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Grossberg Network
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/ Biological Motivation: Vision \

Eyeball and Retina
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Layers of Retina

The retina is a part of the brain that covers the back inner
wall of the eye and consists of three layers of neurons:

Outer Layer:
Photoreceptors - convert light into electrical signals
Rods - allow us to see in dim light
Cones - fine detail and color
Middle Layer
Bipolar Cells - link photoreceptors to third layer
Horizontal Cells - link receptors with bipolar cells
Amacrine Cells - link bipolar cells with ganglion cells
Final Layer
Ganglion Cells - link retina to brain through optic nerve
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Visual Pathway
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Visual Nucleus
Cortex
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Blind Spot (Optic Disk)
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IMPERFECTIONS IN RETINAL UPTAKE
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Imperfections in Retinal Uptake

Stabilized
Images Fade

N
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Compensatory Processing

Emergent Segmentation:
Complete missing boundaries.

Featural Filling-In:
Fill in color and brightness.

After Processing

Emergent Segmentation Featural Filling-in

™
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Visual Illusions

¢ N
“oo  JIN

[llusions demostrate the compensatory processing of the
visual system. Here we see a bright white triangle and a
circle which do not actually exist in the figures.
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[llusions demostrate the compensatory processing of the
visual system. Here we see a bright white triangle and a
circle which do not actually exist in the figures.
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Vision Normalization

Variable
INumination

Q-

Constant Illumination

O
O

O X x X

Separate

The vision systems normalize scenes so that we are only
aware of relative differences in brightness, not absolute

brightness.

o~
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/T 1
Brightness Contrast

QC

If you look at a point between the two circles, the small
inner circle on the left will appear lighter than the small
inner circle on the right, although they have the same
brightness. It is relatively lighter than its surroundings.

The visual system normalizes the scene. We see relative
intensities.
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Leaky Integrator

(Building block for basic nonlinear model.)

adn(t) _

o2 = —n) - p()

Leaky Integrator

4 A

+ n n
p_pz_; 1/g—>’-T—>

. J

edn/dt=-n+p

™

28
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(Building block for basic nonlinear model.)

dn(r)
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Leaky Integrator
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Leaky Integrator Response

™

_ I _(f_
() = ¢ 8n(0)+é fie (=978 ) _1ydr

For a constant input and zero initial conditions:
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Shunting Model

Input

D

Input

Excitatory

Input Basic Shunting Model
Y4 A\
bh +
Pt *4_

n n
Ue—b’-ro—b

Inhibitory * +

\_/\L J

ednldt=-n+ (" - n)pt - m+b)p-
S N
Gain Control Gain Control

(Sets upper limit) (Sets lower limit)

T=— n(2)
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Shunting Model Response

8% = —n@)+ (b" —n(f))f—(n(t) +b)p
b =1 b =0 e=1 p =0

Upper limit will be 1, and lower limit will be 0.
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Grossberg Network

Layer 1 Layer 2
(Retina) (Visual Cortex)
Input @ @
O > O S
™
O O
O LTM O
O (Adaptive Weights) \O
\_/ \_/
Normalization Contrast
Enhancement

LTM - Long Term Memory (Network Weights)
STM - Short Term Memory (Network Outputs)
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dan'()
dt

€
Excitatory Input

[+Wl]p

Inhibitory Input

['W'1p

Operation of Layer 1

n'@+(b —n'o)['Wip-m'n+BHIW'p

00

01 -
10

1

On-Center/
Off-Surround
Connection
Pattern

Normalizes the input while maintaining relative intensities.

.
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Analysis of Normalization

Neuron i response:

1
dn; (1) 1 10 1
€ al't = —n; (1) +( b —ni(t))pi—ni(f)Epj
VE
At steady state:
+,1
nl - b P
1 1 1 1 i
0=—ni+(+b *”f)pi*nizpj » i s
j#i 1+ Z P,
. . . j=1
Define relative intensity:
S]
- P;
Pi=p where P = Z pj
i=1
Steady state neuron activity:
st +,1

s
Total activity: n;
j=1

1 N
"o\t p

j=1

> (1[11;)51' = (1b+1;)S+

o~

bl

%
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ANALYSIS OF NORMALIZATION

Neuron i response: DY o8 b b
1
dn;(t) 1 11 1
€ aI'I = _”,‘(t)+( b _nj(t))pf_nl’(t)Epj
J#I
At steady state: Sl e Bk e 0
nl - b P;
1 +.1 1 1 i
O=fni+(b —ni)pi—ninj » ! s'
i#i 1+ Z pj

5 . . . i=1
£ Define relative intensity: S e e ) S LT a5 e S e
- S
E - pP;
S Pi= p where P = D p;
g i=1
E Steady state neuron activity: e S s o b llad sl 5o
'ué 1 1
3 +.1 S S+ 1 +.1
° 1 b P\=- . b P b'P\ +1
2 n. = . . 1 _ - _
: ; (1 +P)P, Total activity: ) n Y (1 +P)pj (1 +P)S b
g j=1 j=1
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ANALYSIS OF NORMALIZATION
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- Sl S +1 + .1

1 b P\= - b P\ L 0)<!
n (m ; Total activity: Z n}- = 2 (1 +Plpj B (1 +P)S b
j=1 Jj=1
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Layer 1 Example

HOR i |
(0.1) dr - *nl(t)"'(l *n1(f))P1*n1(t)p2
dny() | |
(0.1) Pyl ny(1) + (1 = ny(6)) py — ny(H)py
né ”;

0.5F

_ |2 — |10
P = [8] P2 [40:|

1
0.25- n

L 1 L 1
0.1 0.15 0.2 0 0.05 0.1 0.15 0.2
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LAYER 1 EXAMPLE

tpeSe €= 01 57D =10 o8 LY

1
dn(t
(0.1)-%‘-!—) = —n () + (1=m\(1)p, — (O,
dni(.t)
(0.)—= = —ny(t) + (1 = () py = ny(D)p,

1 :Ca_w‘dJ‘J.;Ar.).}b.}\°“:.JJJAA:.‘)‘ijd)é)ﬁ.iaduhGJ?JJJ‘JJ{JJG‘x@é‘al._:\

] I

n, L
5 0.75} == i oast [
E ost | P = 2 1 os P2 = L
R 8 40
Lf |
- | I 1
2 025} ny | D25 ny
£
g
5 o 005 01 015 o2 % 005 01 015 02
t ‘
o
o
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T 1
Characteristics of Layer 1

» The network is sensitive to relative intensities of the input
pattern, rather than absolute intensities.

* The output of Layer 1 is a normalized version of the input
pattern.

» The on-center/off-surround connection pattern and the
nonlinear gain control of the shunting model produce the
normalization effect.

» The operation of Layer 1 explains the brightness constancy
and brightness contrast characteristics of the human visual
system.
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The network 1s sensitive to relative
intensities of the input pattern, rather
than absolute intensities.

The output of Layer 1 is a normalized
version of the input pattern.

The on-center/off-surround connection
pattern and the nonlinear gain control of
the shunting model produce the
normalization effect.

The operation of Layer 1 explains the
brightness constancy and brightness
contrast characteristics of the human
visual system.
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Layer 2

Layer 2
4 2\
+ o+
W lHrO< On-Center -0
x5! é< +b%: §2x8?
-+ + n2 n2 a2
l/e—)l:D—T—o—} 2 —o—p
_|_
' s:
+
_b2
Off-Surround W
2 v 02
\ Sx.S8 J

edn?/dt=-n2 + (*h2 -

- (2 + b2 W2 ()

n2) {{"'W2]f2(n2) + W2a'}

o~
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Layer 2
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i n2 n2 a’
lfe—b[D-T—o—b f2 —eo—p

- bl
Off-Surround b
52x§?

% P
edn2/dt = - n2 + (T2 - n2) {["W2]f2(n2) + W2a!}
-(n2+ “b2) [‘WZ] f2(n2:)

>%'§<§
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Layer 2 Operation

LAn()

= ')+ (D - )W () + Wa')

() + BHIW I’ ()
Excitatory Input:
WP @)+ W'}
W ='W (On-center connections)
w’ (Adaptive weights)
Inhibitory Input:
(W’ ()

2 xx 1

W ='W (Off-surround connections)

/
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OPERATION OF LAYER 2

dn’(r)

7

~0’()+ ('b* - 00 ([ W 0) + Wa'}
— () + POHIWIE (1)
Excitatory Input: : Seeesess
(W M)+ Wa'y

g8 e Soaad Y Lasl el - W= w (On-center connections)
(PsasS seSad slagss b dolas) (B35 slag s w’ (Adaptive weights)

Inhibitory Input:  sub cosss
(W ')

S R .
Chsela—g el Ssud o¥laslulal: W = W (Off-surround connections)

L/

2 };(i/
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Layer 2 Example

2 2
2 H 1 [8] Py = 1000 w2 (1W2)
1+ (n) (W)
Correlation between
prototype 1 and input.
/—A__\
dn%(t) 2 2 2 2.7 1 2 2
(0.)—= = —my(® + (1= m )] £ (@) + (W) 2 p= (0. (ny(0)
Correlation between
prototype 2 and input.
/_A\
dng(t) 5 2 2 2.T 2 2
(0.)—— = —nz(r)+(l—nz(rn{ﬁ(nz(r))ﬂzw) a }—nz(r)ﬁ(nl(r)).

_ [0.9 0.41
0.45 0.9

o~

%
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OPERATION OF LAYER 2

2 2
1] b2 = [0] Py = 10(n)2 w2 = (W) [ [0.9 0.41
0 1+ (n) W) 0.45 0.9
2

Correlation between
prototype 1 and input.

—
dnf(t) 2 2 2 2T 2 2
= =m0+ (L= @) S 0)+ W) ' = (0 (ny(e)

(0.1)

Correlation between
prototype 2 and input.

—

dn’(t)
O n%(f)){fz(ni(r)) W) a! }— n(0O £ (D) .

dt

(0.1)
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Layer 2 Response

o~

0.751

al = [0‘2] 0.5+
0.8

0.25F

2.7 )
(W) a n(0)
2.7 |
(W) a
Contrast
Enhancement
and
nf(t) Storage
0.‘1 0:2 0.3 [}14 0.5

Input to neuron 1:

(1""2)Tal = [0.9 0.45] [8;] =

0.54

t

Input to neuron 2:

2. T 1 2
GW) a = [04509] [8 8} = 0.81

2
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LAYER 2 RESPONSE

HEEXBX'

al [0.2]
0.8

VoY LBk e gdass
ok 436 0.25 sueds
e 9 C,u.u‘ sl dLA.C‘

Input to neuron 1:
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— G eSS, Gl )

T
(Iwz) a = [0.9 0.45:| I:g‘;:l = 0.54

0.2 0.3 0.4
t

Input to neuron 2:

0.5 (455 s» TeVerberation

2.7
(LW)a = [0.45 0.9] B;‘j = 0.81
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T 1
Characteristics of Layer 2

* As in the Hamming and Kohonen networks, the inputs to
Layer 2 are the inner products between the prototype
patterns (rows of the weight matrix W?) and the output of
Layer 1 (normalized input pattern).

* The nonlinear feedback enables the network to store the
output pattern (pattern remains after input is removed).

» The on-center/off-surround connection pattern causes
contrast enhancement (large inputs are maintained, while
small inputs are attenuated).
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o As in the Hamming and Kohonen networks,

the inputs to Layer 2 are the inner products
between the prototype patterns (rows of the
weight matrix W?2) and the output of Layer 1
(normalized input pattern).

The nonlinear feedback enables the network
to store the output pattern (pattern remains
after input is removed).

The on-center/off-surround connection
pattern causes contrast enhancement (large
inputs are maintained, while small inputs are
attenuated).
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Oriented Receptive Field

¢

When an oriented receptive field is used, instead of an on-center/off-surround
receptive field, the emergent segmentation problem can be understood.

Active
¢
/

Inactive

Active

71
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ORIENTED RECEPTIVE FIELD

:Emergent Segmentation g4l
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When an oriented receptive field is used, instead of an on-center/off-surround
receptive field, the emergent segmentation problem can be understood.

Active
N Active
\ fr"' S e 48 aag o olas JBs oyl
!.'I |I S99 kn.‘ « (5‘4:‘3L' B Sl
b4 4 Py Gend 85 4l S Lo cuplas

Inactive
5wl s Jlad JBLSe lase (s Gulaie 4l S5 53 Olase S (SLe)
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n%(0)

Ll

S3(n)

Stored Pattern
n%(co)

/ Choice of Transfer Function \

Comments

Linear

B

Perfect storage
of any pattern,
but amplifies
noise.

Slower than
Linear

I

Amplifies noise,
reduces contrast.

Faster than
Linear

-

Winner-take-all,
suppresses noise,
quantizes total
activity.

Sigmoid

\
\J

- -

Supresses
noise, contrast
enhances, not
quantized.

74
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n2(0)

S2(n)

Stored Pattern
n%(co)

Comments

Linear

B

Perfect storage
of any pattern,
but amplifies
noise.

Slower than
Linear

|

Amplifies noise,
reduces contrast.

Faster than
Linear

>
A i

3

Winner-take-all,
suppresses noise,
quantizes total
activity.

Sigmoid

Supresses
noise, contrast
enhances, not
quantized.
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Adaptive Weights

Hebb Rule with Decay
dW? AD 2 2,1
T = of{- Wi j(t) +n; (t)”j(f)}
Instar Rule
(Gated Learning)
dw: (f) ) ) | L N
LY _ earn when
dt o (D{=w; O+ 1,0} { n (1) is active.

Vector Instar Rule

d[iwz(f)] _

2 2 |
= an (- LW O]+ 0 ()

77
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2 2 1
el dt of—w; (D +nOn;(0)}

passive decay gdles Instar Ru]e

(Gated Learning)
dw; (1)
dt

= o (){-w; (1) +n()} { Learn when

n(t) is active.
ol wade A1) (3 53 Jlad 5ad &g 53 (300 53) 5 S0k S Jlad s (e
Vector Instar Rule

AW (O]

——— = anO{-[W Ol ')
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2
dwy (?)
dt

2
dwy H(1)
dt

2
dwz, 1(0)
dt

2
dw’ (1)
di

Example

= my(O{-wi () +m(0)}
= my({~wi (O + ny(1)}
= my(O{~w) () + ny(0)}

= ny(O{- w5 o0+ ny(0)}

™
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@ = {01 wi 50 + ny(0)}
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For Pattern 1:

For Pattern 2:

\_

/ Response of Adaptive Weights \

Two different input patterns are alternately presented to the
network for periods of 0.2 seconds at a time.

SRINN V) B 1 B
0.45 0

Ao oas| 2ol L
0.9 1

2
W t 2
110 W (D)

2
w1 2(t)

2
W, 2(t)

0

0.5 1 15 2 2.5

The first row of the weight matrix is updated when n *(f) is active, and
the second row of the weight matrix is updated when n,%(7) is active.

81
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Two different input patterns are alternately presented to the
network for periods of 0.2 seconds at a time.

1 T T T T T

For Pattern 1: B
EECSEIEE SIREYZISYR SURRELN JET R 5 -
wi (1) %
L
1 2 0.75F W t 1
g 1 . 2.1t B o
0.45 0 Fs8 sladds b

= Ao slagisdegane Slp 9, b
& W t
- For Pattern 2: / 1,20 ),_--/, -
= e
i nl = [045] L2 0 0_25_/ , ]
g 0.9 | / wa 5(0)
= a
£
3 5 Y ¥ Ol ousi b s Jol s S ’?
z .C.;.u‘a.\_f&.\SYL;QY;‘ﬁJJ&J)QL_-.uJJ‘sJJ&Jg‘ 0 ; i . |
g 0 0.5 1 1.5 2 2.5 3
g The first row of the weight matrix is updated when n *(7) is active, and

the second row of the weight matrix is updated when n,%(r) is active.
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T 1
Relation to Kohonen Law

Grossberg Learning (Continuous-Time)

AW ()]

—— = an(0{-[WO +n'(0)}

Euler Approximation for the Derivative

AW (D] W+ A1) — WD)
dt At

Discrete-Time Approximation to Grossberg Learning

W+ A = W)+ a(A)n ()]~ WD) +n' ()}
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RELATION TO KOHONEN LAW
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Grossberg Learning (Continuous-Time)

dlw o] _

—— = an(O{-[W O]+ n' ()}

Euler Approximation for the Derivative

dLw(n] Wit An- W)
dr At

Discrete-Time Approximation to Grossberg Learning

WA = WO+ (A 6 {— w(t)+n'(5)}
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Relation to Kohonen Law

Rearrange Terms

W+ A = {1-a(AnXO)}W () + (AR O{n (1)}

Assume Winner-Take-All Competition

SWEAD = (1@} WO+ {oin'()  where o = a(ANNL()

Compare to Kohonen Rule

aW(q) = (I-a) w(g—-1)+ap(qg)
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Rearrange Terms

Wt A = {1-a(Anr’(O}w (0 + (A () {n' (1)}
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Assume Winner-Take-All Competition

2 o2 1 o 2
#W (t+Af) = {1-a }i*w (H)y+{o}'n (1) where o' = o(At)n;(1)
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Compare to Kohonen Rule

sW(g) = (1-0),.w(g—1)+ap(q)
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18 Grossberg Network

Utipectnes 181
Theory and Exampilos. 1w
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Vision Normalization 1848
Basic Nonlinoar Modol 188
Two-Layer Competitve Network 1812
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Loyer2 1817
Choicn of Transler Funclion 18-20
Leaming Low 1822
Relation 10 Kohanen Law 18-24
Susmmary ol Results 1826
Sobved Protlems 18-30
Eplloguo 1842
[Furthor Roading 1843
Exorcecs 1845
Objectives
This chapter iz a diseussion of
itive learning nlgerithms ul(.']upuu 18 and 18, The Gmoubug nmmk
described in this chapter iz a

natwork. This will be the firet time we b
current netwarks, and we will introduce concepts here that Wil o furiier
explored in Chapters 20 and 71 This Grossberg aetwork is also the foon
dation for the sdaptive resonance theory (ART) networks thot we will
present bn Chapter 19,
We will begin with a discussion of the bislogical mosivation for the Grass-
berg mstwesk: the hum visual systens. Altbough we will ot cover this
tertal i by
hiology that it bd.lmml( to discuss his networks without putting them in
thair biclogical contest. It is alsa Importaat to sote that blelogy provided
for the field of artificial ] nstworks, and we
ilwuld continve to look for inapiration there, as scientists continue to de-
volop new understanding of brain functicn.
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Martin T. Hagan, Howard B. Demuth, Mark H. Beale, Orlando De Jesus,
Neural Network Design,

2nd Edition, Martin Hagan, 2014.

Chapter 18

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