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Deep CNN: A5 =rA>DELE
(Fukushima, 1979)
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3-layered Perceptron (F. Rosenblatt)
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Learning process of the cognitron

Initial state Stimulus presentation After reinforcement

—> excitatory
—1 inhibitory
—> excitatory fixed

] variable



cognitron &P T sEEBROKEGELEEE T
competitive learning ----- unsupervised learning for multi-layered network
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cognitron = cognition + tron
c.f.. perceptron = perception + tron
(Fukushima, 1975)



cognitron:
HEMELFE T/N\I—Uili#ge hzE Rl (1975)
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neocognitron (Fukushima 1979, 1980)
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IR (retina) 8= (optic tectum) B DHEES DB A

+ + +
fEERE-BERIZE retinotopy (XEIZR=NS.
normal half tectum half retina
O—— O—
O—® @ e
O—0 o @
@
&B— &B—3
retina  tectum retina tectum retina tectum



neocognitron = &,/ \5— 3Bk H% D dCNN
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(Fukushima 1979, 1980)
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Principles of Robust Visual Pattern Recognition
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CHifd (fE3Z HmRa)
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C-cells (complex cells)
--- tolerating shift by blurring ---



simple cells )—V complex cell
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extracting features tolerating shift
(spatial pooling)
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extracting features tolerating shift
(spatial pooling)
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extracting features tolerating shift
(spatial pooling)
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extracting features tolerating shift
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tolerance area S-cell
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— detormed

Robust recognition of deformed patterns
by tolerating positional error of local features




C-cells (complex cells) --- tolerating shift by blurring ---

S-cells C-cells S-cells C-cells
shift tolerance spatial blur
tolerating positional error blurring responses

Connections from S- to C-cells --- pooling



Why blur is useful”? — Tolerating shift and deformation
Without blur:
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Siffiffel — ##HhH M —

S-cells (simple cells)
--- feature extracting cells ---

similarity defined by inner product
+

rectified linear

(Fukushima 2011)



Feature-extracting cell (S-ce

sigmoid

conventional NN

V-cell

rectified linear (ReLU)

neocognitron




Feature extraction by an S-cell

pls—0]
u = ||z|| =

( X, w) [smllarlty betwee%

S =—F———— ===- reference vector
HX” ’ ||33|| and test vector @

rectified linear (RelLU)




S-cell with subtractive inhibition ----- (recent neocognitron)

C-cells S-cell

pls—0]
u =[] 1-6 % <—— subtractive
O] inhibition

V-cell: [|x]| (L2-norm, r.m.s)

S-cell with divisional inhibition ----- (old neocognitron)
C-cells S-cell
u_¢B—9]
- 1-6 OjI(\ divisional
inhibition
V-cell
(X, x) similarity between
= ‘ { training vector X
1. X][ - [l and test vector x

@lz] = max(z, 0): rectified linear (ReLU)
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other digit randomly white noise
in the background placed In the background
line segments

Examples of patterns with background noise




(recent)

(old) .

T

Difference in the responses of S-cells
between subtractive and divisional inhibition



Recognition error under background noise

a faint image of a different digit

(rep=1)



PRIED SHDFE

Training S-cells
--- intermediate layers ---

AISBII= &5 BETEL$E

unsupervised learning

AIS (add-if-silent) rule

.
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(Fukushima 2013)



Generation of a new S-cell: AIS (add-if-silent rule)

training stimulus

|

|

no tuning
after being generated

A new cell (cell-plane) is generated
if all post-synaptic cells are silent.

4 N

If post-synaptic cells are not silent,

\ nothing happens. /

(Fukushima, 2013)




The progress of the learning
by the AIS (add-if-silent) rule

gining stimulus \

|

no more modification
after generation

WS (add-if-silent) ruy

Learning starts from the state
where there is no cell.
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AiS (add-if-silent): a new cell is generated, if all cells are silent.

In the vector space:

VRN

P —
cos1d

Threshold & determines

7 S

min  max

| I
cos!d 2cos1@

uniform distribution

\ of reference vectors /

the minimum distance between reference vectors



AIS (add-if-silent) with feedback

Training S-cells
--- Intermediate layers ---

(Fukushima 2014)



When applying the add-if-silent to the neocognitron,

condition of shared connections should always be kept
even during the learning.

seed cell
(like a seed in crystal growth)

Following the seed cell,
all other cells change their connections.

T

Shared connections

\between cell-planes /




At which retinotopic location should the seed-cell be located?



AIS with feedback

Search the location

of a feature.

_ Generate a cell

that extract the feature.

T_—_—_—.
e e — — —



AIS with feedback

seed-cell
The seed-cell learns
a local feature.

.— shared connections
All other cells
in the cell-plane
follow the seed-cell.

I

I

I .

J Generation of a cell
A== o means the generation
e : of a cell-plane.

 —m— — — - —



AIS with feedback

Negative feedback
from active cells inhibits
e the presynaptic activities.

T_—_—_—.
e — —— —



AiIS with feedback

Search the location
of another feature,
which has not been
iInhibited yet.
Generate a cell
that extract the feature.



AIS with feedback

Cells in the cell-plane
that learned feature “b1”
respond also to

a similar feature “b2”.



AIS with feedback

Negative feedback

from active cells inhibits
the presynaptic activities
at both “b1” and “b2".

Generation of redundant
cell-planes can be avoided.



AiS with feedback:

negative feedback [,
ECIT seed-cell ZESRENZTROHDH-OEITIZRAWNS.

seed-cell [X, negative feedback [Z&>THI#HIEN 5 LLRETD
AT 7AMBORIGEEZZET 5.

TA4—F I\ IRENELLGDET MRREZRITS.

AiS with feedback auto-encoder

~N S

some similarity
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#HE D deep CNN
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AiS = Add-if-Silent HI|
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SHIpaIZ —F|EL=LVE

(FEFRERBRET EGHLENME)

Dual threshold for S-cells
of intermediate layers

(Fukushima & Tanigawa, 1996)



timulus vector refergnce vector (S-cell) stimulus vector

tsilze of silze of
olerance tolerance
area _— area

different response slightly shifted Isimilar response
stimulus vector

slightly shifted
stimulus vector

e

low threshold
Recognition phase

(Response of S-cells in the multi-dimensional feature space)




existing cell tolerance existing cell (reference vector)

tolerance area
area . .
training training
/ vector vector
response

cannot be
generated

can be

silent\
generated

high threshold

Learning phase

(Response of S-cells in the multi-dimensional feature space)
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(spatial pooling)
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ML (= pooling)
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MWTA (margined WTA)

(Add-if-Error, not by Add-if-Silent)

(Fukushima 2018)



—/

il
A

& T,

FERINLE, VEOSERNINLTERDT .
(labeled reference vectors)



MW TA (raarginad/WTA) for choosing reference vectors
from the set of training vectors



IntVec (Interpolating-Vector)

RNIFERNVRILE

BT IERIZE A

(Fukushima 2007)



Training vectors are represented by
a smaller number of labeled reference vectors.



Interpolating vectors (&)L )
between two reference vectors
of the same label

X X
p.
Xl X

(pi+p;=1)

E=p



Find the nearest line



Recognition by IntVec (interpolating-vector)



Examples of patterns that were recognized,
erroneously by the WTA,
but correctly by the IntVec (interpolating-vector, Int-2).



Recognition by Int-Vec (interpolating-vector)

This operation is applied,
not directly-te-rputimages, but to extracted features.




Extrapolation, as well as interpolation

deformed patterns

P Y o, Y e N~ N U N

X

§=piT
1XC3]

X
1 X 5]

(pi+p; =1)

+ Dj

p; <0 or pj<0

extrapolation

p>0:

interpolation

p;>0




RIERTRILE (IntVee) X E R A ?
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Int-Vec (interpolating-vector) from three or four reference vectors

hyper-plane

‘ ‘ made of

4 reference vectors

Search the nearest Search the nearest Search the nearest
line. plane. hyper-plane.

Int-2 (interpolating-vector Int-3 (interpolating-vector Int-4 (interpolating-vector
from 2 reference vectors) from 3 reference vectors) from 4 reference vectors)



neocognitron trained by mWTA with IntVec



IntVec @ JEF XN

(RIEATRIVE)

Reducing computational cost
of the Interpolating-Vector

(IntVec — WTA)

(Fukushima 2019)
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Int-m number of hyperplanes
Int-1 (WTA) K

Int-2 K(K-1)/2 = K?/2

Int-3 K(K-1)(K-2)/6 = K*/6

Int-4 K(K-1)(K-2)(K-3)/24 = K*/24

K number of reference vectors of a class



IntVec (REAIRILVIER) DEFESHIR

\ / WTA T — A5

WTA T T2 H £class [ZX LT
o s IntVec DEETE
IntVec d)/ﬁiiﬁ‘é HI:I (CIaSS A ':i‘-_l-b-c-:e)

(class C U D) (Fukushima 2019)
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IntVec (Int-4)
with reduced computational cost

--- Omitting Calculation of IntVec ---

I&\

> JEEOXN: [TF 0.4% (TR

> FREARE [FEAETRE

(Fukushima 2019)



Examples of the response
of cells in neocognitron
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ambiguous input pattern

MNIST dataset
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Recognition of Partly Occluded Patterns

(Fukushima 2001)
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edge extraction —l B higher-order features
v v v

Proposed Model = Neocognitron + Masker layer
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An identical pattern is perceived differently
by the placement of gray objects.



An identical pattern is perceived differently
by the placement of gray objects.
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(A) (B)
The same pattern is perceived differently
through a slight difference in occluding objects.




Perception of a Break of a Line
Behind an Occluding Object

break

—
I 494

Hypothesis:
A break of a line behind an occluder is perceived,

NOT from the absence of a line component,
—
I Q I

no line

but from the existence of line-ends.

—C)

line-ends
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EIREE
Selective Attention

— bYTHEIUEBTDEAN —
— Iintroducing backward signal paths —

(Fukushima 1986)



Selective Attention model
bottom-up
pattern recognition

Ut laye’ (= neocognitron) 5 gnition

g —1 —1 ]

0 — L L

selective attention

top-down



Selective Attention
--- Interaction between forward and backward signals ---

______________________________________

Selective Att. Model

(Fukushima, 1986)



(Fukushima, 1986)




(Fukushima, 1986)




t = .5

Switching Attention! !

(Fukushima, 1986)




(Fukushima, 1986)



(Fukushima, 1986)



(Fukushima, 1986)




(Fukushima, 1986)




(Fukushima, 1986)
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(Fukushima, 1986)




(Fukushima, 1986)



(Fukushima, 1986)




(Fukushima, 1986)




(Fukushima, 1986)
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t=6

Segmentation of connected characters
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t=11

(Fukushima, Imagawa 1991)
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iIdentical shape
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Bottom-up and top-down

letter word semantics

(-] 1T

ty 1y

DO

mage < — — — — — — — — > context
(pattern) (symbol)



Extraction of Optic Flow MT and MST

--- rotation, expansion/contraction ---

i BHIEIE (ENE)
/,_/ motion ‘
X
} V1) g

BIEEE (f2)

(Tohyama, Fukushima 2005)



Neural network model for extracting Optic Flow

input spatio- edge motion
temporal
contrast absolute relative optic flow
velocity velocity

(velocity gradient)



Principles of extracting rotation



—> excitatory
—] inhibitory

rotation: p=
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Connections converging to an MTgl-cell

Extraction of relative velocity (gradient of local velocity)
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Principles of extracting expansion/contraction



—> excitatory
—] inhibitory
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Connections converging to an MTgl-cell

Extraction of relative velocity (gradient of local velocity)



Different types of MST-cells are created
simply by the difference in relative location of the inhibitory areas of MT-cells.

rotation counter-clockwise rotation clockwise

expansion contraction



Response of the model
to a random-dot pattern rotating counter-clockwise

(Random dots are made of small black disks.)
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Response of the model
to an expanding random-dot pattern

(Random dots are made of small black disks.)
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Response of the model
to a spiraling random-dot pattern

(Random dots are made of small black disks.)



History of artificial neural networks
neuron model (McCulloch & Pitts 1943)

1950
1960 perceptron (Rosenblatt 1957)
1st boom | o
1970 theoretical limit of (3-layered) perceptron (Minsky & Papert 1969)

1080 winter age  deep CNN: neocognitron (Fukushima 1979)

1990 | 2nd boom backpropagation (Rumelhart, Hinton & Williams 1986)

2000 |
winter age

2010

d
2020 | 3™ boom
?

deep learning
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