT

360 . .
355
350
345

340 : :

a 50 100 150
(b)
CSTR () -
CSTR (b)

L,



NPUT

1 T T T SED
3s8}
05t
356 |
0 354 |
D5 ] s52}
1 | L L L 350 -
N R I A 1 R i el
OUTRUT —as |
4 T T T
344
o | o 20 40 (=18
tirmer sl
D 4
c
2t | (©
- (b) t(@) -
4 1 1 L L L )
0D o W W mm - (©)
(--)
4
3
2
. 1
- a
-1
2
35 0 20 B0 Yp(k+2) = flyp (K), yp (k= D] + u(k)
E'ESE“’ flyp(p). yp(k-D]=
_ 2 2 (K —
s (Y (KIY (k= DIy, () + 25D/ (L+ Y5 (K) +y5 (k1)
2L A | u(k) = sin(2rk / 25)
[ ]
2 L 4
1 L 4
oF ]
M 1 b a
21 1
3 :
] 20 40 B0
tirmels)

(b)



L2

—2186x —12.864
F(x) = 4.246x
sin((0.03x + 0.7)x)

-10<x<-2
-2<x<0
0<x<10

V() = EXp(-5x2)

20 40 B0

tirmers)
(©
20 40 B0
times)
(d)
(b) :(a) -
@) - H(©)
(--)
a
. . a= , ,b=,
' ' a= , ,b=,
. ' a=, ,b=,
' ' a=, ,b=,
; ' a=, ,b=,
. . a=, b=,




10

u] 50 100 150 200

(@)

50 100 150 20C
(b)
g
6 E-
al
2 F
-
= 4l
Al
s
&l
-10
u} al julu] 150 200
(©
(a) -
{(b)
:(0)
(--)

x=[-10,10] F(X) = (- x3) sin(05xq)

W) = x1x2 EXP(- 5 (6 ~ X))

[ ]

0.0z




{c)

100

&0

-50

-100
10

i
A1 [10,10] 10 40 x2[10,10]

(@)

100

a0

0

W 0,10 A0 40 w210, 10]

(b)

100

a0

A0

-100
10

f [10,10] -0 L0 %2 [10,10]

(©)
{b) (a) -



[2] 1. Daubechies, “The Wavelet Transform, Time-frequency
Localization and Signal Analysis”, IEEE Trans. Information
Theory, vol. 36, 1990.

[3] S. G. Mallat, “A Theory or Multiresolution Signal
Decomposition: The Wavelet Representation ”, |IEEE Trans.
PAMI, vol. 11, 1989.

[4] Q. Zhang and A.Benveniste. “Wavelet Networks ”, IEEE
Trans. on Neural Networks, no. 6, pp. 889-898, 1992.

[5] B. R. Bakhshi and G. Stephanopoulos, “Wave-Net: a
Mmultiresolution, Hierarchical Neural Nnetworks with
Localized Learning”, AICHE Journal, no. 1, 1993.

[6] A. A. Safavi “On the Learning Algorithms of Wave-net ” ,
Proceedings of Fifth Iranian Conference on Electrical
Engineering, 1997.

[7] A. Grossman and J. .Morlet, “Decomposition of Hardly
Functions into Square Integrable Wavlets”, SIAM. Math . Anal
1984.

[8] 1. Daubechies, “Orthonormal Basis of Compactly Suported
Waveles”, Communications on Pure and Applied Math., vol. 41,
pp. 909-999, 1988.

[9] S. Rao and R. S. Pappu, “Hierarchical Wavelet Neural
Networks ”, IEEE Trans. on Neural networks, 1993.

[10] K. S. Narendra and M.A.L Thathachar, Learning Automata :
An Introduction, Printice -Hall , 1989.

[11] K. S. Narendra and M.A.L Thathachar, “Learning Automata
- A Survey”, IEEE Trans. SMC 4, 1974.

[12] P. Mars , K. S. Narendra. and M. Chrystall, “ Learning
Automata Control of Computer Communication Networks”,
Proc. of Third Yale Workshop on Applications of Adaptive
Systems Theory, Yale University, 1983.

[13] M. R. Meybodi and S. Lakshmivarhan, “Optimality of a
General Class of Learning Algorithm, Information Science, Vol.
28, pp. 1-20, 1982.

[14] M. R. Meybodi and S. Lakshmivarhan , “On a Class of
Learning Algorithms which have a Symmetric Behavior Under
Success and Failure”,  Springer Verlag Lecture Notes in
Statistics, pp.145-155,1984.

[15]M.N. Howell and T. J. Gordon, Continous Learning
Automata and Adaptive Digital Designs, Proceedings of UKACC
International Conference on Control, PP. 100-105, 1998.

515}

24

error

1] &0 100 160 200
iteration

(@)

error
wn

o 50 100 160 200
iteration

(b)

- (b) “(a)

&l

[1] T. Poggio and F. Girosi, “Networks for Approximation and
Learning”, Proc. IEEE, vol. 78, no. 9, sept. 1990.



