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Associative Learning
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Simple Associative Network

Inputs Hard Limit Neuron

N1 N
pe—Y ¥ [ —»
lb=—&5
1] y,

a = hardlim(wp+b)

a = hardlim(wp +b) = hardlim(wp —0.5)

_ | 1, stimulus g = 1, response
0, no stimulus 0, no response
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SIMPLE ASSOCIATIVE NETWORK

Inputs Hard Limit Neuron
r N N\

pe—— P [ P

/! J
a = hardlim(wp+b)

a = hardlim(wp + b) = hardlim(wp —0.5)

_ | 1, stimulus . 1, response
0, no stimulus 0, no response
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/ Banana Associator \
(2

Inputs Hard Limit Neuron

Shape Smell N\ N
Network Sight of banana p° =1
¢ n a Banana?
D e M
Banana? —0Th=-05
Smell of banana p w= l S
/U J
a = hardlim (wWop'+w p +b)
Unconditioned Stimulus Conditioned Stimulus
0 _ 1, shape detected _ 1, smell detected
P 0, shape not detected P 0, smell not detected

N /»
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JGs
BANANA ASSOCIATOR
1 ()
-
Inputs Hard Limit Neuron
Shape Smell N N
Network Sight of banana p° wo=1
¢ n a Banana?
X
Banana? —01h=-05
Smell of banana p w= l -
Sl el P 4 Gl s 055 202 A — J
JJ“:‘L;A M (.sti‘Al:‘ (5"“‘"5 bp “ ‘G"'“"‘J 029 Ll a= hardhm (W0p0—|—wp —|—b)

;/Unconditioned Stimulus 7 Conditioned Stimulus
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STIMULUS
Inputs Hard Limit Neuron
¥ N0 A\
p° wo=1
n a
>
p n-‘ZOlb=—0.5
x| 7
a = hardlim (wp'+wp +b)
Conditioned Stimulus Conditioned Stimulus
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/ Unsupervised Hebb Rule \

wij(q) - Wij(q* 1)+ (xai(q}pj(Q)

Vector Form:

W(g) = W(g-1)+aa(q)p’(g)

Training Sequence:

p(l), p(2), ..., p(Q)
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UNSUPERVISED HEBB RULE
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W;‘j(q) - W,‘j(q -1+ Gaf(@)ﬁ’j(@)

rewl (local learning) das (5 ,aSubs S v s o gy o8 (g8acl8

Vector Form:

W(g) = W(g-1)+aa(q)p’(g)
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Training Sequence:
Lasssos Sled i canls 5 ash —

p(1), p(2), ..., p(Q)
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/ Banana Recognition Example \

Initial Weights:
w? = 1, w(0) =0

Training Sequence:
P’ =0, p(1)y =134, {p°@) = 1, p(2) = 1}, ...
o=1

w(q) = wlg—1)+alq)p(q)
First Iteration (sight fails):

a(1) = hardlim(w’p’(1) + w(0)p(1) - 0.5)
= hardlim(1-0+0-1-0.5) = 0 (no response)

w(l) = w(0) +a(l)p(l) =0+0-1 =20
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UNSUPERVISED HEBB RULE
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) ) Initial Weights:
=D 3 3E 5 sk 0 Vam —b 5 5SS (5,18
S g s8la Wy w = 1,w(0) =0 S o sdla W
Training Sequence: Mo el doe S8 G Ll e

(S5 552 0)

(1) =0, p(1) =15 {p° @) =1, p2) =11, ...

1 sl e salo Gluled S d G LA sal
(x:

w(q) = wlg -1 +a(@)p(q) | i< e € s Cian 5 San

S e LIS Ernpu Gl o (S ISE Sua Ll
X e pubiasl - : : -
Vbt First Iteration (sight fails):
a(l) = hardlim(w0p0(1)+W(O)p(l)_o_S)

hardlim(1-0+0-1-0.5) = 0 (no response)

w(l) = w(0)+a(l)p(l) =0+0-1 =20



[

Example

Second Iteration (sight works):

a(2) = hardlimw’p’(2) + w(1)p(2) - 0.5)
= hardlim(1-1+0-1-0.5) = 1 (banana)

w(2) = w(l)+a2)p(2) = 0+1-1=1

Third Iteration (sight fails):

a(3) = hardlim(w’p’(3) + w(2)p(3) - 0.5)
= hardlim(1-0+1-1-0.5) = 1 (banana)

w(3) = w2)+a3)p3) = 1+1-1=2

{ Banana will now be detected if either sensor works. }

\

.
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UNSUPERVISED HEBB RULE
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VUL il Second Iteration (sight works):
V50 i sls

a(2) = hardlim(w’p’(2) + w(1)p(2) - 0.5)
= hardlim(1-1+0-1-0.5) = 1 (banana)
w(2) = w(l)+a(2)p(2) =0+1-1 =1
Third Iteration (sight fails):

a(3) = hardlim(w'p’(3) + w(2)p(3) - 0.5)
= hardlim(1-0+1-1-0.5) = 1 (banana)

wi3) =w2)+a3)p3)=1+1:-1=2

{ Banana will now be detected if either sensor works. |
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/ Problems with Hebb Rule \

* Weights can become arbitrarily large

e There 1s no mechanism for weights to
decrease
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SIS e
PROBLEMS WITH HEBB RULE

Weights can become arbitrarily large

asdge P&, 9 SO W o5 lag s ilwalKiag g laga g,y oula plas b
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There is no mechanism for weights to decrease
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i Hebb Rule with Decay \

W(g) = W(g-1)+oa(q)p’(q)—yW(g-1)

W(g) = 1-7)W(g—-1)+aa(q)p’(q) l

This keeps the weight matrix from growing without bound,
which can be demonstrated by setting both ¢; and p; to 1:

max max
max max
Wmax _ o
ij Y




Yy u.:g.ua.ou.ua.chb‘tS.uS:
G yUas () gus a (sousls

sk o saaels

HEBB RULE WITH DECAY

W(g) = W(g-1)+aa(q)pT(q) —yW(g—-1)

FRYE
W(g) = (1-7)W(g-1)+aa(q)pT(g) I OiJYC:l

ol goaels: Y = 0
52 sl I G s Tob A LS 5 (o slagsasug g oS Gligal 31 Y = 1

This keeps the weight matrix from growing without bound,
which can be demonstrated by setting both ¢, and p; to 1:

a; =Py =108 o 558 sla gy o 5le IS Gas i Sledlsd o5 sl sidea
max max

max __ max
Wmax _
ij Y

Prepared by Kazim Fouladi | Fall2017 |2nd Edition

P



/ Example: Banana Associator \

o=1 v=0.1

First Iteration (sight fails):

a(1) = hardlim(w’p" (1) + w(0)p(1) = 0.5)
= hardlim(1-0+0-1-0.5) = 0 (no response)

w(l) = w(0)+a(l)p(l)-0.Iw(0) = 0+0-1-0.1(0) = 0

Second Iteration (sight works):

a(2) = hardlimw’p’(2) + w(1)p(2) - 0.5)
= hardlim(1-1+0-1-0.5) = 1 (banana)

w(2) = w(l)+a2)p(2)-01w(l) = 0+1-1-0.1(0) = 1
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(Y ;\ \)Jllo :JIJ;L}QA@MG
EXAMPLE: BANANA ASSOCIATOR

o=1 v=0.1

First Iteration (sight fails):

a(1) = hardlim(w’p’(1) + w(0)p(1) - 0.5)
hardlim(1-0+0-1-0.5) = 0 (no response)

w(l) = w(0)+a(l)p(l)-0.1w(0) =0+0-1-0.1(0) =0

Second Iteration (sight works):

a(2) = hardlim(w’p°(2) + w(1)p(2) - 0.5)
= hardlim(1-1+0-1-0.5) = 1 (banana)
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Example

Third Iteration (sight fails):

a(3) = hardlim(w'p"(3) +w(2)p(3) —0.5)

= hardlim(1-0+1-1-0.5) = 1 (banana)

w3) = w(2) +a3)p3)—01w3) = 1+1-1-0.1(1) = 1.9

20

[e]

10

6f o max o1 1
i wij = ? = m 10
Hebb Rule 2 o Hebb with Decay

o 0
00 °
o
o
o

. '
20 30 0 10

I
20

30




\iid

G yUas () gus a (sousls

(Y 5 \')Jllo :JIJ;L.,QA@MG

EXAMPLE: BANANA ASSOCIATOR
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Third Iteration (sight fails):

a(3) = hardlim(w’p"(3)+w(2)p(3) —0.5)

= hardlim(1-0+1-1-0.5) = 1 (banana)

w(3) = w2)+a3)p(3)—0.1w(3) = 1+1-1-0.1(1) = 1.9

30 T T 10
o ’ 8r o ° o )
20t o o ’
o 8- o max o 1
° oW === — =10
o ° o Y Yy 0.1
o ° ’ ar ’
10F R o o
o Hebb Rule I Hebb with Decay

O : . ! 0c—e
0 10 20 30 0 10 20

30



occasionally presented.

If a. = 0, then

WU(C]) = (1 _’Y)W{]'(q_ 1)

If y= 0, this becomes

wy(q) = (0.9)w, (a1

3

/ Problem of Hebb with Decay \

 Associations will decay away if stimuli are not

1%

OOD
o
o
%0
OOOOO
OOOOOOOOOO

0

Therefore the weight decays by 10% at each iteration
where there 1s no stimulus.
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PROBLEM OF HEBB WITH DECAY

_\.’\9.4:&.:‘C"J‘QK‘L’GKCJJJ—AA‘L’LA\S;)‘).L’;‘S‘JJ\SJL;AJ‘JJ‘L’j)LA‘;AJJJ‘Q:H
* Associations will decay away if stimuli are not
occasionally presented.

o Jd 4 o L as sy cou 68 G5
If a,= 0, then
W,‘J;(Q) = (1 - Y)WU(C] - 1)
If y=0.1,this becomes ..

wy(q) = (09)w,(a-1) Toas,

Therefore the weight decays by 10% at each iteration
where there is no stimulus.
g e aS s 5u VLIS 8 Hu oy casl g (SooaS s (S8
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nnd13edr — X

Eile Edit Miew Insert Tools Desktop  Window Help N

MATLAB

>> nndl3edr
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Instar (Recognition Network)

Inputs Hard Limit Neuron

r N1 A\
P Wi

W n a
r.e— Y 1—p [ —»
Pr : Wik b
/ ! J

a = hardlim(Wp+b)
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syl sasad :Instar

INSTAR (RECOGNITION NETWORK)

ol &I Wl sl G Huls oS solw (s4$0s S - Instar
roslite LA U Lol ol &gy o 4 4K 0l
- gl g 4388 IS )3 palius ) glody psaual o

Inputs  Hard Limit Neuron

r N1 A\

/U J
a = hardlim(Wp+b)
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/ Instar Operation \

a = hardlim(Wp+b) = hardlim(,wTp + b)

The instar will be active when
wip=-b
or

wip = | ,w]lplcos®=—p

For normalized vectors, the largest inner product occurs when the
angle between the weight vector and the input vector is zero --
the input vector is equal to the weight vector.

The rows of a weight matrix represent patterns

to be recognized.




R LG gl SLOAS
syl sasad :Instar

Sllae

INSTAR OPERATION

a = hardlim(Wp +b) = hardlim(;wTp + b)
(Ssiie poniia b bbb (o33 Glee) adly Su3s (W 4 P &S (335 0 580 JLad Instar

The instar will be active when Inputs  Hard Limit Neuron
N

Wwipz-b P

P

or

Pe

S S—
wip = |, w|lplcos® =5 —/

a = hardlim(Wp+b)

For normalized vectors, the largest inner product occurs when the
angle between the weight vector and the input vector is zero --
the input vector is equal to the weight vector.

The rows of a weight matrix represent patterns

to be recognized.
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N

Vector Recognition

If we set
b = —|;w[lpl

the instar will only be active when 6=0.

If we set
b > —|;w[lpl

the instar will be active for a range of angles.

W

As b is increased, the more patterns there will be (over a
wider range of 0) which will activate the instar.

\




\rd LG gl SLOAS
syl sasad :Instar

)‘J):‘ wmbl_.\
VECTOR RECOGNITION

If we set
b = —|,w|lpl

the instar will only be active when 6=0.

If we set
b > —|,wllpl

the instar will be active for a range of angles.

A

As b 1s increased, the more patterns there will be (over a
wider range of ) which will activate the instar.
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/ Instar Rule \

Hebb with Decay

wi(q) = wylg—1)+aa,(q)p,(q)

Modify so that learning and forgetting will only occur
when the neuron 1s active - Instar Rule:

wi(q) = wi(qg—1)+0alq)p;(q)—Yalqg)w, (g—1)
or

wiilq) = wi(g—1)+aa,(q)(p(q)—w;(qg-1))

Vector Form:

W(q) = W(g—1)+aa(q)(plg)—;W(g—1))




YA LG gl SLOAS

syl sasad :Instar

Instar goucls
INSTAR RULE
-8 e Snd B (A g &) g (il saf Hu gl SIS LSS el e dils e a3V S 0 g (pl Jlss b o (00l IS

Hebb with Decay

wii(q) = wy(qg=1)+aaq)p;(q)

Instar gouels <= wily Jlad 0555 4S was 75 (385 el 58 5 (6 Sub B asas o 5uss | sacls
Modify so that learning and forgetting will only occur
when the neuron 1s active - Instar Rule:

15 e BLAIA(G) (2905 b litia J1 55 stles

wilq) = w(qg—1) +0aq)p(q)—va,(g)w, (g—1)
or

wiilq) = wi(qg—1)+aa(q)(p;(q)—w;(qg—1))
il S s U1 55 OT L (oanad paliie 4€ g oo 68,8 0l (A5 Glea b was 05 palie s pas (L =) /7

Vector Form:

W(g) = W(g—1)+aalq)(Pp(g)— W(g—1)) Instar Rule

Prepared by Kazim Fouladi | Fall2017 |2nd Edition

P



‘i R
Graphical Representation

For the case where the instar is active (a,= 1):

W(g) = W(g—1)+o(p(g)—wW(g—1))

or
W(g) = (1-a)w(g—1)+ap(q)
A
P()
\\_ wW(q)
W(g-1)
o

For the case where the instar 1s inactive (a,=0):

iW(g) = W(g—1)
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o 3 ol 5L cInstar geuels
INSTAR RULE: GRAPHICAL REPRESENTATION

For the case where the instar is active (a,= 1):

W(g) = w(g—1)+a(plg)— w(g-1))

or
W(g) = (1-a)w(g—1)+oap(q) raaell cpl TLIK
A CCon 3
p(q) {C.\.u.l‘ JL’.S - bt 619\5
i i % TS o S (59900 M e 4 05 Ll
\I“\’-'l JW(Q) S(69909 )‘Jﬁj u_Af._\:q Oos J‘J):' u.-.‘-)-'ﬁé .J‘._\lnl‘).é
<+ ;W(q_l) :Q..J(XQM ‘JC.\SJAG‘LL.ALQ
sl eSS a=0
69509 s = waa 0oy reSoa SiSha =1
; T 8 059 5 6909 by b eSa =05

For the case where the instar is inactive (a,=0):

Wig) = w(g-1)

:Instar .;:asu GS 38

casiiee Jlo b caS oo sb L P pala lass S (55 aa W (0 sl s Tl sud Jlo 3 (59555 slasla s S

(JLA‘)J(SJJJJ(SLQ‘)LJ‘)JL)-JJ“—I)J-AJL;AQJ-LTJJLA‘)JUJJ(SLAJLJ‘H(* ‘.L:La.u‘)u_o&‘.\.;‘u“)u_[b\}o‘)s<\ ad-c‘iu:d@



Example

\

0

shape
P = |texture
weight

| 1, orange detected visually
P 0, orange not detected

Inputs  Hard Limit Neuron

C N[

Sight of orange p° @ w°=3

Measured shape p, @ i

Measured texture p,
Measured weight p, W,

v J U 1

N

a Orange?

—

a = hardlim(wWp°'+Wp+b)

.
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EXAMPLE

(YY) JBs

S <t o _ | 1, orange detected visually
dlihab S P 0, orange not detected

Measure shape
saibyis Siyas PT [ texture £l

Network

weight

v

Orange?

lIpll = V3

Inputs Hard Limit Neuron

N\ N\
Sight of orange p°
a Orange?
Measured shape p, -
Measured texture p,
Measured weight p, & w,,
— J
b=-2>—|p||>=-3 a = hardlim(Wp'+Wp+b)



/ Training \

W) = w (0) = [p 0]

1 1
p'(1)=0,p(1) = H 102 =1,p@2) = H ,
—1 —1

First Iteration (0=1):

a(1) = hardlim(w"p°(1) + Wp(1) - 2)

1
a(l) = hardlim|3 -0+ [0 0 ()] [1] —21=0 (no response)
—1

0 Lf 1o
(W) = w(0) +a(l)(p(l) —;w(0)) = H +0 [1‘ - H = [
0 ~11 10

" )
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syl sasad :Instar

(V;l\’)dlfm
EXAMPLE T
W) = w0 = [0
0 I 0 I
p(D)=0,pl)=|-1|pp Q) =LP2)=|-1]| p--
~1 ~1
First Iteration (0=1):
a(1) = hardlim(w’p’(1) + Wp(1) - 2)
- 1
& a(l) = hardlim|3 -0 + [0 0 ():l ~1l-2[=0 (no response)
- -1
0 1{ o 0
g w(l) = w(0) +a(l)(p(1)—,w(0)) = [o| +O[[-1[— o[ |= |0
¢ 0 -1 o 0

P



/ Further Training \

1
a(2) = hardlim(w’p"(2) + Wp(2) ~2) = hardlim|{3-1+[o o o] | 1| 2| = 1
—1 (orange)
o (1] [o]} [1]
1W(2) = w()+a@)(p(2) —w(D) = Jo| +1f[-1] —|of [~ |-1
o (LY [o) [t

a(3) = hardlim(w’p’(3) + Wp(3) —2) = hardlim|3 - 0+ [1 -1 1] -2 |-

-1 (orange)
1 | | 1
(W(3) = w(2)+taB)(p3)—w(2)) = |1 | |[-1|—|-1 —1
1 ] 1

Orange will now be detected if either set of sensors works. I
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syl sasad :Instar

(YIY7)JBs
EXAMPLE

1
a(2) = hardlim(w’p"(2) + Wp(2)=2) = hardlim|3 -1+ [0 0 ()] [1] -2l=1
1

(orange)
_O_ -1 0 1
W(2) = w(l)+ta2)(p2)—w()) = [o] 1 |-1]—|o| [= [-1
0] -1 [0 —L
00 i !
5 a(3) = hardlim(w p (3) + Wp(3)-2) = hardlim|3 -0+ |1 1 _1] “11-21=1
g -1 (orange)
: 1 1| |1 1
= W3 = w(2)+aB)(p3)— W(2)) = [-1| H 1| |-1]| - |-1f [ = |1
: -1 -1 [ -1

Orange will now be detected if either set of sensors works. '

~JﬁJﬂaJ‘JMdm#‘m‘)KL&_)i_t.u_}:)“zl_ss)_&‘&)_}g‘
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Eile Edit Miew Insert Tools Desktop  Window Help N

MATLAB

>> nndl3gis
>> nnd13is



/ Kohonen Rule \

1W(g) = 1wW(g—1)+a(p(qg)—1w(g—-1)), forie X(q)

Learning occurs when the neuron’s index i is a member of
the set X(g). We will see in Chapter 14 that this can be used
to train all neurons in a given neighborhood.
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W(g) = ;w(g-1)+a(p(g)— w(g-1)), forie X(q)

S s (5 oluBe g JUE B L Lag s 5 5 Y S
: Koo g oo Jobao INStAr (goucB L 05 58 < (soucls
a{(q) = 1 sl 5als LT (51 ST slagumss) s4ea 5o san0 = X(g)
Learning occurs when the neuron’s index i is a member of
the set X(g). We will see in Chapter 16 that this can be used
to train all neurons in a given neighborhood.

SIS aa X(g) i las S0 b il e (S lla o 0558 S (8023
SOM ()50 (pladSod (55 50T (515 ouslin
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/ Outstar (Recall Network) \

Symmetric Saturating
Input Linear Layer

r N A
)3 e < /i o

S A >

> A
\__/ \ J
a = satlins (Wp)
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OUTSTAR (RECALL NETWORK)
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Symmetric Saturating
Input Linear Layer

r N7 \
> A >

YA
\—/ \ J
a = satlins (Wp)

Outstar: scalar input — vector output




/ Outstar Operation \

Suppose we want the outstar to recall a certain pattern a*
whenever the input p=1 is presented to the network. Let

W = a*

Then, when p=1
a = satlins(Wp) = satlins(a®. 1) = a*

and the pattern is correctly recalled.

The columns of a weight matrix represent patterns
to be recalled.
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OUTSTAR OPERATION
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Suppose we want the outstar to recall a certain pattern a*
whenever the input p=1 is presented to the network. Let

— g Symmetric Saturating
W =a Input Linear Layer

m a,

Then, when p=1

a = satlins(Wp) = satlins(a®*-1) = a*

i+l =1 u ™ alie Ul (a5 L , ,
and the pattern is correctly recalled. a = satlins(Wp)

The columns of a weight matrix represent patterns
to be recalled.
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/ Outstar Rule \

For the instar rule we made the weight decay term of the Hebb
rule proportional to the output of the network. For the outstar
rule we make the weight decay term proportional to the input of
the network.

wi(q) = wi(g=1)+aa(q)p(q)—1p(@)w;(g—1)

If we make the decay rate y equal to the learning rate a,

WU-(C[) - Wjj(q - 1) + (X(ai(Q) - WU(C] - 1))pJ(Q)

Vector Form:

{ w;(q) = wi(g-1)+o(a(g)-w;(¢g-1))p,;(q) }
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OUTSTAR RULE

For the instar rule we made the weight decay term of the Hebb
rule proportional to the output of the network. For the outstar
rule we make the weight decay term proportional to the input of
the network.
ro g oo 458 S SIS 50 4l (5095 b liie 055 Jls) stdea
wi(q) = wi(g=1)+oaa(q)p,(q)—1p(g)w;(g-1)

If we make the decay rate y equal to the learning rate o,

w;i (@) = wi(g—1)+ola;(q)—w;(q-1))p;(q)
il S a1 755 OT L (oanad paliie a€ g oo 68,8 0l (A5 Glea b was 05 palie s pas (L =) /7

Vector Form:

W alj & s [W,;(ff) = W;(g-1)+a(alg)-w;(g—-1))p;(q) ] Outstar Rule
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Inputs

=1

/ Example - Pineapple Recall \

Symmetric Saturating
Linear Layer

r A a, Recalled shape

Measured shape p' @—e
Measured texture p, e w), =1

Measured weight p. |

2
Wi,

YA >

a, Recalled texture

D < i

a, Recalled weight

Identified Pineapple p? -
Wi,

—/

YA

N J
a = satlins (Wopo+Wp)
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EXAMPLE - PINEAPPLE RECALL

Symmetric Saturating

Inputs Linear Layer
Coowe ! - A a, Recalled shape
0 , ) I W, I =1 & /
2 Measured shape p, @ >, > >

p;) Measured texture p, .\w' =1

a, Recalled texture

pf Measured weight p; WW. 3

[
A
Wi,
’ ; a; Recalled weight
P Identified Pineapple p? E i = _//- >
w3,
\ J . J

a = satlins (Wop°+Wp)

P



Measurements?

Definitions

p

a-= satlins(WOp0 +Wp)

0 100
W =1010
001
shape pineapple
texture P a
weight

if a pineapple can be seen
otherwise

\

-1
-1
1
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EXAMPLE - PINEAPPLE RECALL

s Network

= s Ss 51l
E | | | bdﬁdu‘a‘).ﬁa sS:aJA:\
5 Measurements?

:‘i (_stLA.::.IA
3 b Sl

P

p

a-= satlins(WOp0 +Wp)

0 100
W =1010
001
shape -1
pineapple
texture P - -1
weight 1

| 1, ifapineapple can be seen
P 0, otherwise
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N

|

Iteration 1

0 0
p (1)=|o|, p(1)=1%
0

oa=1

0 0 0
a(l) = satlins| |g| + [o]1 | = |o| (noresponse)
0 0 0
0 0 0
w (1) = w(0)+(a(1)—w,(0))p(1) = fo| +||o| — o] |L
0 0 0

p’(2) = H,p(z) - 1},
1

\
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EXAMPLE - PINEAPPLE RECALL

0 1
p’() = o] p(y=144p°@ = | 1[. p) =11}, ...
0 1
a=1

LA A o yd Ql:\-a B &S;l LA(S‘):Sa:)‘J.“

| o| o 0
Iteration 1 a(1) = satlins| o + 0|1 | = |o| (noresponse)
\ 1SS
0 0 0

0
wi (1) = wy(0) + (a(l) —w, (0)p(1) = fo| *
0

o O O
|
o o O

P

o O O



[

N

Convergence

a(2) = satlins [
1

1]+

0
0

0

1

L

] (measurements given)

0 -1 0 —1
wi(2) = wi(D+ @) -wi()p) = [of+] 1] - o] |t = |-
(0 1 0 1

o] |-1 -1
a(3) = satlins| o] + |11 |= |- (measurements recalled)
0 1 1
1 1

wi(3) = w(2)+(a2)-w,(2)p(2) = [1] +

1

[

]

\

.
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EXAMPLE - PINEAPPLE RECALL: CONVERGENCE

: -1 0 -1
Ite:it,glz a(2) = satlins||_¢[+]ol1|= |-1] (measurements given)
1 0 |
0 -1 0 -1
wi(2) = wi(1) +(@@2)-wi(1)p2) = o] T |-1] —[of I = |-1
() 1 0 1
, o] |-1 -1
é Ite\fit,lgﬁ a(3) = satlins| |o| + |_1]1 | = |_1| (measurements recalled)
: of L1 1
1| (-] | 1
g wi(3) = wi(2)+(a2)-w2)p2) = |1 H[|-1] - |1 = [-1
- 1 il L

-
w’?’b/
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I hi a collection of simple rules that allow
unsupsrvised lsarning. These rubes give networks the ability to learn asso
ciations botwesn patterna that eccur together frequeatly. Once learned, as
sociations allow metworks to perform useful tasks such a3 pattern
recognition and recall.

Dwapite the simplicity of the rules in this chopter, they will form the foun-
dation for powerful oetworks in Chapters 16, 16, 15.

Martin T. Hagan, Howard B. Demuth, Mark H. Beale, Orlando De Jesus,
Neural Network Design,

2nd Edition, Martin Hagan, 2014.

Chapter 15

Online version can be downloaded from: http://hagan.okstate.edu/nnd.html
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