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Abstract

The author previously proposed a neural network model
neocognitron for robust visual patiern recognition. This pa-
per proposes an improved version of the neocognitron and
demonstrates its ability using a large database of handwrit-
ten digits (ETL-1).

To improve the recognition rate of the neocognitron, sev-
eral modifications have been applied.: such as, the inhibitory
surround in the connections from S-cells to C-cells, contrast-
extracting layer b input and ed ting layers,
self-organization of line-extracting cells, supervised compet-
itive learning at the highest stage, and so on. These modifica-
tions allowed the Lof. "y circuits that were ap-
pended to the previous versions, Iting in an imp
of recognition rate as well as simplification of the network
architecture.

The recognition rate varies depending on the number of
training parterns. When we used 3000 digits (300 parterns
Jor each digit) for the learning, for example, the recognition
rate was 98.5% for a blind test set (3000 digits), and 100%
for the training set.

1 Introduction

The author previously proposed a neural network model
neocognitron for robust visual pattern recognition [1][2].
This paper proposes an improved version of the neocogni-
tron and demonstrates its ability using a large database of
handwritten digits.

The neocognitron was initially proposed as a neural net-
work model of the visual system that has a hierarchical mul-
tilayered architecture similar to the classical hypothesis of
Hubel and Wiesel [3],[4]. It acquires the ability to recognize
robustly visual patterns through learning. It consists of layers
of S-cells, which resemble simple cells in the primary visual
cortex, and layers of C-cells, which resemble complex cells.
These layers of S-cells and C-cells are arranged alternately
in a hierarchical manner.

*The author is also with Nippon Institute of Technology
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S-cells are feature-extracting cells, whose input connec-
tions are variable and are modified through learning. C-cells,
whose input connections are fixed and unmodified, exhibit
an approximate invariance to the position of the stimuli pre-
sented within their receptive fields.

The C-cells in the highest stage work as recognition cells
indicating the result of the pattern recognition. After learn-
ing, the neocognitron can recognize input patterns robustly,
with little effect from deformation, change in size, or shift in
position.

The neocognitron of a new version, which this paper pro-
poses, also has a network architecture similar to that of the
conventional neacognitron, but several new ideas have been
introduced: such as, the inhibitory surround in the connec-
tions from S-cells to C-cells, a contrast-extracting layer fol-
lowed by an edge-extracting layer, self-organization of line-
extracting cells, supervised competitive learning at the high-
est stage, and so on.

This paper shows that these modifications allow the re-
‘moval of y circuits appended to the itron of
recent ions [5], Iting in an imps of recogni-
tion rate as well as simplification of the network architecture.

2 Architecture of the Network

2.1 Outline of the Network

Figure 1 shows the architecture of the proposed model. (See
also Fig. 3, which shows a typical response of the network.)
As can be seen from the figure, the network has 4 stages of
S- and C-cell layers: Uy — Ug — Usy — Ugy — Use —
Ugs — Uss — Ucs — Usy — Ucs.

The stimulus pattern is presented to the input layer (pho-
toreceptor layer) Uy.

A layer of contrast-extracting cells (Ug), which corre-
spond to retinal ganglion cells or lateral geniculate nucleus
cells, follows layer Uy. The contrast-extracting layer Ug
consists of two cell-planes: one cell-plane consisting of cells
with concentric on-center receptive fields, and one cell-plane
consisting of cells with off-center receptive fields. The for-
mer cells extract positive contrast in brightness, whereas the
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What chiefly distinguishes cerebral cortex from other parts of the
central nervous system is the great diversity of its cell types and inter-
connexions. It would be astonishing if such a structure did not profoundly
modify the response patterns of fibres coming into it. In the cat’s visual
cortex, the receptive field arrangements of single cells suggest that there is
indeed a degree of complexity far exceeding anything yet seen at lower
levels in the visual system.

In a previous paper we described receptive fields of single cortical cells,
observing responses to spots of light shone on one or both retinas (Hubel
& Wiesel, 1959). In the present work this method is used to examine
receptive fields of a more complex type (Part I) and to make additional
observations on binocular interaction (Part II).

This approach is necessary in order to understand the behaviour of
individual cells, but it fails to deal with the problem of the relationship
of one cell to its neighbours. In the past, the technique of recording
evoked slow waves has been used with great success in studies of
functional anatomy. It was employed by Talbot & Marshall (1941) and
by Thompson, Woolsey & Talbot (1950) for mapping out the visual cortex
in the rabbit, cat, and monkey. Daniel & Whitteridge (1959) have recently
extended this work in the primate. Most of our present knowledge of
retinotopic projections, binocular overlap, and the second visual area is
based on these investigations. Yet the method of evoked potentials is
valuable mainly for detecting behaviour common to large populations of
neighbouring cells; it cannot differentiate functionally between areas of
cortex smaller than about 1 mm?. To overcome this difficulty a method has
in recent years been developed for studying cells separately or in small
groups during long micro-electrode penetrations through nervous tissue.
Responses are correlated with cell location by reconstructing the electrode
tracks from histological material. These techniques have been applied to



Architecture of the network
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Elements of the Neocognitron

O S-cells and C-sells

what are they? ®\o
layer -~
cell-plane k& i;m;
location # i o
output notation: i =

use(n, k) uce(n, k)
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Elements of the Neocognitron (cont.)

O V-cells
what are they?

C-cells
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layer /

location n
output notation:

uve(n)



Types of weights

0 From C-cells to S-cells  Aasi(v,k,k) = qi - csi(v) - uci—1(R+v, k)

C-cells 1 2
S-cell

O
o
O
O
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Types of weights (cont.)

O From V-cells to S-cells bsu(k) =J > {asi(v, 5 k)}”
|

C-cells 1 2
S-cell

O
o
O
O
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Types of weights (cont.)

0 From C-cells to V-cells ) = vV

O From S-cells to C-cells de(v) = d¢-6,”

where 0 < v,,d, < 1 and 0 < o

C-cells g 1 2
S- 5 -
cell @
X 2 QO O
| ngggo
v 1 OO
2




—!
All weights

K=2 k=3 k=4 K=5
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Outputs of cells

O S-cell:

def

use(n, k) = rp x
B Keioa T
1+ Z Z ar(v, Kk, k) - uce—1(n + v, k)
K=1 VEAA{}
% -1
1+ 1‘,@7:’— 7 b (k) - uve(n)

where

Il ¥ 1f O S ¥ uco ust uUcC1 usz ucz Us3 ucs3 US4 UC4

() def {o ifxr<0
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Outputs of cells (cont.)

O C-cell:

uci(n, k) = w[ 3" aa(w) - usi(nte, k)]

v|<Ac

where

Y(z] = olz]/(1+ ¢[z])

uco ust uUcC1 usz ucz Us3 ucs3 US4 UC4
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Outputs of cells (cont.)

O V-cell:

Kecioi

umn)= | 3 Y eaw) {ucimi(ntv, k)

k=1 |v|<As:

uco ust uUcC1 usz ucz Us3 ucs3 US4 UC4
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The big picture — Input layer
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The big picture — Contrast Extract.

O Output of a contrast
extracting cell:

S1

_
i

e U

u(;(n,k):go[(—l)k 5 ag(u)-uo(n+v)]

lvi<Ac
input ' |
layer / (| ﬁ/ where | | is a function defined by p[z] = max(z, 0)
contrast I
extraction ©d9€ //// " recognition

extraction layer

O k=1

O k=2 5



The big picture — Edge Extraction
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The big picture — Inhibitory Surround

O Creates a non-responding zone Us

O Endows C-cells with the
characteristics of end-stopped

cells
Us
O Participates in extraction of bend B ]
points and end points @ . %-
O Threshold adjustment

(b) Inhibitory surround (proposed)

O Introduced in Ucl, Uc2, not Uc3.
Why?
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The big picture — Us2, Us3

O Self organized using
unsupervised competitive
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The big picture — Us4
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