I:wsev HOpfleld Network- Recurrent Netorks

W Auto-Associative Memory:
21 ) ) L :
> y Given an initialn bit pattern
W1 returns the closest stored (associated) pattern.
No P.E. self-feedback!
W
12 k)
> n
W, Y2 Dynamics s{ :ZW“. y(®
*4% i=1

W = 1(50)

Network Initialization y(o) =X

Output Vector y® = [yi(k)]

W
- iy ®
W2 y Binary activation function:
n
» 1if s; > L

f(s)) = 0if s <L,

hold previousvalue if s; =L;

Hopfield Network withn Processing Elements
]
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[:smesw HO pfi eld Network...

- Fast training and fast data recovery

W54 > (k) - IR system with no input (only I.C.)
W, y - Guaranteed stability
bl 2 - Good for VLSI implementation
W -0 ting F firing order
12 k) perating Forms ( g )
> Y,

Wn
oy « Asynchronous

« Synchronou

» Sequential
] 010 ...
W Initial Condition + ,

Ty, © "

W y ; ll o1
-y -

R “End Value (stable)
_ _ _ Possible Hopfield Network states (8) with 3 Proceg&ilements
Hopfield Network withn Processing Elements (lllustration of a typical recovery state evolution. From I.C. to E.V.)
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[ Hopfield Network...

m  Tecemiscie Unnversimar

I m KAISERSLAUTERN

L ear ning:
The patterns to be stored in the associative mea@ghosen a priori.

mdistinct patterns. Each of the form:
A, = [aip ay arﬁ’J, with a° =0 or 1. (L = 0, usually)

wy =, (4 ~D(2af -
2

Obs: (2a® —1)  converts 0/1 to —1/+1
w; is incremented by 1 ifa® =aP
Procedure is repeated for eagtfor every A,

otherwise it is decremented

Learning is analogous teinforcement learning

LARN Laboratério de Automagéo e Robdtica - A. BauchspieSeft Computing - Neural Networks and Fuzzy Logic
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I:wse HoOpfield Network - Example

Patterns to be stored as 3x3 matrices:

a | & | a 1 1 (1| 1 1
| a5 | ag 1 1 1] 1] 1
a;, | ag | ay 1111 1 1
Symbol Training Vector
L A;=[100 100 111] = .

T A,=[111010010] 6 -11-1-1-31 11
+ A;=[010 111 010] -1 0 1 -1 3 1 -3 1 -3
1 1 O -3 1 -1 -1 -1 -1

m -1 -1 -3 0 -1 1 1 1 1

p=1 -3 1 -1 1 1 0 -1 -1 -1
1 -3 -1 1 -3 -1 0 -1 3
1 1 -1 1 1 -1 -1 0 -1
1 -3 -1 1 -3 -1 3 -1 0
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I:w=eme HOpfield Network - Example

Sequential operation of the network:

New pattern presented Fired P.E.| P.E.Sum} P.E.Output New output veftor
to the trained network: 1 2 1 101100011
2 -3 0 101100011
1 1 3 4 0 100100011
1 4 1 1 100 1000110
1] 1 5 2 0 100 100011
6 -4 0 100100011
x=y?=[1 0 1 1 0 0 0 1 1] 7 1 1 | 100100111
8 0 1 100100111
0 -1 1 -1 -1 -3 1 1 17 9 4 1 100100 111}
1 2 1 100100111
Lo t-sdl=sl =3 2 8 0 100 100 111
1 1 0 -3 1 -1 -1 -1 -1
-1 -1 -3 0 -1 1 1 1 1 [ Convergence to “L” Pattern]
wW=-1 3 1 -1 0 1 -3 1 -3
-3 1 -1 1 1 O -1 -1 -1 Remember Binary activation function L; =0:
1 -3 -1 1 -3 -1 0 -1 3 1if s; >0
1 1 -1 1 1 -1 -1 0 -1 f(s;)= 0if s; <0
1 -3 -1 1 -3 -1 3 -1 O hold previousvalug if s; =0
O L _
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Demonstrations available in the www, e.g.:

- -

[ techhouse.brown.edu/~dmaorris/JOHN/StinterMethtm

Welcome to Dan Morris's CG102 final project. ..

J.O.H.N.

Java-Based Observation of the Hopfield WNetwork

L -:HIE Agpplet itself and a detailed description follow. The accompanying paper is also availabl

http:techhouze brown.edu'dmorris JOEN JOHEN html

Also note that this takes a minute to load, but it really will load. I swear.

Clear Input Train
Scale Propagate
Moise %: Clear Weights
|1E Clear Qutput
¥ Animation [terations per display: 5 Interval (ms): 5

Store Pattern E Train Set | Clear Set |
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<

C' & | [J lenepfl.ch/tutorial/english/hopfield/html/index.htm

I:w=eme HOpfield Network — javademos

Second exercice: 10x10 nodes

b=

N E

L

o,
..-J

CIearDispIay| Randnmize| r-.-1emnrize| Test| Clear Memaory | First Pattern | Last Pattern

Cwverlap

/

——First Pattern
——Last Pattern

[teration

What 15 the theoretical maximum number of random classes the network is able to memornize?

What is the experimental maximum mumber of random classes the network is able to memorize?

Do the experimental results agree with the theory?

Store a finite number of random patterns, e g, & How many wrong pixels can the network

tolerate in the initial state so that it still settles into correct pattern?

Try to store characters as the relevant patterns. How good is the retrieval? What is the reason?
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Hopfield N. — final considerations

Stability proof — Cohen and Grossberg, 1983.
W symmetric with zero diagonal
“Energy funcition” always decreases.
A E —"“Energy” of the network

Spuriou: Patter1 ...
P Initial State

Hopfield Network Limitations: \
« Not necessarily the closest pattermesurned. %
Recovered Pattern

* Differences between patterns. Not all patterns
have equal emphasis (size of attraction basins). Stored Patterns 05
» Spurious patterns, i.e., patterns evoked
that are not part of the stored set. _, States
* Maximum number of stored patterns is limited.

m< 05n/logn, m patternsn bits network

Typical Energy and Patterns illustration for Hopfield Newtworks
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Iwswsw Radial Basis Functions

-l
- I\/Iood_y & Darken_, 1989,... _ p Gaussian

- Function Approximators a=¢ (Average, Variance)
- Inspiration: sensoricc overlapped reception fieldthim cortex

- Localized activity of the processing elements

mi:
w — weigth
b — bias

Weighted Sum of Radial Basis Transfer Functions
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Tecrmiscie Unnversimar

0.8
0.6
0.4

0.2
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Radial Basis Functions...

Input

Radial Basis Layer

Linear Layer

KAISERSLAUTERN

Input Radial Basis Neuron

N N
W oLLW
1.1 1R

&

P: .\7'
Ps Il dist I "y AF»
!;R 2
N R 1 J

a = radbas( || w-p [ b}

a = radbaddist(w, p) * b)

T

W-p

Where...
N NS N
. R = numbesr of
sixk | IW11 elements in
¢ input vector
al al-y
¥ A Slxl ' fn ’
;xl Il dist I i nt P LW i FErT Y 51 = number of
FAN 52351 71 NEurcns in
s sl layer 1
I —p h |—p h
R Tixd 51 =221 < 52 =humber of
L RN RN v neurens in

al =radbas (|| IWu-pllb )
I ] [

alis ith element of a1 where

MatLab Implementation
[net,tr] = newrb(P, T, GOAL,SPREAD,MN)

P - RxQ matrix, Q input vectors (“pattern”),
T - SxQ matrix, Q objective vectors (“target”),
GOAL - desired mean square error, default = 0.0,

SPREAD - radial basis function spread, default = 1.0,

0.2¢

MN - Maximum number of neurons, default is Q.

Output a

a2 = purelin{ LW21 al +hz)

1.4

12¢

1+

0.8r

0.6

0

layer 2

IWiLis a wector made of the i th row of TWi,1

Weighted Sum of Radial Basis Transfer Functions
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I Radial Basis Functions...

Learning: add neuroriacrementally
- Where? To obtain the largest quadratic errror redustaireach step— minZe2 =0

spread— to low
- - Goodfitting (at the training points)!
- Badinterpolation!

_ L I | I I | I
-20 o 20 40 60 80 100 120

] spread— to high
] - Goodfitting at low frequencies
| - Goodinterpolation in some ranges!

_ I I I I I I
-20 (0] 20 40 60 80 100 120
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Iwwww - Radial Basis Functions...

0.

0.

0

0.

0.

Target

0.

-0.

-0.

-0.

-0

Heuristics:
‘Xi+1 - XI‘ < SPREALX ‘Xmax_ Xmin‘

6L 26 function samples |

5_ E\:?g;i.ovr\]/ith 20 RBF neuros |

_ . spread— OK

= 1 - Goodfitting!

i ; A ] - Goodinter polation!

A / \/ - -Bacextrapolatiol

2y I (is a very difficult task)
42‘0 (‘J 2‘0 4‘0 6‘0 E;O 1(30 1‘20

[ ]
LARN

Pattern

Conclusions

- Faster training faster, but uses more neuronsis?
- Incremental Training, new points can be learngtiovit losing prior knowledge.
-You can use priori knowledge to locate neurons (which is not possibke MLP).

- Fixed spread — Incremental tranirgsuboptimal solution!!

Laboratério de Automagéo e Robdtica - A. BauchspieSeft Computing - Neural Networks and Fuzzy Logic
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RBF comparison

ComparisorRBF x MLP

- MSE over ti=0:0.1:100,yi=exp(-.03*ti).*sin(0.003*ti. *ti))

0.6~ ‘
O  samples (21)
0.5- function MSE |
5 RBFs 0.0602
04y 10 RBFs 0.0325
03l 15 RBFs 0.0208 ||

-0.1-

20 RBFs 0.00901

N ACA
7 N

Yov e

0.6

0.5

0.4

0.3

0.2

MLP comparison - MSE over ti=0:0.1:100,yi

=exp(-.03*ti).*sin(0.003*ti.*ti))

T 1

@)

samples (21)
function MSE |-
5 MLPs 0.0672
10 MLPs 0.0268
15 MLPs 0.0244
20 MLPs 0.0416 |

RBF — more neurons better fitting best solution newrbe (exact fitting!)
MLP — too much neurons> worse fitting (bad interpolation)

0.2- - -
0.3~ :
_04 L | | | |

0 20 40 60 80 100
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Unsupervised.earning

Input Wectors .-
14 . . Competitive Layer
121 .
L + + i .
1 ot I - Find vector codes that
~ 08f + I T describe the data distribution
Sopt N P Fy ]
*F gy /7 .
04t - No known desired Code Vecta's _ _
02l . Used in Data Compression
+ ,* 1
1 |+ + 1
93 0 02 o They should reflect the
|nner statistical distribution e |
xample:
of the process
14 \ b / Code symboils that
12} - will be transmitted over a
1t + + | . . .
s I++*%fo+ O+F++++ communication channel
D&8F + # © PR + i
05l L. ] For the comprehension the
+-H‘ :b LERE + + T . - . .
o4l P T ] variability of the signal is
0sl N | considered as “noise”,
) o tafeR T | and so, discarded.
-0.2 0 0.2 04 0.6 0.8
== _ _ _ | |
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Tecrmiscie Unnversimar

CompetitiveLayer

1 T o7 T
X X X X X
x X XX * X e
x % X x
0.8 x x 8] _|
Bk x % x
x x X
X « X x
X x
x Xx o % . X «
X X « x X
0.6 X . |
x « x X x
. x « X %
X X X
x x N & x x x X
% x x XO X
0.41 Xy« x
X X
x « x x X % x « x
X X x X 69>< X
D x X X, x X
0.2+ X x x % x x X x|
« X x X X x
X « X x
x
X X Xy . N Xy x X
0OF X X (&) x * |
@ x @ B N @
x X X
£ x x @ X
X X x X X x X
x O x (] x
0.2} ® . e . x 9 ~ |
x
X X X
L% X } oox ®
% ¢ o « . x X .
0.4 x x O X m
. X x
X% o © x x <@ * x
x XX D
><><><
X X X % x X )
x
. x x X —
0.6 x « « . @ x X «
x x . y € X
x
X o X ) 0O X X . x
x % X + «
- [ X X X —
0.8)( X » + X @ X «
« XX x x
. x
X ++ x X < x x
x x X X% ¢ x x X
-1 | | | | | | @ x| X | | X
-1 -0.8 -0.6 0.4 0.2 0 0.2 0.4 0.6 0.8 1

Input Competitive Layer
/ LI ™
SR | TWu
P * Tix] o »
Fx17)| || mdist | ni ixl
lxl C
1—p b
R 5ix1 ]
L J

0 code vectors
@ training vectors

X test vectors
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m  Techmiscie UnnversimaAr
I Borders

(Voronoi Diagram)

O code vectors
@ training vectors
X test vectors
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Iz EX. ClassificatiorBorders

O code vectors
@ training vectors
X testvectors
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Bias adjustment to to help “weak” neurons

X
Xx X
>2<x
%%
WX

X
X
X

£y
5~
%
X
X

% X
0.2 5008 o
X 5 g

-1 -0.8 -0.6
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4 No known desired Code Vectors N

Data points belong to Classes
Code Vector s should reflect the
\Jnner statistical distribution of the process /

Class A
5 Class B
O © InputVectors
O O O .
o e Currentinput
X(1)-We() o —— Code vectors
o
We(t Class(X)=Class(Wc)
/W) Class C

\{

[ ]
LARN
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LearningVector Quantization

LVQ1, LVQ2.1, LVQ3, OLVQ

“Enhanced Algorithms

-Dead neurons
-Neighborhood definition
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I Do Salf Organizing\/laps

/Kohonen, 1982 — Unsupervised learning \

One active layer witmeighborhoodconstrains

Code Vector s should reflect the
\Inner statistical distribution of the process >

Weight Vectors

W(i,2)

0.2 04 06

W(i,1)
Weird unsuccessful training

-06 -04 02 O
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Iz ANN General Characteristics

= Positive = Negative
= Learning = Knowledge acquisition only by
= Parallelism learning

(“E.g., Wich topology is best suit?)

= Distributed knowledge . :
= Introspection is not possible

= Fault Tolerant (“What is the contribution of this neuron?)
= AssociativiMemory = Thelogicalinferenctis harcto
= Robust against Noise obtain

(“Why this output for this situation?”)
= Learningis slow
0 = Very sensitive to initial conditions

= No exhaustive modelling

)

To obtain successful ANN
a good process knowledge is
recommended in order to design

experiments that produce useful data sgts!

—/
LD Z There is no free lunch!
] S
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