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Summary

One major defect in neural network models in earlier research is nonclarity of computational

semantics.

This paper describes a neural network system for thoutht process simulation called “Repe-
tition of Association and Concentration Model”. Repetition of concept association is simulated by
a neural network model with a feedback loop. However such a loop results in a stable state which
is contradictory to the dynamices of the thought process. In this model, dynamics are maintained
by nonlinearity to simulate consciousness, that is, thought energy distribution is enhanced to

facilitate concept recollection.

Computational semantics of this model are defined as a parallel production system by corre-
spondence of the synaptic connections between neurons to production rules. Three types of learning
facilities are described as automatic knowledge acquisition. The relevance of this model is sug-
gested by simulating the learning procedures for recognition of relations between concepts.

1. Introduction

For the past few years, considerable efforts
have been spent on the improvement of neural
network models and demonstrations of their ap-
plications "% . A neural network system will be
a breakthrough in computing technology because
it will eliminate the defects of conventional com-
puters, which are not suitable for pattern recog-
nition and parallel computation.

The basic neural network idea was developed a
few decades ago. In 1943, W. S. McCulloch and
W. Pitts modeled a neural logic element with a
linear threshold function based on neurophysi-
ology """ . In about 1960, F, Rosenblatt demon-
strated that a neural network could recognize
patterns by adjusting synaptic connections ¥ .

In 1961, E. R. Caianiello designed a neural net-
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work model with a self-organization facility @ .
In 1969, M. Minsky and S. Papert determined the
ability and limitations of perceptrons with one

a2

layer “'* . In 1970, S. Amari provided an approach
for a mathematical foundation of concept forma-
tion for self-organizing neural networks ‘!’ .
Around 1980, models based on psychological
findings were proposed. For example, S. Gross-
berg provided an approach to pattern recognition
with the focus on psychological stability and
plasticity. He also developed an adaptive reso-
nance theory, ART, based on both short-term
memory and long-term memory ‘®’ . In this mod-
el, the recognition ability of a particular pattern
was reinforced by matching the input pattern
with an expected pattern in the long-term mem-
ory. J. L. McClelland and D. E. Rumelhart also
provided a pattern recognition model referred

to as an interactive activation model based on
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findings that word knowledge helped in recog-
nition of letters within words % .

By the early 80’s, some of the practical use
problems had been solved from the engineering
viewpoint. J. Hopfield showed that a simple
model based on nonlinear neurons organized into
networks with symmetric connections had the
capacity to solve optimization problems ‘® . D.
Rumelhart developed an effective learning algo-
rithm on a multilayer network, which was called
an error back propagation algorithm 9, T.
Kohonen demonstrated the highly adaptive prop-
erties of neural networks, which allow a very
accurate, nonlinear statistical analysis of real
signals, such as speech recognition 9’ .

Around 1970, this author also researched neu-
ral networks. First, an electronic circuit with
a learning facility was developed to imitate
neuron activity . This was composed of pnpn
switch elements, registers and a constant current
source. This circuit was described as a simple
two-layer perceptron, and had the ability to
learn boolean logic by using insulation break
comparable to recent programable logic array
circuits. Such a micro model of a neural network,
however, had two defects : the ability was simple
and only small circuits could be implemented.
This latter problem has been solved by recent LSI
technology. Next, a macro model of a neural net-
work was developed for simulating the thought
process based on neuron activity 4>,

In earlier research, however, one major defect
in neural network models encountered was un-
clear computational semantics. This problem
still exists today. Although computational se-
mantics of neural network elements have been
clarified, the theoretical foundations of the dy-
namic features for a whole neural network sys-
tem are still weak. For example, it is still not
clear which learning algorithm is suitable for a
particular application or in which order sample
data should be given to the system for efficient
and effective learning results. At present an
experimental approach, rather than a theoretical
approach, is being adopted. Clarification of
computational semantics to construct neural
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network models should be the first step toward
solving these problems.

Initially this paper defines the computational
semantics of a neural network model, called a
“Repetition of Association and Concentration
Model”, as a parallel production system with
three correspondences : @ synaptic connection
between neurons to a production rule, & connec-
tivity to a certainty factor of that rule, and @ neu-
ron activity to a certainty factor of a fact. The
feedback loop for the RAC model is analogous
to the recognize-act-cycle of a production sys-
tem. A concentration function with nonlinearity
is used instead of a conflict resolution strategy.

Second, learning facilities of the RAC model
are presented. The learning ability of a neural
network is the most important factor for apply-
ing it. The basic learning algorithm is based on
Hebb’s law ‘| Three types of variation are intro-
duced, which correspond to dialogues with both
a teacher and a dialogist as well as a monologue.
These have different selection rules as to which
synaptic connections between neurons should be
reinforced. This learning procedure is described
as automatic knowledge acquisition, and it is
expected to reduce Feigenbaum’s bottleneck,
which states that it is difficult to extract knowl-
edge from a domain expert when constructing an
expert system.

Finally, the relevance of this model is suggest-
ed by simulating the learning procedure for
recognition of relations between concepts.

2. A Neural Network Model for
Thought Process Simulation

2.1
Research on the human thought process has

Thought Process Modeling

been undertaken from various viewpoints, such
as neurophysiology, neurobiology, psychology,
cognitive science, artificial intelligence and
knowledge engineering. In this paper, a thought
process model is discussed for use in developing
an artificial intelligence system. Since human
thought ability has a close relation to natural

language, it is desirable that the thought process
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model be made on the language level. However,

the natural language processing technique is not

far enough advanced. To overcome this diffi-

culty, it is necessary to develop a model on a

basic language concept level.

Memory, learning, association and concentra-
tion are considered essential factors to thought
ability and are defined as follows :

Memory : The ability to recognize concepts.
Learning : The ability to recognize a rela-
tion between concepts.
Association : Recollection of a concept by
using another related concept.
Concentration : Vivid recollection of one
concept.

Based on these definitions, the thought process
is assumed to be as follows :

(1) A thought process is described as a se-

quence of concepts successively recalled.

(2) Concept sequence comes from repetition of

association and concentration.

The basic model is constructed using an ab-
stract idea referred to as thought energy.

@® Concentration is the operation concentrat-

ing thought energy, which is distributed in
a human brain. Sufficient concentration of
thought energy causes concept recollection.

@ Association is the operation diffusing con-
centrated thought energy. Sufficient thought
energy diffusion causes recollection of an-
other concept.

The thought process is a variation on
thought energy distribution caused by the
constant operations of @ and @.

‘@ Learning is the operation facilitating the
diffusion of thought energy in a particular
direction. This operation corresponds to

reinforcing connections between neurons in
a neural network.

This model is called the Repetition of Asso-

ciation and Concentration Model (RAC).

2+2 Mathematical Formulation of the
RAC Model
The RAC model is shown in Fig. 1. Assuming
that the number of concepts is n, the symbols in

550

A I f g

Input X Output
o

/: Diffusion function
/i Linguistic function

£: Concentration function

Fig.1 A repetition of association and concentration model

for thought process simulation.
Fig. 1 represent the following :

X :ann component row vector of input. Each
component has a value of 0 or 1. The j-th
component x [j] =1 implies that words cor-
responding to the j-th concept are input.

0 :ann component row vector of the output.
Each component has a value of 0 or 1. Thej-
th component o [j] =1 implies that words cor-
responding to the j-th concept are output.

@ :an n component row vector of the state.
Each component has a value range between 0
and 1. The j-th component g [j] represents
the degree to which the j-th concept is re-
called in the RAC model. It is assumed that
$q [j]1=1, that is, thought energy is con-
s’idered constant.

S:ann component row vector of the transient
state introduced to facilitate sequential com-
putation of f and g.

[ : the diffusion function of thought energy, cor-
responding to association.

g : the concentration function of thought enegy.

h : the linguistic function corresponding to
spoken language.

B :the degree of attention paid to an input with
a non-negative value.

In this model, assuming that time is discrete
for convenience, functions f, g, h are defined as
follows :

(1) Diffusion function (/)
is based on a classic neural network and is as

S=f(Q, X) =M (Q+ 8X),

where M isan n by n connection matrix. Each

This function

component m [j, k] represents connectivity be-
tween the j-th and k-th concepts, that is, the k-
th concept is associated with the j-th concept.
The value of m [}, k] is determined by a previous
learning experiment, described later, and is be-
tween Oand 1. It is assumed that ‘L,':m . k]1=1
e I
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to manage relative associativities from the k-th
concept to n concepts. The initial state of M is a
unit matrix which implies that each concept has
already been committed to memory and that no
relation between any concepts has yet been
learned.

This definition of f (@, X) is derived from the
assumption that thought energy distribution at
time t is determined by the previous thought
energy distribution and input at time ¢~ 1. Since
the expression (@+ 8X) implies that each com-
ponent of an input vector X is multiplied by at-
tention degree 8 and added to the corresponding
component of state vector &, each component
value of transient state S is obtained using the
following equation :

s(j1=FmU, k(g [k] +Bx [k]).

(2) Concentration function (g) This func-
tion is a nonlinear function to enhance thought
energy distribution by increasing the larger
component values of state vector @ and decreas-
ing the smaller component values. This operation
is described as conscious concentration in the
human brain, and avoids a state of no concept
recollection due to excessive thought energy
distribution.

Although there are many functions with such
characteristics, the power function is used for
simplicity. Concentration function is described
as

Q=g (S)  whereq(j]=s[j)"/Ts[k]’
and p>1,

where p is the degree of concentration bacause
the larger the value of p, the stronger conscious
concentration. The RAC model is considered to
be a generalization of Caianiello’s model 2> be-
cause it actually becomes Caianiello’s model by
using a threshold function as the concentration
function. In other words, concentration operation
is the main feature of the RAC model,

(3) Linguistic function (&)
is the following threshold function which outputs

This function

only concepts with sufficient thought energy as

words : .
0O=h (@) where o [j]1=1if q(j]> 7
and o [ j] = 0otherwise.
Sept. 1990
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(a) A perceptron
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(b) A RAC model

Fig.2 Comparison between a perceptron and a RAC
model.

7 is a threshold value between 0 and 1.

2.3 Comparison with Perceptron

To clarify the intuitional semantics for the
RAC model, it is compared with the classic neu-
ral network system perceptron shown in Fig. 2
(a) (a2

neuron transforming input X to an internal sig-

. ¢, is a function that represents a sensory

nal. 3 and © are functions representing internal
neurons that discriminate a particular input
from among the others. m [ j] is connectivity
between the j-th sensory neuron and the internal
neuron and it corresponds to a synaptic connec-
tion. The perceptron function is

O=1if );m[j] ¢;(X)>6and

0 =0 otherwise.

};;m [j] ¢ ,(X) is linear with respect to
{ - SR ¢u].

The RAC model in Fig. 1 is represented as the
perceptron-like figure in Fig. 2 (b). New symbols
are defined as follows :

. 9.(Q, X) =q[R] + px [R].
Z,:s(/1=Z,(M, ¢,,, $.)
=£m (j, k1 $.(Q X).

There are four main differences between the
RAC model and the perceptron :

(1) Modeling levels
decisions—determine whether or not an event fits

Perceptrons make

a certain “pattern” —by adding up evidence ob-
tained from many small experiments. They are

Computational Semantics of a Neural Network System for Thought Process Simulation 551
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considered to be a form of micro-level modeling,
since the recognition process of a human brain
is modeled on neurophysiology. The RAC model
is considered to be a form of macro-level model-
ing, since the thought process is modeled on
concept recollection.
(2) Feedback loop
ceptrons have no loops or feedback paths, a feed-

Although original per-

back loop is indispensable to the RAC model to
simulate the thought process. There are many
other neural network models with loops. In par-
ticular, the feature that the RAC model’s inter-
nal activation state influences perceptual process-
ing is similar to Grossberg’'s ART model and
McClelland’s interactive activation model men-
tioned in the introduction. However, the RAC
model is based on associations between concepts
whereas their models are based on pattern rec-
ognition.

(3) Linearity vs. nonlinearity Perceptron
linearity, that is “m[j] ¢,(X), is convenient
for mathematical a,nalysis. For perceptrons with
loops, iteration of linear calculation results in a
stable state, which is contradictory to thought
process dynamics. In this model, nonlinearity
is introduced for simulation of conscious concen-
tration in order to make the system dynamics.
Nonlinearity is used to recall vividly a particular
concept by enhancing thought energy distribu-
tion.

(4) Initial learning state The final results
of learning in a perceptron are dependent on the
initial connectivity state among, the neurons,
namely initial values of {m [1], --, m [n}}. This
is because its learning procedures are based on
Hebb’s Law that synaptic connections between
neurons are reinforced when both source and
destination neurons are active.

In the RAC model, this problem does not arise
because the initial state of connection matrix M
is a unit matrix which implies no connectivity
between concepts. Human beings develop thought
abilities through various dialogs. Their initial
learning is performed through dialogs with par-
ents in their infancy. It correspond to initial
variation of connection matrx M.
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3. Computational Semantics for the
RAC Model

One main defect of a neural network model is

unclear computational semantics. Computa-
tional semantics for the RAC model can be de-
fined based on the computational semantics for
a production system (PS) which is common
knowledge engineering methodology. Regarding
the RAC model as a parallel production system,
the semantics are defined using comparison with
a PS model as follows:
(1) Cognition model The repetition of as-
sociation and concentration corresponds to the
recognize-act-cycle of a PS model :
recognize = act = recognize = act = -
During operation of a PS model, an action im-
plies often writing on an internal working memo-
ry rather than output and recognition implies
often reading a working memory rather than
input. Consequently, since recognition depends
on previous recognitions via their actions, such
a sequence of recognitions in a PS model can be
described as a kind of thought process. This is
the same as a sequence of concept recollections in
the RAC model.
(2) Currentstate
PS model during execution is stored in the work-

The current state of the

ing memory. That of the RAC model is stored as
a state vector which represents current thought
energy distribution. The state vector components
indicate the degree of recollection for each con-
cept.

(3) Knowledge base
edge is stored in a production memory. In the

In a PS model, knowl-

RAC model, knowledge is stored as a connection
matrix.

In a PS
model, knowledge is represented as a production

(4) Knowledge representation

rule in the “if~then~" form :
if condition (a) then action (b)

In the RAC model, knowledge is represented as
connectivity between concepts in the form of m
[j, k], that is, a connection matrix component.
Its logical meaning is interpreted as the follow-
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ing production rule :
if condition (concept % is recalled) then
action (recall concept j)

In a general neural network model, connectivi-
ty between a source neuron k and a destination
neuron j is interpreted as follows:

if condition (neuron k is activated) then
action (activate neuron j)

(5) Knowledge

ambiguity includes uncertainty, fuzziness, in-

ambiguity Knowledge

completeness, polymeaning and non-deter-
minism. Uncertainty is a common ambiguity of
knowledge in the form of production rules for a
PS model. Therefore a certainty factor (CF)
was introduced for the first time in MYCIN ¢®
and has since been used in many PS models.

For the rule “if a then ", CF (a, b) and CF
(a) represent certainty factors of the rule and
its condition, respectively. The value range of
CF is between —1.0 and 1.0 where 1.0 implies
that the rule is always true and —1.0 implies that
the rule is always false.

In the RAC model, connectivity between con-
cepts, m [J, k], corresponds to CF (a, b) and is
represented as CF (k, j). The degree of concept
recollection, g [k], coressponds to CF (a) and
is represented as CF (k). However, CF (k, j)
and CF (k) of the RAC model differ from CF
(a, b) and CF (a) of the PS model as follows :

@® The value ranges of CF (k, j)and CF (k)

are between 0.0 and 1.0.

® };CF (k,J) =Zm j,kR]1=1.

® ZCF (k) =%qlk]=1.

It is possible to extend the lower limit of the
value range @ to —1.0 by assuming that a nega-
tive value implies negation. In a general neural
network model, negative connections between
neurons imply inhibitory synapses based on
neurophysiology.

The normalizations of @ and @ are assump-
tions mentioned previously. CF (k) should be
called a consciousness factor rather than a cer-
tainty factor because CF (k) implies a relative
degree of concept recollection.

(6) Ambiguity computation method MY-
CIN gives the following certainty factor computa-

Sept.

1990  Computational Semantics of a Neural Network System for Thought Process Simulation

29

tion method :

@ After the rule “if a then b” is executed, the
certainty factor of action (b) is the product
of CF (a, b) and CF (a) :

CF (b) =CF (a, b) -CF (a).

® After different rules with the same action
(b) are executed, the final certainty factor
for b is caluculated by using the products of
the uncertainty factors (1-CF) :

CF (b)=1-T1(1-CF, (b))
where CF,(b) is the non-negative certainty
factor of b obtained by execution of the i-th
rule.

If i=2 in @), the equation is the familiar

CF (b) =CF,(b) + CF,(b)
— CF (b) - CF,(b).

In the RAC model, the corresponding computa-
tion method is defined in accordance with the
previous mathematical formulation as follows :

@ After the k-th concept is associated with
the j-th concept via connectivity m [j, k],
which implies “if k then j”, a consciousness
factor for the j-th concept, CF.(j), is the
product of CF (k, j) and CF (k) as follows :

CF.(j)=CF (k,j)+-CF (k)
=m/[j, k]-q[k].

©® After @ is calculated for all concepts as-
sociated with the j-th concept by using {m
{j, 11, »--, m [j, n]}, the final consciousness
factor for the j-th concept is the summation
of results:

CF(j)=ZCF.()=Zmlj, k]-q[k].

Although @ isthe same as for MYCIN, ® is
different. This is because CF (j) is not a cer-
tainty factor but a consciousness factor and the
association mechanism of the RAC model is sim-
ilar to a synaptic connection based on neurophy-
siology.

In the
PS model, if there is more than one executable

(7) Sequenciality vs. parallelism

rule in a recognize-act-cycle, only one rule is
selected based on a conflict resolution strategy.

In the RAC model, parallelism is adopted in-
stead of sequenciality because it is essential for
a neural network system to compute in parallel.
The product of a connection matrix and a state
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M@, implies
that all n? rules corresponing to n? connection

vector in the diffusion function,

matrix components are executed in parallel.
Concentration function g is a kind of a conflict
resolution strategy for concept recollection be-
cause the function operates so as to find a concept
with a concentration degree larger than threshold
value 7 of linguistic function & as fast as possi-
ble. This operation is similar to best-first search
for search space reduction in problem solving
technology, assuming that component values of
transient state vector S correspond to evaluation
criterion for best-first search.
In the PS
model, such knowledge acquisition as rule addi-

(8) Knowledge acquisition

tion, deletion and modification, certainty factor
adjustment, and conflict resolution strategy
selection are independent of inference engine
implementation and knowledge representation.
Knowledge acquisition through the building of
an expert system is called Feigenbaum’s bottle-
neck, which states that it is difficult to extract
expertise from a domain expert. A lot of research
projects have already contributed toward auto-
matic knowledge acquisition, but results are
insufficient for practical application.

In the RAC model, however, automatic knowl-
edge acquisition is realized by automatic modi-
fication of connection matrix component values
based on learning facilities, as in other neural
network models. The self-organization mecha-
‘nism of the RAC model using learning proce-
dures is described in the next chapter.

4. Learning Facilities

4+1 Learning Procedures

The most attractive feature of neural networks
is their self-organization ability based on learn-
ing. For the RAC model, learning means to be
capable of associating one concept with another
by adjusting connection matrix component
values. The RAC model provides the following
three types of learning procedures :

(1) learning-by-teacher: m (j, klj=>m/[j, k] +

6, ifx[k]=lattandx[j]=1latet+1.
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(2) learning-by-dialog : m [j, Rl=>m[j, k] +
6,if o[k]=1lattandx[j]=1latt+1.
(3) learning-by-monolog : m [j, k] =>m [J, k]
+d;ifo(k]=lattando[j]=1latt+1.
Here, t istime and &, is variation in connec-
tivity. After m [j, k] increases by ¢,, the k-th
column of M is normalized as “m [j, k] = 1.
Learning-by-teacher is used, for directly
memorizing a sequence of inputs. Learning-by-
dialog is used for obtaining knowledge from a
dialogist. Learning-by-monolog is used for
strengthening one’s own knowledge and is simi-
lar to the common learning procedure for a

neural network.

4-2 Measurement of the Learning Results

This section introduces the following three
measurements of the learning results. The first
is measured by outside observation. The others
are based on analysis of the internal state of a
model represented by M.

{1) Same-answer rate This measurement
indicates the similarity between two models,
which is defined as follows :

Same-answer rate :

A =the number of same answers in the test
cases/the number of test cases

(2) Degreeof learning This measurement
indicates the ability to associate one concept
with another and is defined as

Learning degree : L =\/’Z¢:‘m—[1_k]_2

L is 0in the initial state of the connection ma-
trix, since all m [j, k] where j#k are 0. L be-
comes +/n of the maximum when every connec-
tion matrix column has a component with 1, ex-
cept for the diagonal components.

(3) Degree of difference This measure-
ment indicates the difference between two models
as defined by the following distance function on
M:

Difference degree :
D=\/Z (m, [, k1= my [j, k)7
where m, and m, are the connection matrices for
two models. D is 0 if M, is equal to M,. D be-
comes +/2n inthe worst possible case.

Vol. 6 No. 5



5. RAC Model Applications

RAC model learning facility features are con-
firmed by the following simulation programs :

5+1 Learning-by-teacher

This learning procedure is used for teaching
known knowledge to a system from the outside.
Since changing connectivity depends only on in-
puts and not on the state or outputs of the sys-
tem, system behavior is easily adjusted.

5.2 Learning-by-dialog
This learning procedure is used by a system
to obtain knowledge through dialog. Since chang-
ing connectivity depends on both the input and
output of the system, learning results are in-
fluenced by the state of M at the beginning of
learning and by such parameters as attention
degree B of the diffusion function, concentration
degree p of the concentration function, threshold
value 7y of the linguistic function, and variation
& in connectivity. This paper supposes standard
parameters to be
p=2.0
B=1.0
r=0.5
6=0.02
The number of concepts is supposed to be ten,
therefore,
n =10
Two types of learning by dialog are simulated
using two RAC models coupled to each other as
shown in Fig. 3. One is learning by question and
answer. The other is learning through debate.
(1) Learning by question and answer Oof
the two models in Fig. 3, it is assumed that one
is a student, with a learning-by-dialog facility,
and the other is a teacher, with no learning
facility. That is, the student acquires teacher’s
knowledge by question and answer with the
teacher. A part of the simulation results are
shown in Fig. 4. At the beginning of these ex-
periments, component values of M for the teacher
are set as L=+/10 since it is assumed that the
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Fig.3 Simulation of learning by dialog using two RAC
models.

teacher has already finished learning. Compo-
nent values of M for the student are set as L=1.66
since it is assumed that the student has already
learned a little. If it is assumed that the student
has not learned anything like a baby and then a
unit matrix is used as M, learning results be-
come similar to results obtained by using the
procedure of learning-by-teacher. In Fig. 4, (a)
is the standard parameter results and (b) to (f)
are results obtained by changing one different
parameter from among the standard parame-
ters.

The x-axis represents the number of discussion
rounds, r. One round implies that ten fg-cycles
are executed for each one of ten questions, that is,
a total of 100 fg-cycles. The y-axis represents
the results of learning by A, L and D, as defined
in the previous chapter.

The following features are confirmed by simu-
lation :

@ The larger the concentration degree p, the

better the learning results.

@2 The greater or lesser the attention degree

is from 1, the better the learning results.

® The smaller the threshold value 7, the

better the learning results.

@ The greater the change in varient § for

connectivity, the better the learning results.

These reasonable results are obtained through
varying values of standard parameters in the
range shown in Fig. 4, although trivial results
are obtained through replacing values of stan-
dard parameters by extreme parameter values.
In @, g=1 implies that the input of the diffusion
function becomes @+ X and then enhances diffu-
sion, so that output decreases, since in most
cases @ and X are different. In @), a large thresh-
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1F A 1F 1r A
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(d) g=1/3 (e) r=07 (f) 8=0.04

Fig.4 Simulation results of learning by question and answer.

old value for 7y inhibits learning-by-dialog,
since output decreases.

(2) Learning through debate Both mod-
els in Fig. 3 have the same learning procedures.
Learning-by-monolog is applied to one model if
the other model does not answer the former's
question. Learning-by-teacher is applied to the
former if the former does not answer the latter’s

™ question. In this procedure, learning-by-mono-

log is used for reinforcing one’s own knowledge.
Learning-by-teacher is used for acquiring the
debater’s knowledge.

Two simulation results with variations in the
initial degree of difference are shown in Fig. 5.
The following features are confirmed by these
results :

(1) If difference degree D between two models
is large, the one with the lesser degree of
learning learns from and comes equal to the
one having the greater degree of learning,

If difference degree D is small, the number
of same answers increases rapidly during

@

learning.
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Fig. 5 Simulation results of learning through debate.

6. Conclusion

A neural network system for thought process
simulation which is referred to as a repetition of
association and concentration model is proposed.
Associations between concepts were simulated by
connectivity between the neurons. Furthermore,
actual conscious concentration was simulated by
adding nonlinearity to a neural network model.
Computational semantics for this model are de-
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fined as a parallel production system based on
three correspondences : (1) synaptic connection
between neurons to a production rule, @ connec-
tivity to a certainty factor of that rule, and @
activity ol the neuron to a certainty factor of a
fact.

Three types of learning facilities are described
as automatic knowledge acquisition. The rele-
vance of this model was confirmed by computer
simulation of learning procedures for recognition

of relations between concepts. Further studies

33

are suggested on the stable state analysis of this
model and the convergence problems of learning

procedures.
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