Supervised Hebblian Learning




( 7 Hebb's Postulate 1

“When an axon of cell A is near enough to excite a cell B and
repeatedly or persistently takes part in firing it, some growth

process or metabolic change takes place in one or both cells guch
that A’s efficiency, as one of the cells firing B, is increased.”

D. O. Hebb, 1949
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Hebb Rule
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Batch Operation
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Performance Analysis
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Case |, input patterns are orthogonal.
(Pgh) =1 q=k
=0 q¢ k
Therefore the network output equals the target:

a= Wp, =t,

Case I, input patterns are normalized, but not orthogonal.

a=Wp, =t + [Z tq(pgpk)}
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7 Example
Banana Apple Normalized Prototype Patterns
-1 | o5 |-0.5774 H H 0.5774 -
P =11 P,=|1 Epl =| 05774, 11 = [—1]% Epz =1 05774, 12 = [1]%
=1 -1 O -0.5774 a0 —0.5774 5

Weight Matrix (Hebb Rule):

W = TPT = [ 4 J|-0.57740.5774- 0.577} _
[ 1][ 0.5774 0.5774- 0.5774 [1.1548 0 §

Tests: -
~0.577
Banana Wp, = [1.1548 o}> 0.5774 = [—0.6663
—0.577
0.5774

Apple  Wp, = [0 1.1548 9| 0.5774| = [0.6664

\ —0.5774 /




( 7 Pseudoinverse Rule - (1) 1

Performance Indexwp, =t, q=12...Q

Q
FIW) = 5 litg=Wp,IF
q=1

Matrix Form: WP =T
r=[iity 1 P = [pr P, - P

F(W) = |IT-WPJF = |E|F

EIF =3 Ye;
i ]




Pseudoinverse Rule - (2) 1

WP =T
Minimize:
F(W) = |IT-WPJF = |EIF

If an inverse exists fde, F(W) can be made zero:
W =TP!

When an inverse does not exigtV) can be minimized
using the pseudoinverse:

W =TP"

P* = (P'P) P’




Relationship to the Hebb Rule

Hebb Rule
W =TP'

Pseudoinverse Rule
W =TP"
P* = (PTP)"'P'
If the prototype patterns are orthonormal:
P'P = |

P* = (PP P =P
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7 Example

I 0o [4 0 T, 1'D+
o= ol ti=[gd Bo=| 1| t=[JH w=TP*=[44d 1 1o
L] 1 0O [] [ L]
0 -1 0 O -1 n N-1 -10

-1
Pt = PP P = ls 1] [—1 1—1] _ [—0.5 0.25—0.2t
13 L11-1 0.5 0.25- 0.2

P - [ 1][—0.5 o.zs-o.zi -Lod

0.5 0.25-0.2

W

Wp, = [10d]| 1| = [ Wp,=[10d| 1 = [d
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Autoassociative Memory

[

B

P,t; Pt P3,t;

= [—1 1111-11-1-1-1-111-1... 1—]]T

Inputs  Sym. Hard Limit Layer
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Tests

50% Occluded

B

67% Occluded
Sm mm

-

Noisy Patterns (7 pixels)

H

23+ i




/|| Variations of Hebbian Learning

old t T
+14Pq

Basic Rule: w™" =w
Learning Rate: w"" = w*%+atp;
Smoothing: W"" = W+ atgpg—yW°'? = (1-y)W° + atypg

Delta Rule:  w"" = w°+a(t,-a,)p,

Unsupervised: w"" = w°“+aap;
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