
Abstract
The report describes a new type of neural networks -
receptor-effector neural growing network (ren-GN)
which contains a reconfigurable growing receptor area
and a reconfigurable growing effector area. That
allows to model conditions coming from the external
environment, and in accordance with these conditions
generate control influences to the environment.
Besides this, multidimensional ren-GN allows us to
perceive information in different forms (e.g., text,
sound, graphics and others) and generate control
signals to the corresponding executive devices. Such a
network may be highly efficient for the creation of
intelligence systems.

Key Words: Neural-like networks, intelligence systems,
robots.

1 Introduction
The experience of building of intellectual systems and
robots accumulated in different countries for many years has
shown that modern universal computing facilities, in spite of
their intensive improvement, are insufficiently efficient.
The problem of building of principally new computing
facilities for solving such problems is absolutely obvious.

In this connection, on the basis of analysis of
scientific ideas that reflect regularities in the construction
and operation of biological structures of brain, as well as an
analysis and syntheses of knowledge, work out by different
directions in Computer Science, the basis of theory of a new
class of neural-like growing networks, not having analogue
in the world practice was designed. A new technology of
information handling, which unite in itself the best qualities
of the technologies of information handling in semantic
networks, neural networks and intellectual systems was
designed [Yashchenko, 1998].

2 Neural-like growing networks
A neural-like growing network (n-GN) is understood as a
collection of determined by a definite way of interconnected
neural-like elements, intended for receiving and
transformation of information, moreover in the process of
receiving information the network increases in size - grows.

In the theory of neural-like networks, the main
notions are notions of a structure, which reveal relationship
scheme and interactions between elements of a network, as
well as a notion of architecture.

Neural-like networks are presented by the
following categories: a topological (spatial) structure -
graph of relationships of elements in a network;

a logical structure defines principles and rules of
establishing relationships, as well as logic's of network
operation;

a physical structure - a scheme relationship of
physical elements of a network (in the case of hardware
realization of an neural-like network).

The architecture of a network is defined as
principles of building of a network, which express the unity
of physical and logical structures.

The topological structure of a neural-like growing
network is defined as a coherent oriented graph (fig.2.1).
The processes of passing and remembering of information
in the network are considered by means of graphs in the n-
GN theory.
Neural-like growing networks will formally be assign as
follows:  S = (R, A, D, M, P, N), where R = {ri }, i 1 , n==  -
is a finit set of receptors; A ={ai}, i 1 , k== , - a finite set of

neural-like elements; D={ di }, i 1 , e== , - a finite set of arcs
that link receptors with neural-like elements, and neural-like
elements between themselves;  P={Pi},    i 1 , k== , N = h,

where P - a
threshold of
excitation of a top
ai,    P = f(mi ) > P0

(P0 - is minimum
allowed threshold
of excitation)
provided that set of
arcs  D, which
come to the top ai,

corresponds to an set of weighted factors M ={mi}, i = 1,w,
whereas mi  can take both positive, and negative values.
In a network, a subset F of exitated tops from the set of
tops, having direct relationship with the top ai, and subset of
excited tops of the network G , not having downwards
relationships with other excited tops stands out. Symbols

F  and G  mark the powers of subsets F and G,
accordingly.

Logical structure n-GN is defined by the set of its building
rules and operation.
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Rule 1.   If during the perception of information, a subset of
tops F from the set of tops, having direct relationship with
the top ai, is excited, and F  ≥ h the relationships of a top ai

with tops from the subset F are liquidated and a new top ai+1

joins the network, whose entries are
connected with entries of all tops of the
subset F, and the exit of a top ai+1   is
connected with one of the inputs of a
top ai,    whereas the input relationships
of the top ai+1  are assigned weighted
factors mi,  corresponding to the
weighted  factors of liquidated

relationships of the top ai, and top ai+1  is assigned the
threshold of excitation Pi, equals f(mi), (function from
weighted relationship factors, which fall into the top ai+1 ).
Outcoming relationship of this top is assigned a weighted
factor mi , equal f(Pi). Relationships, outcoming from
receptors, are assigned a weighted factor, f(bi),  function
from the code of sign bi, corresponding to a given receptor
(fig.2.2).
Rule 2.    If during the perception of information, a subset of
tops G is excited, and G ≥ h a new associative top ai+1, joins
the network, which is connected by turning arcs with all
tops of the subset G. Each of turning arcs is assigned a

weighted factor mi, equal  f(Pi)  of a
corresponding top from the subset G,
and a  new top ai+1 is assigned a
minimum threshold of excitement Pi,
equal to the function of weighted
factors mi of incoming arcs (fig.2.3).
Information in neural-like growing
networks is stored as a result of its
reflecting in the structure of a

network. New information input into the network causes a
process of building of its structure.
Neural-like growing networks are a dynamic structure,
which changes depending on values and time of arrivals of
information on to receptors, as well as former condition of
the network. Information on objects is presented in it by set
information on objects of excited tops and relationships
between them. Storing the object descriptions and situations
is accompanied by input in to the network of new tops and
arcs when turning a group of receptors and neural-like
elements became excited. The process of excitation spreads
on the network, as a wave.

3 Receptor-effector neural-like growing
networks
It is known that "An organism is educated by buildings
sensing and motor schemes: it extracts from its experience
correlation's between information, perceived by its sensor
systems, and its own actions (motor activity)" [P.Lindsey,
D.Norman].
Thereby, the education and interaction of biological objects
with the environment is realized through acts of motion. For

ensuring a possibility of modeling of processes of education
and acquisition by the system of the knowledge on the
external world, n-GN were developed in to receptor-effector
neural-like growing network (ren-GN).
The topological structure of ren-GN is presented by a graph
(fig.3.1). In ren-GN one reveals receptor R field (an
analogue of sensor and receptor areas of biological objects),
effector E field (an analogue of a motor area of biological
objects), receptor Ar  and effector Ae zones.

Formally,
ren-GN will be
assigned as follows:
S = (R, Ar , Dr , Pr Nr

, E, Ae , De , Pe , Me ,
Ne ), R ={ ri },

i 1 , n== - a finit set
of receptors, Ar ={ ai

}, i 1 , k= - finit set of
neural-like elements
of a receptor zone, Dr

={ di }, i 1 , e=  - a
finit set of arcs of a
receptor zone, E ={ ei

}, i 1 , e=  - a finite set of effectors, Ae ={ ai }, i 1 , k= -  a
finite set of neural-like elements of an effector zone,
De={di}, i 1 , e=   - finite set of arcs of an effector zone,

Pr={Pi }, Pe ={ Pi },  i 1 , k= , where Pi - a threshold of
excitation of a top air, aie, Pi =f(mi) under the condition that
the set of arches Dr , De coming on tops air, aie ,
corresponds to set of weight factors Mr ={mi}, Me={mi},

i 1 , w= , and mi can accept both positive, and negative
values. Nr, Ne  - are variable factors of connectedness of
receptor and effector of zones.

In ren-GN, subsets of exited tops Fr and Fe of
receptor and effector zones stand out accordingly, and
subsets of exited tops Gr and Ge of receptor and effector

zones of the network. Symbols F and G  marked the
powers of subsets Fr, Fe , and Gr , Ge accordingly.
The logical structure of ren-GN.  As far as the composition
of ren-GN includes receptor and effector zones, interacting
between themselves, there is a need in the building of rules
of development and operations of the network.  These rules
are formulated as follows.
Rule 3. If during the perception of information by a receptor
field a subset Fr from the set of tops, having direct

relationship with the top ai
r, is excited, herewith F  ≥ h,

and at generating of actions by effector zone a subset Ge is
excited and G  ≥ h,  the relationships of the top with tops
from the subset Fr  are liquidated, and a new top ai+1

r,  joins
the network, which entries are connected with outputs of all
tops of the subset Fr, and output of a top ai+1

r  is connected
with one of the inputs of a top ai

r, with assigning to
incoming relationships of top ai+1

r  weighted factors mi,
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corresponding to weighted factors of liquidated
relationships of top ai

r,  while top ai+1
r  is assigned a

threshold of excitation Pai+1 , which equals to function from
the weighted factors of relationships, incoming into ai+1

r

top. Outcoming relationships of a top . ai+1
r are assigned

weighted a factor  mi  which equals f(Pai+1
r ).

 Relationships, coming from receptors, are assigned
a weighted factor, which equals to the code of sign bi ,

corresponding to a given receptor ave
assigned to the relationships coming
out from receptors. In effector zone a
new associative top ai+1

e, which
connects by outcoming arcs with all
tops of a subset Ge connects to the
network. Each of outcoming arcs is
assigned a weighted factor , mi , equal
, f(Pai

e) of a corresponding top from
the subset Ge, while to a new top ,

ai+1
e  a minimum threshold of excitement Pai+1

e , which
equals to functions from weighted factors, mi of incoming
arcs, is assigned.  Top ai

r  of a receptor zone is connected
outcoming arc with the new top of an effector zone. New
tops immediately after the introduction to the network are in
the excited condition (fig.3.2).

Rules 4, 5, 6 are formulated in accordance with fig.3.3, 3.4,
3.5 and in
connection with
restrictions on the
volume of
presented material
which are not
shown here.

Information in receptor-effector neural-like
growing networks is stored as a result of its reflection in the
structure of network. Input of new information to the
network causes a process of building of its structure and
shaping the control influences to the external environment
(i.e. to educate a network to work out control signals), in
accordance with knowledge obtained by the network as a
result of accumulations, analysis, categorizations and
generalising information from the external world.

4 Multidimensional receptor-effector neural-
like growing networks
For remembering and processing of the descriptions of
images of objects or situations of a problem area, as well as
generations of control influences by means of different
information spatial presentations (text, sound, graphics etc.),
multidimensional receptor-effector neural-like growing
network (mren-GN) are entered.
Topological structure of multidimensional receptor-effector
neural-like growing network is presented by the graph
(fig.4.1). Formally mren-GN will be assign as follows.

S = (R, Ar , Dr , Pr , Mr , Nr , E, Ae , De , Pe , Me , Ne ),  
R⊃⊃ Rv , Rs, Rt,   Ar  ⊃⊃ Av, As, At,     Dr ⊃⊃ Dv, Ds, Dt,  
Pr⊃⊃ Pv , Ps , Pt ,  Mr ⊃⊃ Mv, Ms, Mt,    Nr ⊃⊃ Nv, Ns, Nt, 
E⊃⊃ Er, Ed, Ed,  Ae ⊃⊃ Ar, Ad1, Ad2,   De ⊃⊃ Dr, Dd1, Dd2,  
Pe⊃⊃ Pr, Pd1, Pd2,     Me⊃⊃ Mr, Md1, Md2, Ne⊃⊃ Nr, Nd1,
Nd2,  here  Rv, Rs, Rt - is a final subset of receptor, Av, As,
At - is a final subset of neural elements, Dv, Ds, Dt - is a
final subset of arches, Pv, Ps, Pt - is a final set of thresholds
of excitation of neural elements of a receptor zone,
belonging, for example, to visual, acoustical and tactile
information spaces, Nr - is a final set of variable factors of
connectivity of a receptor zone, Er, Ed1, Ed2 - is a final
subset of effectors, Ar, Ad1, Ad2 - is a final subset of neural
elements, Dr, Dd1, Dd2 - is a final subset of arches of
effector a zone, Pr, Pd1, Pd2 - is a final set of thresholds of
excitation neural elements of the effector zone, belonging,
for example, to the speech information space and to the
space of actions. Ne - is a final set of variable factors
connectivity of a effector zone. The logical structure of
mren-GN is described by rules 3-7.

Rule 7. If during arrival of different information spaces of
external information on receptor fields, in receptor zone of
these information spaces a subset Qr of finite tops,
belonging to this descriptions is excited, and herewith in
effector zones of corresponding information spaces subset
Qe finite tops, working out a set of actions, corresponding to
input information is excited, then tops of receptor areas of
these information spaces, belonging to subset Qr, are
connected between themselves with bi-directional arcs. The
tops of effector zones, belonging to a subset Qe, are also
connected between themselves with bi-directional arcs

(fig.4.1).
Thereby, in ren-GN
and mren-GN,
information about the
external world, its
objects, their
conditions and
situations which
describe relations
between them, as
well as information
on actions, caused by
these conditions, is

saved due to its reflecting in the structure of a network,
while the arrival of new information causes a shaping of
new associative tops and relationships and their
redistribution between tops, which appeared earlier,
herewith general parts of these descriptions and action
appear, which are automatically generalised and are
classified.
The main distinctions and comparative features the
neural-like growing networks and common neural network
are given in tabl.1
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                                                                                      tabl.1

Neural-like growing networks Neural networks

Neural-like  element
Microprocessor  with memory.

Neural  element
Threshold element

It is defined some arbitrary
function of enters, for example,

Bayes’ formula P(H:E)=P(E:H)
P(H)/(P(E:H) P(H)+ P(E:not H)

P(not H))*

It is defined the weighted sum of
enters, non linearly processed

i i i j j i i
j

n

x F w x f h= + −
=

∑( )
1

Connections and weights are set
and appear equal as as many it is
necessary

Connections and weights are
defined by the architecture of the
network.
The number of networks is
redundant. The special methods
of the elimination of the
connections are required.

The factor of connectivity
enables to control connection

neural element relations.
.

Absent

Reconstructed structure. Neural
elements are connected by sense.

Fixed structure. Elements are
connected everyone to everyone.

The possibility of composition
and decomposition (deduction -
induction). The object is defined
by set of attributes and vice versa
the set of attributes is defined by
object.

Absent

Multilevel structure. The
number of levels (layers) is
arbitrary and is defined by sense.

Usually not more three levels
(layers) are used. Using more
then 3 levels has no sense.

The duration of training is from
some minutes to some seconds.

The duration of training is from
many hours to some seconds.

Effector a zone.
Develops, classifies, and
generalizes actions adequate to
conditions formed in the receptor
zone.

Absent

Appearance of false phantoms
(false attractors)  is absent

Appearance of false phantoms
(false attractors) is present.

Network capacity 100% Network capacity 20-30%

Parallelism of the computation
is realized on the brunches of
activity in all layers parallel.
The efficiency of the computation
is heightened (count on active
part of the network).

Parallelism of the computation
is realized on layers sequentially.

The efficiency of the computation
is reduced (count on the whole

matrix).
*) P(H) – a priory probability of the outcome in the case of absence of
additional illustrations.
 P(H:E) – the probability of some hypothesis H realization in the presence
of certain confirmation of illustrations E.
 P(E:H), P(E:��H) – correspondingly , the probability of receiving answer
“Yes”, if the possible outcome is correct or incorrect .

5. Example of construction n-GN
Instance 1. The principle of constructing n-PC (for
simplicity of perception) will be looked at the example of
constructing the multiconnection growing network.

Formaly n-PC is described so:    S=(R, A, D, N).

Let be learning access, which consists of k-notions:
1. a,b,c,d;  2. b,c,d,e,g,h;  3. d,e,f;  … k. d,e,h.

Let’s set up variable
coefficient of connectivity N≥5.
In this case when entering the
description of the first notion
(a,b,c,d) on the receptor field,
the receptors 1,2,3,4 are
changed over to the state of
excitation. The vertex a,b,c,d is

formed and the connections between vertex and excited
receptors are set up (fig.5.1.). The vertex is changed over to
the state of excitation.  In a definite time the excitation is
taken of from receptors and a vertex.

When entering the description of the second notion
(b,c,d,e,g,h) on the receptor’s
field, the receptors 2,3,4,5,7,8
are changed over to the state of
excitation. The number of
sighns, coincided with the
description of the first notion
(b,c,d)=3, then N=3 and in this

case the second vertex b,c,d,e,g,h is formed (fig.5.2). The
vertex is changed over to the state of excitation. The
excitation of the vertex and receptors is taken off.

When entering the description of the third notion
(d, e, f) on the receptor’s field
the receptors 4,5,6 are changed
over to the state of excitation
and N=2 then in this case the
third vertex d,e,f is formed,
(fig.5.3). The vertex is
changed ove to the state of

excitation. In a definite time the excitation is taken off from
the vertex and receptors.

When entering the
description of the k-notion
(d,e,h) on the receptor’s field,
the receptors 4,5,8 are changed
over to the state of excitation,
N = 2, the k-vertex is formed
(fig.5.4).

The vertex is changed
over to the state of  excitation. Then the excitation is taken
off from the vertex and receptors.

This it is formed on-layer m-PC
in which the description of k-
notion is stored.

Instance 2. If the variable
coefficient of the connectivity
will be set N≥3. In this case
when entering the description of

the first notion (a,b,c,d) on the receptor field, the receptors

1.  a     bFig.5.1

1.  a     b
2.        b        c      d
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3.                         d
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1,2,3,4 are changed over to the state of excitation. The
vertex a,b,c,d is formed and the connections between vertex
and excited receptors are set up (fig.5.5.). The vertex is
changed over to the state of excitation.  In a definite time the
excitation is taken of from receptors and a vertex.

When entering the description of the second notion
(b,c,d,e,g,h) on the receptor’s
field R, the receptors 2,3,4,5,7,8
are changed over to the state of
excitation. The number of signs,
coincided with the description
of the first notion (b,c,d)=3,
then N=3, the vertex (b,c,d) and

(b,c,d,e,g,h) are formed. The connection of the vertex
a,b,c,d with receptors 2,3,4 are liquidated. Inputs of the
vertex b,c,d are connected with receptors 2,3,4 and outputs
of this vertex are connected with inputs of the vertex
(a,b,c,d) and b,c,d,e,g,h, and these vertices are changed over

to the state excitation (fig.5.6).
In a definite time the excitation
is taken off from the vertex
(b,c,d) (b,c,d,e,g,h) and
receptors.

When entering the
description of the third-notion on the receptor’s field, the
new vertex (d,e,f) is formed (fig.5.7).

When entering the
description of k-notion on the
receptor’s field, the new
vertex is formed (fig.5.8).
In this case the separation of
the common sighns, described
notions is performed.

Thus the description
of the notion (the vertex of the network) and sighns are
stored. Besides ehat, the information, which enteres the
receptor’s fields of the networks, is classified and structured
automicially.

When forming new vertex in n-GN, weight
coefficients of connection mi and thresholds of the
excitation of the vertex Pi are considered, that is
constructing n-GN is performed analogically with building
m-GN, but in accordance with rules, which are described in
the matereals presented before.

5.1 Prospects for using the receptor-effector neural-like
growing networks for intellectual system
Using the idea of  organization of n-GNs in their physical
representation, we can create an intelligent
multimicroprocessor system with a neuron-ensemble
structure (IMSNS). The architecture of this system consists
of a collection of microprocessor modules, each represented
by an array of microprocessors.

The high-intelligence multimicroprocessor system
with a homogeneous multidimensional array neuron-

ensemble structure is a new-generation artificial intelligence
system.
The main advantages of IMSNS stem from new approaches
to architectural and program organization of the system
using the theory of growing semantic networks with a
neuron-ensemble structure, analysis of array structures with
neuron-ensemble organization, new information processing
technologies and two-level organization of system
architecture, modularity and homogeneity of hardware and
software tools, and use of array structures with
multidimensional organization which dispense with
physical realization of connections between the nodes of the
neural network.
IMSNS can be manufactured as a separate PC board, an
intelligent PC coprocessor, or a powerful new-generation
high-intelligence PC.

The proposed conception of a multi-
microprocessor system with a homogeneous array
multidimensional neuron-ensemble structure makes it
possible to store and classify the input information, and to
execute operations in accordance with this information
allowing for the frequency of occurrence of events, their
probability and significance. It is intended for solving
complex problems that require a large volume of
information, processing of large data files, generation of
knowledge bases and artificial intelligence systems. This
creates the potential for substantial gains in the productivity
of the user's intellectual labor.

The functions performed by the system include
description of situations and concept formation;
transformation of situations and extraction of new concepts;
creation of associative links; associative search; action
planning; instruction and self-learning.
Some of the problems solved by the system include parallel
processing of computational tasks; generation of a feature
space and class description; image recognition; testing and
diagnosing of technical systems; creation of real-time
expert systems with powerful hardware support in various
domains of human activity, such as biology, medicine,
military science, meteorology, geology, nuclear physics,
criminology, production control, economics, environmental
science, etc.
The hardware implementation of neuron networks makes it
possible to achieve high information processing speeds.
However, the difficulties with implementation of a large
number of interconnections limit the size and
correspondingly the efficiency of the modeled network.
In the proposed IMSNS these difficulties are avoided by
dispensing with physical realization of interconnections.
Networks thus can be created with an unlimited number of
pseudoconnections. The specific features of the system
make it possible to obtain the result almost instantaneously
(after some initial learning).

The IMSNS architecture is characterized by a high
level of decentralization and parallelism.

1.  a     b
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The multimicroprocessor system with a neuron-ensemble
structure (NS) that ensures automatic effective
parallelization and classification of information streams is
characterized by two-level organization. The bottom level,
which contains the tools for representation and preliminary
processing of input information (transformation of input
information from natural language representation to
machine language representation in the form of feature code
combinations), has been implemented in a traditional von
Neumann architecture. The top level performs multilevel
parallel processing of a set of information features  (detects
the presence of features and connections between described
objects, establishes arc weights and element thresholds,
processes the information corresponding to the given
feature in the nodal elements of the array), and thus
generates a multidimensional neuron-ensemble structure in
a three-dimensional array.

Thus, the IMSNS, while implemented in a
traditional von Neumann architecture, on the whole
functions according to the principles of associative artificial
intelligence systems.

In classical multiprocessor computing systems, the
modular organization of hardware and software tools
imposes a dependence of information processing efficiency
on the consistency of the physical structure of the
processing resources with the logical problem architecture.
In the absence of this consistency, a large part of the
resources may remain idle awaiting the results of
intermediate computations.

In IMSNS this difficulty is resolved by dynamic
linking of the logical and physical structures in the process
of loading the information (concurrently with the processing
of feature codes) into the array of microprocessor elements.

The IMSNS architecture differs in an important
respect from existing implementations of multiprocessor
systems with overall step-by-step clocked control. In
IMSNS, step-by-step control is implemented only within
each microprocessor element, whereas on the whole the
clock is replaced with an indexing mechanism, which fixes
the termination of the transients excited by changes in input
signals.

Another distinguishing property of the IMSNS
architecture is the possibility of combining the data base
with the knowledge base in the array of microprocessor
elements. Data in the NS are represented by the set of
excited nodes (microprocessors storing the physical
parameters of the data), while knowledge is represented by
the interconnections between the nodes and also by the
weights of the interconnections and the excitation thresholds
of the nodes. The basic operations of the NS, which
computes the interconnection weights, compares the results
with the nodal excitation thresholds, and performs other
functions, do not require special software or hardware tools
for data base or knowledge base management. The programs
that compute the nodal activity coefficients are distributed
throughout the network, simple to execute, and their

structure is independent of the content of knowledge and the
specifics of the application domain. The network is
transformed under the control of an array of controlling
microprocessors by a special recursive algorithm, which
generates in the interior of the microprocessor element
module a growing neuron structure that changes in response
to each new information input. The multilevel structure of
the system makes it possible to store knowledge about
knowledge, i.e., to transform previously stored rules in
accordance with new rules.

The IMSNS can be implemented using ordinary
medium-scale-integration digital logic connected by line
buses into an array.

To ensure execution of these operations and
solution of specialized problems (e.g., pattern recognition
on its own), IMSNS can be implemented using special-
purpose VLSI, which should substantially reduce their size
and power consumption. Moreover, the proposed
conception of a multidimensional neuron-ensemble structure
can be implemented using optimal neuron networks with
holographic memory based on semiconductor laser arrays.
New-generation computers based on IMSNS may find wide
uses in various areas and penetrate into many spheres of the
world market.
At present, the development is in the stage of theoretical
substantiation and experimental testing. Partial modeling
has been carried out. The recursive algorithm constructing
an array with a multidimensional neuron-ensemble structure
has been demonstrated to function as intended.

6. Conclusions
At present, the development is in the stage of theoretical
substantiation and experimental testing. Partial modeling
has been carried out. The recursive algorithm constructing
an array with a multidimensional neuron-ensemble structure
has been demonstrated to function as intended.
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