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Abstract. This work is devoted to resolving the contradiction between the speed
of constructing nonlinear dynamic models and their accuracy. The goal is to reduce
the time required to build nonlinear dynamic models in the form of neural networks
while ensuring the specified modeling accuracy. This goal is achieved by
developing a modeling method based on the use of a set of pre-trained neural
networks (support models) that reflect the main properties of the subject area. The
scientific novelty of the developed method lies in the use of pre-trained neural
networks with time delays as support models. Unlike existing pre-training methods,
the developed method allows building simpler models with less training time while
ensuring the specified accuracy. The practical benefit of the results of the work lies
in the development of an algorithm for the support model method, which allows for
a significant reduction in the training time of neural networks with time delays
without losing modeling accuracy.

Keywords: identification; nonlinear dynamics; pre-training; neural networks,
training speed.

Introduction

The current stage of modelling development, which is mainly based on the use of
intelligent technologies, is characterized by a number of requirements for both high
accuracy of models and speed of their construction [1].

High accuracy in modelling nonlinear dynamics is currently achieved using
machine learning methods, in particular neural networks (NN) [2, 3, 4]. However,
the application of such methods is often associated with increased computational
complexity, which leads to significant time cost on model construction [3, 4, 5].

The problem of reducing modelling time remains one of the most pressing,
especially in areas related to the personalization of models that must adapt to
changes in user behaviour or the environment (e.g., in authentication tasks,
biomedical applications, human-machine systems), working in real time [6, 7].
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Analysis of Previous Studies

One common approach to solving the problem of increasing the learning speed of
neural networks is to optimize the architecture of models, which involves reducing
the number of model parameters without significantly compromising their
performance. Examples of such approaches include network simplification methods
such as pruning, quantitation, and model compression [8, 9, 10].

Another relevant direction for increasing the training speed of NN is the use of
accelerated learning algorithms, such as stochastic gradient descent with momentum
(SGD with momentum) and adaptive optimization methods (e.g., Adam, RMSprop)
[11, 12]. These methods make it possible to accelerate NN convergence thanks to an
improved weight update strategy and a reduction in the number of epochs required
to achieve the specified accuracy.

Another way to accelerate the NN training process is transfer learning [13, 14].
The main advantage of this method is the ability to use models pre-trained on a
dataset from one subject area to solve target tasks from another subject area. This
approach is used when the amount of specific data is limited or there are no high-
quality datasets for the target task. Transfer learning is particularly effective when
working with large neural networks, such as deep convolutional networks (CNNs),
which require significant computational resources for training [15, 16]. One
common approach to solving the problem of increasing the learning speed of neural
networks is to optimise the architecture of models, which involves reducing the
number of model parameters without significantly compromising their performance.
Examples of such approaches include network simplification methods such as
pruning, quantization, and model compression [17].

A special case of transfer learning can be considered preliminary training, in
which the model is first trained on a large set of general data and then fine-tuned on
more specific data for the target task [18, 19]. This approach significantly reduces
the time and computational resources used during the fine-tuning of the target
model, compared to training the model entirely on the target task data. As a result,
pre-trained models converge faster and require fewer resources to achieve the
desired model quality [18].

Transfer learning and pre-training technologies have become an integral part of
many research and development projects in the field of artificial intelligence. They
have proven their effectiveness in natural language processing tasks (BERT natural
language processing network, GPT text generation network) [20], computer vision
systems (pre-trained convolutional networks DenseNet, VGG) [17], biomedical
research, and human-machine interfaces [20].

The widespread use of this approach to building models based on pre-training
NN has been made possible by its practical advantages: a significant reduction in
the cost of training models and an increase in their effectiveness in real-world
applications, where not only accuracy but also speed is important. In addition, pre-
trained models can be easily adapted to new tasks, making them indispensable tools
in dynamically changing requirements and tasks.
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This direction seems promising in the tasks of identifying nonlinear dynamic
objects. At the same time, there is a lack of work in the field of preliminary training
of neural networks that simulate the nonlinear dynamic properties of objects with
continuous characteristics.

Based on the above, this paper develops an approach to building NN based on
pre-training, which is capable of effectively coping with the requirements of modern
modelling tasks, in particular the identification of nonlinear dynamic objects.

Unresolved Issues. The spread of the approach to building models based on
prior training of neural networks has been made possible by its practical advantages:
a significant reduction in the cost of training models and an increase in their
effectiveness in real-world applications, where not only accuracy but also speed is
important. In addition, pre-trained models can be easily adapted to new tasks,
making them indispensable tools in dynamically changing requirements and tasks.

This direction also looks promising in the identification of nonlinear dynamic
objects. At the same time, there is a lack of work in the field of pre-training NN that
simulates the nonlinear dynamic properties of objects with continuous
characteristics.

Based on the above, the paper develops an approach to building NN based on
pre-training, which is capable of effectively coping with the requirements of modern
modelling tasks, in particular the identification of nonlinear dynamic objects.

Problem statement

In practice, the use of prior training of neural networks involves considerable time
expenditure on building a general model [14, 15]. To achieve the research goal, it is
necessary to invent a method for accelerating the construction of general models of
nonlinear dynamics. The formal formulation of the problem of accelerating the
construction of general models of nonlinear dynamics based on prior training of
neural networks is as follows. Let S be the domain for which there is enough
labeling data Ns (Ds dataset):

Ds={(x%, yi*)}, @)
where xi® is a vector of independent variables, y;® is the corresponding target
variable (label), i=1,..., Ns.

Let fos be the general NN model with 6s parameters, which is trained on Ds
dataset.
Let T be the target task in the subject area S, for which there are marked-up data
of limited Nt size (Dr dataset):
Dr={(xi", yi")}. )

where x;" is the vector of the independent variables, y;" is the corresponding target
variable (label), j=1,..., Nt.

Let for be the target NN model with 6t parameters, trained on Dt dataset, which
ensures the accuracy Eer and the duration ter of target model training.

It is necessary to find the parameters 0s of the general model. Using them as
starting values Oto during training, the target model fgr, a specified accuracy level
Eor is achieved in the minimum time tot:
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Oro =65 arg minL, (f; (x,"),y,") =E
)
where Lt is the loss function adopted for the target model.

The objective of the article is to reduce the time required to build nonlinear
dynamic continuous-time models in the form of neural networks while ensuring the
specified modelling accuracy by developing a method based on prior training of
neural network models.

To achieve this aim, the following tasks were formulated.

1. Development of a modelling method based on prior training by
superimposing a set of pre-trained neural networks (support models) that reflect the
main characteristics of the subject area.

2. Construction of support models in the form of neural networks that reflect the
main nonlinear and dynamic characteristics of the subject area.

3. Investigation of the speed of modelling complex nonlinear dynamics using
the developed support model method.

Support models method

The principle of identification based on support models. An approach to NN
training based on the use of prior training in practice may result in a slight increase
or, in general, a decrease in the training performance of the target model.

One of the factors reducing the productivity of the target model training process
is the general nature and large volume of the training dataset Dso, which must
contain a description of the object's behavior in the widest possible range of external
conditions and under the action of a wide range of input signals [66, 94]. As a result,
in a specific case, when solving object modelling problems in a narrower range of
external conditions and input influences, the coarse foso and accurate fori models
(i=1,...,g, where g is the number of target modelling problems) have excessive
complexity (Fig. 1).

There are two ways to overcome this problem.

1. Forming a set of separate specialized training datasets Ds; (i=1,...,q, q —
number of specialized training datasets) for building rough models fosi with
subsequent construction of accurate models fori by further training the rough model
on the target dataset Dt (Fig. 1b). In this case, the advantages of prior training are
largely lost, since for each target task it is necessary to form a separate training
dataset Dsi and train a rough model fesi. This leads to time losses when solving each
target task.

The use of an approach based on the formation of separate specialized training
datasets largely negates the advantages of prior training, since each new task
requires the creation of a separate dataset and the training of a new model. This
leads to significant time costs even at the task setting stage.

2. Formation of a set of separate training datasets Ds;j (j=1,...,h, where h is the
number of basic characteristics reflecting the individual properties of the subject
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———————————————————————————————————
area), to build support pre-trained neural networks fosj with subsequent construction
of accurate models fori by retraining a rough model in the form of a superposition of
support pre-trained neural networks on the target dataset Dri (Fig. 1c).

Source dataset Dso Source dataset Do
Source dataset Dso
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Figure 1. Structural diagram of the preliminary training process: a — preliminary
training of a universal rough model; b — preliminary training of specific rough
models; ¢ — preliminary training of support models

The result of this approach is a set of support pre-trained NN fosj, which are
determined only once. At the same time, each of the basic NN fos; is significantly
simpler than the rough model foso.

The coarse model of the object fosi, which contains combined characteristics in
the form of a superposition of typical dynamic and nonlinear links, is constructed on
the basis of a set of support pre-trained NN fosj that correspond to the existing
characteristics of the object. At the same time, the structure of the coarse model fesi
(the dimension of the parameter vector 6si) must coincide with the structure of the
support NN fosj (the dimension of the parameter vector 0s;):

fosi : dim(0si) = dim(0sj), (4)
which ensures the simplicity of the accurate model fori.

This approach assumes that a coarse model is built not on the basis of a lengthy
preliminary training process, but on the basis of the superposition of several simple
models (support models). Each support model describes a separate property of the
subject area, and their superposition creates a refined coarse model.

The advantage of this approach is a significant increase in the speed of coarse
model synthesis by eliminating the lengthy training phase of the coarse model for
each new task in the subject area under consideration. In addition, the modularity of
this approach makes it possible to use support models in different tasks, which
reduces the time required to build models and provides flexibility and ease of
replacement or improvement of individual support models.
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The approach used in this work consists of using g support datasets Dsy
(v=1,...,9, g — the number of basic characteristics of the subject area), each of which
describes a separate basic property of the area under study. Based on these datasets,
support pre-trained models fosv(Dsv) with parameters Osy are constructed. By
combining and adapting the corresponding support models, a rough model fosv(Dsv)
is constructed, which has a certain set of characteristics (non-linear and dynamic) of
the object under study. The target model fork(Bsv, D) of objects with certain
characteristics is built by retraining the rough model on the Dk dataset.

The method of constructing complex models based on the superposition of
simpler models is actively used in various scientific fields, such as theoretical
physics, engineering, and, less frequently, in the fields of mathematical modelling
and machine learning. Work in these fields shows that this method makes it possible
to effectively solve complex system modelling problems, improving the accuracy
and flexibility of models by dividing the problem into simpler subtasks. These
methods are based on the principle of dividing a complex problem into subtasks,
which simplifies the modelling process and improves the accuracy of solutions.
Today, most of the efforts of researchers to solve the problems of identifying
complex objects and improving the accuracy and speed of modelling are focused on
the use of a rough model with subsequent retraining of an accurate model. Not
enough attention is paid to the use of support models, although this approach seems
promising due to its flexibility and modularity, which provides the following
advantages.

1. Flexibility in development: Each support model is responsible for its own
aspect of the system and can be easily replaced or improved without affecting the
overall structure. This makes the development process modular and more
manageable.

2. Simplification of complex tasks: Dividing a task into several subtasks with
simplified models makes the process of modelling complex systems more
understandable and easier to calibrate.

3. High accuracy: Synthesizing a target model from several base models allows
for multiple aspects of the system to be taken into account, which ultimately leads to
more accurate predictions.

The method of support models

To accelerate the construction of general models of nonlinear dynamics, a new
approach is proposed in this paper. It consists in using a set of separate pre-trained
NN (support models), each of which reflects separate basic characteristics of the
area.

To construct a set of support models, a set of support datasets Dr« is used
(k=1,...,9, g is the number of basic characteristics of the domain). Each of the
support datasets Drk describes a separate basic characteristic of the domain. On the
basis of these datasets, support models forc With the parameters Ork are built. By
combining support models that reflect the characteristics of the target problem, a
general model fos is built. It has a set of specified properties (nonlinear and
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dynamic). The target model for(6s, D7) is built by pre-training the general model fos
obtained on the basis of the set of support models fork 0N the Dt dataset.

This approach allows to preserve the advantages of pre-training, since support
models obtained once can be repeatedly used for different domains and target tasks,
significantly reducing the total time and resources for training models without
collecting additional data [17, 18, 19]. The structural scheme of the training process
based on support models is presented in Fig. 2.
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Figure 2. Structural diagram of the training process using support models

The algorithm of the suggested method consists of the following steps.

Step 1. Selection of basic domain properties and formation of a set of datasets
Dr« reflected the selected properties.

Step 2. Construction of support models set ferc in the form of separate NN
corresponding to the established properties of the domain. Training of built models
based on the generated datasets Dr«.

Step 3. Determination of the list of p properties of the target problem from the
set of g basic properties of the domain and construction of the general model fos
based on the superposition of the corresponding support models forn (h=1,...,p, p<Q)
obtained in Step 2.

Step 4. Training of the target model for(6s, D) based on the general model fes
obtained in Step 3.

Step 5. Determination of the accuracy indicators Eer and training time tor of the
target model for. In case of unsatisfactory quality indicators of the target model for,
the control transfers to Step 2 to correct the structure 6rk Of the support models forx,
and, if necessary, to Step 1 to correct the set of basic properties of the domain and
the set of datasets Drg, reflecting the selected properties.

Selecting the basic properties of the domain for forming datasets

The basic properties of the domain in the work are understood as the characteristics
of objects that reflect the essential features of their behavior. These properties can
include real or abstract parameters that are important for solving the modeling
problem [20, 21].
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The procedure for selecting the basic properties of the domain and generating
datasets Drk reflecting the selected properties is as follows.

1. Defining the range of tasks to be solved in a given domain; analyzing
properties that are important for objects in a given domain, significantly affect the
results of modeling and should be taken into account when forming the dataset Ds.

2. Determination of signal types (for example, periodic, random, pulsed) that
best reflect the properties of the objects under study.

3. Formation of the dataset Ds based on the list of basic properties of the domain
established in paragraph 1, the set of input signals and reactions of the object
formed in paragraph 2.

4. Segmentation of the dataset Ds into separate datasets Drk according to the
defined list of basic properties of the domain.

In the above sequence of steps, the task of determining the type of signals that
best reflect the properties of the object under study remains the least formalized.
Automating the selection of support models is crucial for scaling the method to
complex, multidimensional dynamical systems and bridges the gap between human
intuition and automated processing, allowing the application of machine learning
methods for objective identification and segmentation.

Determination of the structure of support models and their pre-training

To modelling nonlinear dynamics, the work uses time-delayed NN (TDNN) [21, 22,
23]. Due to their simplicity and versatility, TDNNs are most widely used in
modeling problems of nonlinear dynamic objects. In practice, the TDNN structure is
most often used, consisting of three layers: input, hidden, and output [22]. The size
of the layers in this TDNN structure is determined as follows: the input layer
consists of M neurons and is responsible for the memory (dynamic characteristics)
of the model; the hidden layer consists of K neurons and is responsible for the
nonlinear characteristics of the model; the output layer contains the number of Y
neurons, which is equal to the number of outputs of the model.

For each support model, a labeled data set Dsi={(xP*wj(t), fvi[xPj(t)])} is formed
based on the signals x(t) at the input of the object and the responses y(t)= fvi[x(t)] at
its output. Typical signals are often used as input signals: impulse x(t)=ad(t), step
x(t)=a®(t), linear x(t)=at, and harmonic x(t)=a sin(t) signals of various amplitudes a
€ (0, 1]. Time delays at the input are implemented through shifts in time series and
the inclusion of previous values in the input vector.

The main steps for implementing time delays and forming a training sample are
as follows:

Step 1. Selecting the number of delays. Determine the number of delays M that
will be used.

Step 2. Forming the input vector. For each time moment tx, the input vector is
formed as a sequence of current and previous values.

Step 3. Transferring delays to the network. Each formed input vector is
transmitted to the input layer of the neural network, where it is processed as a
regular input.
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Construction of a general model based on the superposition of the
corresponding support models

After completing the process of pre-training the set of support models fer, @ general
model for is built on their basis. This model is composed of a set of p support
models forn that correspond to the available basic properties of the object. The
selection of support models that reflect the basic properties of an object is generally
subjective. To reduce subjectivity and increase the reproducibility of the selection of
support models, it is advisable to use methods of clustering input data or feature
contribution analysis.

After completing the preliminary training process for the family of support
models that correspond to the existing basic characteristics of the object, a rough
model fos(Ds) is constructed based on them. Assuming that the general fos and
support ferk models are constructed in the form of NN with the same structure
(dimension of the parameter vector dim(6s)=dim(6rk)), the definition of the general
model is reduced to calculating the arithmetic operations on corresponding
components of the parameter vectors of the support models Or.

At the same time, several approaches to the superposition of support models are
considered:

additive superposition is used when each support model is responsible for
independent aspects of the system (e.g., dynamics and environmental impact). The
outputs of the support models f9Si(DSi) are determined based on the calculation of
the arithmetic mean of the corresponding components of the parameter vectors of

the support models OSv:
) 18, .
es = H Z eRk
©)

where i are the indices of the corresponding elements of the parameter’s vectors of
the general 0s and the support Ork models.

multiplicative superposition is used in the case of interacting processes (e.g., where
some processes modify others). In this case, the outputs of the support models

fosv(Dsv) are multiplied:
b
05 =] Jos
vl (6)

combined superposition methods use complex combinations of support models,
such as weighted sums of outputs of nonlinear functions to combine the outputs of
several models, the application of nonlinear functions to the outputs of individual
models, etc. Such methods include determining the parameter vector 6s of the
approximate model as the maximum value among the corresponding components of
the parameter vectors of the support models Osy:

els = max(eiSv)!V :]I) @

Thus, the advantage of forming an approximate model using the support models
method is the absence of a training procedure, which reduces computational
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L]
complexity and significantly speeds up the process of building an approximate
model. At the same time, the dimension of the approximate model fss (the
dimension of the parameter vector 6s) remains the same as in the base models, i.e.,
the complexity of the approximate model does not increase. Another advantage of
forming a general model using expressions (5)-(7) is the absence of a training
procedure, which significantly speeds up the process of constructing a approximate
model.

Experiment setup

The study of the support models method is carried out on the example of a nonlinear
dynamics test object. A simulation model of a test object in the form of a sequence
of a nonlinear link with saturation and a dynamic link of the first order [24, 25] is
shown in Fig. 3.

1 ]
x(t} > 7|C ™ s+2.64 o) >

. Saturation Transfer Fen |

As typical characteristics from the set of properties of the domain of nonlinear
dynamics, a nonlinear characteristic in the form of saturation and a dynamic link of
the first order were chosen to describe the behavior of the test object. For the test
object, a labeled Ds dataset generated on the base of signals x(t) at the input of the
object and the responses y(t) at its output. The inputs are pulsed x(t)=ad(t), stepped
X(t)=aO(t), linear x(t)=at and harmonic x(t)=a-sin(t) signals of different amplitudes a
€ (0, 1). Based on the dataset Ds, two support datasets are formed:

input stepped signals x(t)=a@(t) and responses y(t) of the object with
nonlinearity in the form of saturation Dry;

input stepped signals x(t)=a®(t) and responses y(t) of the object in the form of a
dynamic link of the first order Dro.

The experiment consists in studying the training speed of the target model of the
test object, built by various methods:

based on the general model fos(Ds), pre-trained on the general Ds dataset;

based on individual support models fer1(Dr1), for2(Dr2), pre-trained on datasets
Dri1 and Drz;

based on the general model for(for1, for2) in the form of a superposition of
support models for1(Dr1) and forz2(Dr2).

Simulation and results

Building a rough model. To determine the structure of the model fos(Ds), which is a
three-layer TDNN, based on the results of additional research, the number of
neurons M=30 in the input layer and K=30 in the hidden layer was accepted. The
model is trained using the backpropagation method with network parameter
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updating using the Levenberg-Marquardt method. Preliminary training is limited to
50 epochs to prevent overfitting and preserve adaptability.

Fig. 4 shows the dependence of loss functions (mse, mae) during training of the
coarse model on the number of training epochs.

fffff Train Loss
—— Validation Loss

Loss
©w

fffff I'rain Loss
—— Validation Loss

Loss

Epoch
b
Figure 4. Dependence of loss functions during training of a rough model on the
number of training epochs: a — mse, b — mae
Construction of an accurate model. The structure of the accurate model for(8s,
Dr) based on the pre-trained coarse model fes(Ds), models fotk(Dtk) based on
separate support models of datasets Dr1 and Drz, and model for(D7) based on the
superposition of support models is selected to be identical to the coarse model
fos(Ds) in the form of a three-layer TDNN. The NN is trained using the
backpropagation method with network parameter updating using the Levenberg-
Marquardt method. Training of the accurate model is carried out over 50 epochs.
Fig. 5 shows the dependence of loss functions (mse, mae) on the number of
training epochs for accurate models based on the coarse model, based on separate
support models for1(Dr1) and forz(Dr2), and based on the superposition of support
models. The results of the experiment on studying the training speed of the accurate
model of the test object, built on the basis of a rough model, on the basis of separate
support models, and on the basis of a superposition of support models, are given in
Table 1.
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Table 4
Results of an experiment to study the learning speed of a target model of a test

object
Trainin Validation
g Number of
No Model based on enoch
mse mae mse mae p
1 general model 4,9105 1,8890 6,9738 2,3972 14
2,2267 1,2686 2,9774 1,4809 50
2 support model 4,9596 1,8623 6,8963 2,4457 8
(saturation) 27553 | 14004 | 41863 | 17621 50
3 ) support model ) 4,8058 1,8544 6,8876 2,2571 23
(first-order dynamic
link) 3,9412 1,6869 5,7969 2,0801 50
4 superposition of 4,5837 1,8347 6,6431 2,2256 3
support models 0,9254 0,7941 1,0704 0,8807 50
700 ---- Train Model based on a pre-trained rough model
——— Validation Model based on a pre-trained rough mode|
s00 - -=-- Train Model based on the reference model r6T1
—— WValidation Model based on the reference model fOT1
——-- Train Model based on the reference model 612
——— Validation Model based on the reference model fOT2
soo Traln Model based on superposition of reference models
—— walidation Model based on superposition of reference models
400
E 300 4
200 4
100
o
o 10 20 30 40 50
Epoch
a
== ==== Train Model based on a pre-trained rough model
—— Validation Model based on a pre-trained rough mode|
Train Model based on the reference model f@T1
—— Validation Model based on the reference model f@T1
20 —--- Train Model based on the reference model fT2
—— Validation Model based on the reference model f8T2
~--- Train Model based on superposition of reference models
Validation Model based on superposition of reference models
15
&
10
s
o
o 10 20 30 a0 50
Epoch

Figure 5. Dependencies of loss functions during training of accurate models based
on a coarse model, separate support models, and superposition of support models on
the number of training epochs: a — mse, b — mae.
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Fig. 5 and Table 1 show the advantage of using pre-trained support NN during
the identification of nonlinear dynamic objects, namely, a significant reduction in
the training time of the TDNN model (4.6 times) compared to the traditional
approach of building an accurate model based on a pre-trained coarse model with
comparable accuracy of both models (established quality requirements at the
validation stage: mse=7.0, mae=2.5). The use of individual support models as coarse
models can also reduce the training time of the accurate model (by 1.8 times) with
comparable accuracy of both models.

Conclusions and prospects

The paper successfully solves the problem of reducing the time of building
nonlinear dynamics continuous-time models in the form of neural networks while
ensuring the specified accuracy of modeling. To resolve the conflict between the
accuracy of modeling nonlinear dynamic objects and the speed of model
construction, a modeling method was developed based on pre-training through the
superposition of support models that reflect the basic properties of the subject area.

The effectiveness of the developed method for modeling nonlinear dynamics
was proven when solving the problem of modelling a test nonlinear dynamic object.
The experiment demonstrates a 4.6-fold reduction in the time of building a target
model using support models compared to the traditional modeling method based on
pre-training. The advantages of the proposed approach are the ability to quickly
adapt to changing operating conditions, high speed of building the target model
while ensuring the specified modeling accuracy. In addition, the developed method
allows improving the efficiency of model training in the lack of labeled data for the
target task. The disadvantages of the proposed approach, inherited from methods
based on pre-training, are the dependence of the modeling results on the quantity
and quality of data of the target dataset.

The practical limitations of the application of the proposed method are the a
priori need for support models built on a sufficient amount of qualitative data.
Insufficient data or poor data quality can significantly reduce the accuracy of
support models and, as a result, significantly reduce the training time of an accurate
model.

Thus, the area of effective application of the proposed method is allocated: lack
of marked data of the target task in the presence of a general dataset of sufficient
size; no significant discrepancies between the characteristics of the general and
target datasets.

To improve and expand the scope of application of the support models method,
it is necessary to take into account the real conditions of the external environment
by expanding the experimental part at different levels of noise distortion and under
conditions of time drift of the observed parameters. In order to fully assess the
potential of the proposed method and determine its place among advanced solutions
in further research, it is planned to expand the range of test objects, including
systems with different dynamics, multidimensional systems, objects with delays,
etc.
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Anomauia. Poboma npuceauena SUPIUEHHIO CYNEPeUHOCMI MIdC WUOKICMIO
no6y008uU HeniHiUHUX OUHAMIYHUX MoOeneti ma ix moyHicmio. Memorw pobomu €
CKOpOUeHHs1 4acy noOyoosu mooeneil HeniHiliHOI OUHAMIKU V uenAldl HelpOHHUX
Mepedic npu 3abe3neuenti 3adanoi mounocmi mooenosanus. L{a mema docseacmocs
WASAIXOM PO3POOKU MemOdy MOOeNI08aANH s, 3ACHOBAH020 HA GUKOPUCMANHI HADOPY
NONEPeOHbO HAGUEHUX HEUPOHHUX Mepedc (ONOpHUX Modenell), wo 6i006paicaroms
OCHO8HI enacmugocmi npedmemnoi obnracmi. Hayxosa Hosusna po3pobienozo
Memody NOAseA€ y BUKOPUCMAHHI 6 AKOCMI ONOPHUX MoOenell Nonepeonbo
HAGYEHUX HEUPOHHUX Mepedc 3 MuM4acoeumu 3ampumkamu. Ha eiominy 6io
icHyouux Mmemoodié MNonepeoHbo20 HABYAHHA, PO3POONEeHUll Memood 00380J€E
b6yoyeamu 0inbuwi npocmi Mooeni 3 MeHWUM YACOM HABYAHHA Npu 3a0e3neyeHHi
3a0anoi mounocmi. Ilpakmuuna Kopucme pe3ynemamie pobomu noaseac 8
po3pobyi  aneopummy Mmemoody OHOPHUX MoOenell, AKUll 00380JSE  ICMOMHO
CKOpOMUMU 4acC HABYAHHA HEUPOHHUX Mepedc 3 MUMYAco8UMU 3ampumKamu 6e3
6MpPAmMu MOYHOCMI MOOENIOBAHHS.

Knrouosi cnosa: mooeniosanns, Heniniiina OUHAMIKa; NONEPEOHE HABYAHMSI,
HelpoHHi Mepedici 3 4aco8uMu 3ampUMKAMU.
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