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Receptive fields of simple cells
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Perceptron (Rosenblatt)
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= perception + tron)

(Fukushima, 1975)
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cerebral cortex

retina V1 IT (infero-temporal)
photo- simple  complex hypercomplex cells grandmother
receptors cells cells cells ?
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feature  pooling feature  pooling feature  pooling
extraction extraction extraction

neocognitron

(Fukushima 1979, 1980)

Spatial spread of input connections of a cell
and the size of its receptive field
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neocognitron = deep convolutional neural network
for visual pattern recognition
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input [ = convolution
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| simple cells |—>| complex cell |
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Hierarchical information processing extracting features tolerating shift

in the layered network o (spatial pooling)
C-cells accept shift in local features
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extracting features tolerating shift extracting features tolerating shift
(spatial pooling) (spatial pooling)
C-cells accept shift in local features C-cells accept shift in local features
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extracting features tolerating shift
(spatial pooling)
C-cells accept shift in local features
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tolerance area S-cell

learned

Robust recognition of deformed patterns

by tolerating positional error of local features

tolerance area S-cell

deformed
unlearned

Robust recognition of deformed patterns
by tolerating positional error of local features
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tolerance area S-cell

deformed
unlearned

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

deformed
unlearned

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

Us Ue

tolerating positional error
Connections from S- to C-cells --- pooling
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shift tolerance spatial blur
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tolerating positional error blurring responses
Connections from S- to C-cells --- pooling
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Without blur:

Without blur:
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Without blur:

After blurring operation:

Without blur:

After blurring operation:
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intermediate layers of S-cells
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input ut bl
unsupervised learning ﬁié é 1% T
AiS (add-if-silent) rule edges recognition
higher-order
features
(Fukushima 2013)
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Generation of a new S-cell:
AiS (add-if-silent rule)

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

(Fukushima, 2013)

The progress of the learning
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IntVec (Interpolating-Vector)
for the highest stage
(= the deepest layer) out P -
Inpu ealure | | visua e q
pattern | extraction [|” features | dlassification
feature i
[vectors] pattern recognition
multi-dimensional feature space
(Fukushima 2007)
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T, ket . B class A
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training vector | s \ ofclass B
of class A rr:felrencz vector | ;‘;fg’:;;g"ecmr Largest similarity (nearest neighbor)
| . . . .
orcass ARt B e in a multi-dimensional feature space
Training vectors are represented by --- old neocognitron ---
a smaller number of iabeled reference vectors. WTA (winner-take-all)
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Interpolating vectors (R#ERIKL)
between two reference vectors
of the same label

the nearest

reference vector
test vector
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Find the nearest reference vector (conventional wra)
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the nearest

reference vector
test vector

the nearest
interpolating
vector
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reference vector
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reference vector
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Find the nearest interpolating vector
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Find the nearest line

reference vector
of class B
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Recognition by IntVec (interpolating-vector)
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Recognition by IntVec (interpolating-vector)
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Recognition by IntVec (interpolating-vector)

A

7
test
pattern 7
y WTA
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Examples of patterns that were recognized,
erroneously by the WTA,
but correctly by the IntVec (interpolating-vector, Int-2).
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Recognition by Int-Vec (the interpolating-vector)

deformed patterns

reference
vector

reference
vector

linear interpolation

This operation is applied,
not directly to input images,
but to extracted features.

RIEAHR)LiE (IntVec) (X4 E58 A H 2

CNN (Z2A & #IZEHK) DRHEL,
BT NA—UBEEOT LS TR LET S,

TAEHOEF /NI —UNELNGNEEICL,
A= 2B /NI —V TR REM->TH,
REREM LS EHIENTED.

----- data augmentation -----

RIEARSILE (IntVec) TlE CDikEEE,
FERTEAS BHEBEICEVHLTOLS.

eI REBFHOIE, FENNE—UHEEOETI,
EEHITEHBLTLNS.
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Interpolating-vector from three reference vectors
) Int-2 Int-3
number of hyperplanes
Int-1 (WTA) K
Find the nearest line. Find the nearest plane. Int-2 K(K-1)/2 = K?/2
) ) ) ) Int-3 K(K-1)(K-2)/6 = K3/6
Int-2 (interpolating-vector Int-3 (interpolating-vector =
from 2 reference vectors) from 3 reference vectors) Int-4 K(K-1)(K-2)(K-3)/24 + K*/24
K number of reference vectors of a class
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Recognition of Partly Occluded Patterns

(Fukushima 2004)
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Why occluded patterns are easier to recognize
when occluding objects are visible?

v
Invisible occluding objects: J
Difficult to distinguish
which features are relevant to the original pattern,
and which are newly generated by occlusion.

Visible occluding objects: 4
Easy to distinguish between J
relevant and irrelevant features.

responds only to
occluding object

Add “masker layer” to the neocognitron
to inhibit irrelevant features

\
4

located near the contour
of the occluding objects
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Visual system: Neural network model

recognition
- disturbed by irelevant features
- tolerant of partial absence of relevant features

relevant
features

shape of

occluding objects

A

masker layer |
inhibit
irrelevant features

I feature extraction

irrelevant features
generated by partial occlusion

occluding objects

edge extraction ~l

input

l—Fhﬁir-order features

Ug Ueq Usz

%27 1.8
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5

contrast /T/

recognition

relevant {occluged)
features | relevant features J‘ Y masker
layer
target pattern .
Proposed Model = Neocognitron + Masker layer
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An identical pattern is perceived differently An identical pattern is perceived differently
by the placement of gray objects. by the placement of gray objects.
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pattern recognition
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Selective Attention
1
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--- introducing backward signal paths ---
0 — L —
cgme™e
? ,estoraﬂ"-‘" selective attention
Bottom-up and Top-down signals in the network
(Fukushima 1986)
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Selective Attention GEIREUEE)

Interaction between forward and backward signals
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- (Fukushima, 1986)
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(Fukushima, 1986)
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Segmentation of connected characters
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1950 neuron model (McCulloch & Pitts 1943)
1960 perceptron (Rosenblatt 1957)
1st boom o
1970 theoretical limit of perceptron (Minsky & Papert 1969)
1980 winter age  npeocognitron (Fukushima 1979)
1990 | 2n boom backpropagation (Rumelhart, Hinton & Williams 1986)
2000 |
winter age
2010
2020 31 hoom deep learning
?
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