fi=rm 1L

(I Gl yun | § bR S
Voud

3 o yllaals 5 psuls

Supervised Hebbian Learning

4al5 53¥ 53 pLIS
L;:J‘)Lé L).u;sd‘):l tw.m.\l@-o bd&uu‘“‘d
Ol N2 RY

http://courses.fouladi.ir/nn



/ \

Supervised Hebbian Learning




o sousls

(1949 (8 Wl 5a) (rume sladis 53 S0k Gl 58 Gl ol O (ot ea (soacls

ol S S Hae el slual 5o Jsl 5 o sd G i oley cl s o 1ui) oA
38 dadllae | ws 958 conila S Gl b 51 (A Sou G G

Sk aeddNe iyl gy o

i S i) alidlS L wlia sl oo

Lo K s asl g la sl&asls 511936 La

(1949) «Jm‘) ulAJL.u-I)) %_»l:S
3 94 oula &uc":t a9 0 (s Jaw g3 Al|33‘_;oJl§§J

Donald O. Hebb (1904-1985) P
J:\:LS.u.n‘ Q‘S:i L.i LJ:’G:' o9

-_l_h | (sfjjjx;ggu@.z,_abluL&LHuJ+*c_wL*.J~sfﬁ:.¢,fu§:ueM:l;Jl:\_sJ%:sA)
e
Organization

of Behavior LG Guby 5ol YL sladduls Hls gal o <=

Prepared by Kazim Fouladi | Fall2017 |2nd Edition



/ Hebb’s Postulate \

“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 such that A’s
efficiency, as one of the cells firing B, is increased.”

D. O. Hebb, 1949
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Linear Associator

Inputs Linear Layer

C N A\

p n a
Rx1 4 Sx‘1| 74 Sx1I
SXR

Ko ),

a = purelin(Wp)

R
a=Wp a; = 2 wyp,
i=1

Training Set:

{pl»t1}7 {p2»t2} LR {antQ}
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LINEAR ASSOCIATOR

Inputs Linear Layer

C N A\

MWl A—>

RxA1 Sx1 Sx1
SXR
R S
'/ \L J
a = purelin(Wp)
R
a=Wp a;, = Z Wb,
i=1
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] Hebb Rule =1k

Wﬁ-ew = ng_ld + o fi(aiq)gj(qu)
T N Presynaptic Signal
Postsynaptic Signal

Simplified Form:

new — old +
Wij Wij = TP,

Supervised Form:

new — old
Wij ij +tiquq
Matrix Form:

Wnew _ Wold+tqp;"
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Postsynaptic Signal

Simplified Form:

whew — w‘.’ldJroca,

Supervised Form:

J’éu"'eﬁ whew = w?”'d%-t. p
o= 1 Solu sy ij i ligP jg
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/ Batch Operation \

T T T Q T o
W = t;p; +tpy + - +topy = 2 t,p, (Zerq Initial
-1 Weights)
Matrix Form:
-
P P = [P1 P - PQ]
P, r
R A 1 A
T
Po 1= [tl L tQ]
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BATCH OPERATION

S s oo sala L8 Ham 55 o Sle Tl 5

T T T g T i
W = t;p; +typy + - +topy = Z t,p, (Zerq Initial
—1 Weights)
q
Lo e sols Gl b 4 5L S (Pot) )

Matrix Form:

P P = [pl P2 - PQ]
r T
W = I:t1 t, ... tQ] P2 [-TP

pg T = [t1 t) ... tQ]
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/ Performance Analysis \

g T 9 T
a = ka = Lz tqpq)pk = Z tq(pqpk)
~1

qg=1

Case I, input patterns are orthogonal.

Pop) =1 gk
=0 q#k
Therefore the network output equals the target:

a=Wp, =t

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

a=Wp, =t + [2 tq(pgpk)]
q#k

\ Error / g
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a=Wp, = [Qz tqquPk = 2 PPy
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Case I, input patterns are orthogonal.
pip) =1  g-k
=0 g#k
Therefore the network output equals the target:
a=Wp, =t cubbalbglnous s
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Case II, input patterns are normalized, but not orthogonal.

a=Wp, = tk+[z tq(ngk)J
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Example

Banana Apple Normalized Prototype Patterns
-1 1 —0.5774 0.5774
Pr=| 1 P2~ |1 pi=| o577t = []] p2= | 0.5774) t2 = [
—1 —1 —0.5774 —0.5774
Weight Matrix (Hebb Rule):
r —0.5774 0.5774 —0.5774
W=TP =|[_ =
[ : 1][ 0.5774 0.5774 —0.5774] [1'1548 0 dl
Tests:
—0.5774
Banana Wp, = [1.1548 0 0] 0.5774| = [—0.6668]
—0.5774
0.5774
Apple Wp, = [0 1.1548 O] 0.5774 | — [0.6668]

—0.5774

\
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Banana Apple Normalized Prototype Patterns
~1 | —0.5774 0.5774
P =1 P71 P = 05774t = —1] P2=| 0.5774| 2 = [1]
—1 —1 —0.5774 —0.5774

Weight Matrix (Hebb Rule):

W = TP7 = [ ]| 05774 05774 0.5774| _ [ 1o
[l 0.5774 0.5774 —0.5774 [ ]

Tests:

~0.5774

Banana Wp, = [1.1548 0 0] 0.5774| = [—0.6668]
—0.5774

casta e Lol vl o515 4 Saus e goA

0.5774

Apple Wp, = [0 1.1548 0] 0.5774 | = [0.6668]
~0.5774
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/ Pseudoinverse Rule - (1) \

Performance Index: Wp, =t g=12..,0

0

2

FW) = 3 [lt,-Wp,|
g=1

Matrix Form: WP =T
T = [tl t - tQ] P = [Pl Py - PQ]

F(W) = [|[T-WP| = [|[E|’

IEI° = XX
i
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PSEUDOINVERSE RULE

Performance Index:

Matrix Form:

T

P

Wp =t g=12..,0 S gddal

o goaelB b solaie slasu g,

Q F(W)=0 <
FOW) = 3 |t,- Wp,|I’
g=1

Z‘_’.IS CA—“.AJJ
WP =T W=argn%$nF(W)

I:t1 t, ... tQ] P = [p1 p, - pQ]

F(W) = |[T-WP|* = [E|’

2 2
|E[" = ZZeU el oo (sdad g0 p gann i (o ilo a5
i



/ Pseudoinverse Rule - (2) \

WP =T

Minimize:

F(W) = |[T-WP|* = |E|

If an inverse exists for P, F(W) can be made zero:

W = TP

When an inverse does not exist F(W) can be minimized
using the pseudoinverse:

+

W =TP

P = Py P’
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PSEUDOINVERSE RULE

Minimize:

F(W) = [T-WP|* = |E|

If an inverse exists for P, /(W) can be made zero:

P osolsasms oose 5o
(190l 338 (50l 5 o (o2 0 P Y g

W = TP

When an inverse does not exist /(W) can be minimized
using the pseudoinverse:

+

W =TP

P = PPy P’ P o s 0o s b i by

P



/ Relationship to the Hebb Rule \

Hebb Rule
w = TP’

Pseudoinverse Rule
W = TP"
P - PP’
If the prototype patterns are orthonormal:
PP =1

-1
p =x'p) P =p
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RELATIONSHIP TO THE HEBB RULE

Hebb Rule
W = TP’

Pseudoinverse Rule
W =TP'

P = P'P) P’
[f the prototype patterns are orthonormal:
PP =1 AL ) aelaie (b 55z sLa SIS

—1
p = 'py P =P
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/ Example \

1[’1 = [:]aﬁ = [1]} {Pz = [i] t, = [1]} W =TP' = [—1 1][!_1 _i”

-1
-1
P - PP - [3 1] [—1 1 —1] _ [—0.5 0.25 —0.25]
13 L11-1 0.5 0.25 —0.25

were Lo - hod

wp, = [1 0] H L] we, = [ o (ﬂ[ i] .

—1

o e
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|
-1 1 1 1
P = 1,t1=[—1] P2 = 1’t2=[1] W:TP+=[—1 1] 11
~1 ~1 —1 -1

-1
-1
P - PP’ - [3 1] [—1 1 —1] _ [—0.5 0.25 —0.25]
13 [11-1 0.5 0.25 —0.25

W TP - [ ] [_0.5 0.25 —0.25] “liod
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/ Autoassociative Memory \

]2

Pt P2t Pt

T
plz[—lll11—11—1—1—1—111—1...1—1]

Inputs Sym. Hard Limit Layer

r NI N
P n . a W - T+ T+ T
30x1 W 30x1 ’_| 30X1) PiP1 T P2P2 T P3P3
30x30
30 30
\——/ U )

a = hardlims(Wp)
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pP..t; Pt ps.t;

T
p1:[—11111—11—1—1—1—11l—l...l—l]

Inputs  Sym. Hard Limit Layer

r N7 N\
p n | 2
30x1 4 30x1 ’_l 30x1

30x30
30 30
\__/ U J

hﬁ)‘d‘)b‘)lﬁéJJL@—:}uﬁ

a = hardlims (Wp)

tq =pq
U

T T T
W = pp; +p2p2 + P3pP3
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/ Variations of Hebbian Learning \

. new old T
Basic Rule: W " =W " +tp,

. new old
Learning Rate: W = =W +0ttqu

. new old T old old T
Smoothing: W~ =W " +atp, YW = (1-v)W "+ at,p,

Delta Rule: W™ = W?+q(t, —a )p;

. Id T
Unsupervised: ~ W = W+ aa p,
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VARIATIONS OF HEBBIAN LEARNING
. new old T
Basic Rule: W =W +tp,
. new old T
Learning Rate: W =W +atp,
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new

. old old old
Smoothing: W =W +Octqp§—YW = (1-7)W + Octqu

Delta Rule: W = W ot~ a,)p,
Unsupervised: W' = W+ oa p!
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VARIATIONS OF HEBBIAN LEARNING
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Learning Rate: W =W +atp,
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Th-mhrvlu was one of the first asural aetwork bearning laws, 1t was

roposed by Hebb in 1948 as a possible mechanism for synaptic
mndlﬂ.umn in the brain and sirce then has been used to train artificial
naural B

Tn this chapter we veill use the linear algebra concepts of the previous two

chaptars to sxplain why Hebbian !-ﬂn:ha' works. We will also show how
the Hebb rule can be used to 1 ks for g

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

2nd Edition, Martin Hagan, 2014.

Chapter 7

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