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ABSTRACT

Context. Machine learning is one of the actively developing areas of data processing. Reinforcement learning is a class of ma-
chine learning methods where the problem involves mapping the sequence of environmental states to agent’s actions. Significant
progress in this area has been achieved using DQN-algorithms, which became one of the first classes of stable algorithms for learning
using deep neural networks. The main disadvantage of this approach is the rapid growth of RAM in real-world tasks. The approach
proposed in this paper can partially solve this problem.

Objective. The aim is to develop a method of forming the structure and nature of access to the sparse distributed memory with
increased information content to improve reinforcement learning without additional memory.

Method. A method of forming the structure and modification of sparse distributed memory for storing previous transitions of the
actor in the form of prototypes is proposed. The method allows increasing the informativeness of the stored data and, as a result, to
improve the process of creating a model of the studied process by intensifying the learning of the deep neural network. Increasing the
informativeness of the stored data is the result of this sequence of actions. First, we compare the new transition and the last saved
transition. To perform this comparison, this method introduces a rate estimate for the distance between transitions. If the distance
between the new transition and the last saved transition is smaller than the specified threshold, the new transition is written in place
of the previous one without increasing the amount of memory. Otherwise, we create a new prototype in memory while deleting the
prototype that has been stored in memory the longest.

Results. The work of the proposed method was studied during the solution of the popular “Water World” test problem. The re-
sults showed a 1.5-times increase in the actor’s survival time in a hostile environment. This result was achieved by increasing the
informativeness of the stored data without increasing the amount of RAM.

Conclusions. The proposed method of forming and modifying the structure of sparse distributed memory allowed to increase the
informativeness of the stored data. As a result of this approach, improved reinforcement learning parameters on the example of the
“Water World” problem by increasing the accuracy of the model of the physical process represented by a deep neural network.

KEYWORDS: Deep Reinforcement Learning, DQN-algorithm, Sparse Distributed Memory, “Water World” problem.

ABBREVIATIONS f, is a logical variable that determines whether the t

DQN i.s a Deep Q Network; iteration is the final iteration in the current episode;
RAM Isa random access memory, 7 is a policy of the deep reinforcement learning;
SDM is a Sparse Distributed Memory. K is a maximum number of transitions in the SDM;

k is an index of the transition in the SDM;

NOMENCLATURE i . X ’
@ is a reinforcement learning method; d, is a transition tuple that is a prototype in the SDM;
S is a state space; M is a set of minibach indices;

A is a set of permissible actions; m is an index of the minibach element;

R is a reward function; norm is a parameter that determines the norm of simi-
Q is a state-action function; larity of the previous and next states of the environment;

b is a threshold of similarity of the previous and next
states of the environment;

N is a coefficient of similarity of prototypes;

n is a dimension of the state vector;

d is a threshold of the vector element similarities for
the previous and next of the environment states;

y is a discount rate;

B is a logical similarity threshold of prototypes;
D is a minibach for deep neural network training;
t is a step of the algorithm;

S, is a state of the environment at the arbitrary t ;

a, is an action that the agent implements at t ; i is an index of the vector elements of the environ-

I, is a reward that the agent receives at t ; ment state;

S,., 1S a next state of the environment in accordance M, is a similarity of the i-th elements of the current
with t; and previous vectors of the environment states;
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P is a SDM queue;
1 is a training step size;

J is number of training sessions;

J is a current training session index;

E is a maximum number of episodes;
e is a current episode index.

INTRODUCTION

Reinforcement learning today is a broad class of
methods that includes learning how to map the sequence
of environmental states to agent’s actions. The purpose of
the actions of an agent operating in this environment is to
maximize the reward it can receive. In turn, the actions of
the agent can affect the environment. Therefore, the rein-
forcement learning methods implement a closed cycle,
which significantly distinguishes them from supervised
methods of machine learning. Other important features of
reinforcement learning are the inability to predict the con-
sequences of the agent’s actions accurately and the need
to take into account previous actions to increase future
rewards. Based on these approaches, a large set of meth-
ods has been formed that use linear functions to map the
space of the states of the environment to the space of ac-
tions of the agent. Linear methods have certain shortcom-
ings, which reduce their efficiency in real-world tasks.
One of the most prominent shortcomings is a significant
increase in the number of elements of the state space in
such tasks. As aresult, in most cases, the agent is in a
situation for which it has no experience of correct behav-
ior. The only way to solve this problem is to generalize
the prior experience gained by the agent and extrapolate it
to future states. Algorithms based on deep learning are
one of the modern approaches to generalization and have
opened a new stage in development of reinforcement
learning algorithms. For along time, these algorithms
were considered unstable. The DQN-algorithm has be-
come an important step forward. It was created and tested
on the “Arcade” game platform, where DQN showed high
training stability. The basic idea behind modern DQN-
algorithms is that the global reinforcement learning task is
divided into a sequence of local supervised learning tasks.
It is implemented by combining the concept of the target
network with the experience replay. The data is stored in
memory, which is represented by a FIFO-structure of
fixed length. The deep learning network uses a training
set randomly selected from memory. Ways to improve
these methods are mainly based on modifications of data
structures that provide the experience replay.

This paper also focuses on improving the data struc-
tures of the DQN-algorithm by applying to it the data
storage principles used by SDM. This approach aims to
reduce the amount of memory used and increase the sta-
bility training.

The object of study is the reinforcement learning
process of a deep neural network with sparse distributed
memory in solving the problem of “Water World”.

The subject of the study is a method of improving
the deep reinforcement learning without significantly in-
creasing the size of RAM.

The purpose of the work is to develop a method of
forming the structure and nature of access to the sparse
distributed memory with increased information content to
improve reinforcement learning without additional mem-

ory.

1 PROBLEM STATEMENT
Reinforcement learning method in general can be rep-
resented by a tuple,

CI):(SaA:QaRaY)a
where Q:SxA— A, R:SxAxS >R, ye(0,1).

Fig. 1 shows a generalized diagram with the main connec-
tions for interaction between the elements of the @ tuple.

AGENT

Reward Action
St i &

ENVIRONMENT

Figure 1 — The generalized scheme of interaction in reinforce-
ment learning

The agent obtains s, € S from the environment at an
arbitrary t. As a result, the agent implements the a, € A
and receives a I, € R after performing the &, . The agent
also perceives S, €S . In this state the environment will

be at a t+1 time. The purpose of the training system for
strengthening is to maximize the total reward, which can
be represented as a mathematical expectation of the sum
of all rewards with the appropriate discount rates:

.
R:E[Zy‘q]
t=1

To do this, in the case of using a DQN-agent, it is nec-
essary to minimize the loss function, the expression of
which depends on the chosen method of training.

2 REVIEW OF THE LITERATURE

Unlike other areas of machine learning, in the field of
reinforcement learning there is a textbook [1], which most
experts consider a basic textbook. This is very important
for the unification of terminology and systematization of
approaches to the development of new methods. The au-
thors regularly update the content of this textbook. Be-
cause of this, it remains relevant for many years. Well-
known machine learning algorithms use such mathemati-
cal approaches as Finite Markov Decision processes [2],

© Novotarskyi M. A., Stirenko S. G., Gordienko Y. G., Kuzmych V. A., 2021

DOI 10.15588/1607-3274-2021-1-14

137



e-ISSN 1607-3274 Papioenexrponika, inpopmaruka, ynpasminss. 2021. Ne 1
p-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2021. Ne 1

Multi-arm bandits [3], gradient descent methods [4],
Monte Carlo methods [5], Temporal-Difference Learning
[6, 7] and others. When implementing these methods, the
exploration-exploitation dilemma always remains relevant
[8, 9]. The most commonly used research strategies are:
greedy approach, ¢-greedy approach, softmax approach
and Bayesian Approach [10]. All of these methods have
one thing in common, as they require a large amount of
memory to store a tabular representation of a value func-
tion. Approximate value functions were originally used
[11] to overcome this deficiency. Modern approaches to
memory reduction involve using SDM [12, 13].

One of the first stable algorithms that uses deep learn-
ing for nonlinear approximation of a value function is
presented in [14]. This approach is designed to further
enhance the capabilities of reinforcement learning [15].
The main advantage of this approach is that it avoided the
explicit mapping of the state space to the action space.
Combining the benefits of deep learning with the already
known machine learning methods, DeepMind has made
significant progress in training agent for the game Al-
phaGo [16]. The created technologies are widely used
now for reinforcement learning. This paper uses a modern
approach called DQN [17]. Experience replay and target
network were used to increase the stability and productiv-
ity of learning on small data sets [18]. Features of the
application of these technologies for the “Water World”
task will be discussed below.

3 MATERIALS AND METHODS
Fig. 2 shows a framework of the deep reinforcement
learning system that uses SDM.

B store
batch AGENT
* f Action
Ch
2t |Reward
SDM S r;
1 o
] ENVIRONMENT

Figure 2 — Deep reinforcement learning system with SDM

As can be seen from Fig. 2, the agent affects the envi-
ronment by performing the next action. The environment
returns a reward for the action performed and notifies its
next state, which helps the agent select the next action.
This classic scheme of agent-environment interaction is
complemented by the fact that each transition is stored by
the agent in external memory to implement Experience
Replay technology. Information about the transition is
represented as the d, =(s,,s,,.a.r, f,) tuple, where
0<k<K-I.

A feature of the new approach we are proposing is the
method of storing and reading transitions from SDM. The

learning parameters are improved due to the selective
storage of only “important” transitions.

Experience Replay technology often uses queued
memory. This means that each new transition is always
saved at the end of the queue. As soon as the specified
amount of memory is full, each addition of a new transi-
tion displaces the oldest transition from SDM.

We offer a modified algorithm for storing transitions
in SDM. The first step of the algorithm is to compare the
new transition with the last transition in the queue. This
comparison is as follows:

B=norm & [a, =2, ] & [r=r ] &[f =, ]. (1)

It should be noted that in formula (1) the expression [.]
always returns a certain logical value. The norm parame-
ter in expression (1) is determined from formula (2)

norm = min s, —s.

s —sil) = b] )

The b value is determined from the expression

- N3,
N -1

b= 3)

0.5, N <3.

The smaller the value of N is, the more states are
skipped from storing to SDM due to their similarity to the
previously stored states. The use of expression (3) aims to
simplify the tuning process.

In the next step of the algorithm, we use the value of

B variable to select the method of data storage in the
SDM. If the B variable is true, then new transition is
written to the place of the last transition in the queue,

which corresponds to the time reference (t—1). How-
ever, if the B variable is false, then a new transition is
added to the end of the queue, and all other transitions are
moved in the queue to one position.

Below we define the rule for determining the differ-
ence norm for the vectors of states s —s_[ and

s =S| - Let the state vector at time t be represented by

elements S =<St° ,S:,...,S:,...,St”). To calculate the differ-

ence norm, first determine the element-by-element simi-
larity of states using the expression:

|sti —sf_]| o
I 1
—_, |st —sH| <39,

W= 5 @

i i
0, |st - 5H| >0,

where & is in the [0,1] range.
Then the difference norm of states s, and S, is

||st -S., || = min(p?,ul,...,ui,...,u?) . Similarly, using ex-
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pression (4), define the difference norm of s, and s,

St _st” = min(“?ﬂsHLH--':“LH"-’HPH)~
Therefore, a new transition is saved as a new SDM
prototype only if the distance between the respective
states exceeds the b value or there is a difference be-
tween rewards or actions at times t and (t—1). The new

states as |

prototype is also saved if the new state is the last state in
the episode, which is determined by the f, parameter.

Note, that the optimal definition of difference norm of
states is, generally, problem-specific. We show in Section
4 that the proposed difference norm works well for the
“Water World” problem.

The memory structure formed by the described algo-
rithm evolves from episode to episode and is used by the
learning agent. The agent is an off-policy agent and uses
SDM to create a D training set. In the t training step the

agentusesa D, ={d | _ setof transitions. It is obvious

that all indices of the selected elements in the M set are
in the range [0,K —1].

Algorithm 1 DQN with SDM
1 Initialization:
P.nKJ,v.B.ET M
2 fore=1to E do
environment.reset()

3 S < observe(environment)

4 while t <T do

5 a< m(s)

6 t=t+1

7 (S, r, f ) «— environment(a)

8 S, < Observe(environment)

9 update_prototypes( S, Sye,l>a, T )
10 end while
11 for j=1to J do
12 minibatch=random.sample(prototypes,M)
13 for m in M do
14 5™ append (s")
15 s append (siy, )
16 a”™™ append (a")
17 r*™ append (r")
18 e”™ append (")
19 6j:rj+yQ(sj,argmaxQ(sj,a))—Q(Sj,,,aj,,)
20 0« 0-+w;3,V,Q(s;.a,,) weight change
21 end for
22 0 <~ 0+MA update weights
23  end for

Algorithm 2 for writing to SDM and creating new pro-
totypes.

Algorithm 2 | update_prototypes(prototype)
1 (555.1,8.5, f,) = prototype
2 (Spstqaa‘p]art,p f1,1) :queue[last]

3 if N>3 then b:l—ﬁ else b=0.5

4 fori=0 to n do

el . ‘sf—st‘_]‘
5 1f‘s[—sH <38 then p{:l—T
6 else w =0

DU _ S, — S
7 if |si,, - s <5 then pj, =1-2"——=

4
8 else ul,, =0

9 HSt —SHH = min(p?,u{,...,ui,...,u:)
10 HSHI _stH :mjn(”?ﬂ5“tl+l"“’ui+l""5“;]+l)

, sm—stH)zbJ
12 if normé&([a =a_ |&[r=r_]&[e =¢_,] then

11 norm= [min(Hst -5,

13 queue[last]=prototype
14 else
15 queue.append(prototype)

The allowable number of episodes, E, limits the opera-
tion of algorithm 1. In each episode, the algorithm can
perform a maximum of T iterations if there is no terminal
state, which leads to premature termination of the episode.
Iteration involves the actor’s interaction with the envi-
ronment. The choice of the next a, action is based on the

current S, state of the environment in accordance with the

n policy. The environment returns a tuple, which con-
tains its new s, state, the r, reward for the action and the

e, sign of the terminal state. This tuple, together with the
previous s, state and a_, action forms the next proto-

type for storage in SDM. The method of updating SDM
prototypes is implemented in the update_prototypes()
function, the pseudocode of which is shown in algorithm
2. The essence of this algorithm corresponds to the previ-
ous theoretical description. The new prototype is passed
to the function as a parameter. The first stage begins with
reading the last saved prototype. When fine-tuning the
mode of operation of this algorithm, we provide the
choice of the constant N, which indirectly determines the
distance between two successive changes in the vectors of
the states of the environment. These norms are calculated
in algorithm 2 in accordance with (3) and (4). The result-
ing step in the analysis of the similarity of the prototypes
is the calculation of the logical expression (1). If this ex-
pression returns True, then we assume that the new proto-
type is close to the previous saved prototype. In this case,
we replace the previous prototype with a new prototype
without increasing the size of the SDM. If expression (1)
returns False, it indicates that the actor’s action caused
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significant changes in the environment. Therefore, such a
prototype is additionally added to the SDM. If the mem-
ory is full, we delete the prototype that has been in the
SDM for the longest time, as the one that has the least
relevance among all saved prototypes. In each episode,
we perform J sessions of deep neural network training by
sequential modification of its 8 weights. For each train-
ing session, we form a minibatch by randomly selecting
prototypes from SDM with a linear probability distribu-
tion. Modification of our model allows to define TD-error
and to form the graph of the loss function.

This approach has improved reinforcement learning
efficiency by making the prototypes stored in SDM more
informative without increasing the size of memory to
store new information. The results of the study on the
example of the “Water World” problem, which confirm
the conclusions, are given below.

4 EXPERIMENTS

Consider the work of the described approach on the
example of the problem “Water World”, which was first
proposed in [20, 21] and is considered a popular problem
that allows you to explore the reinforcement learning al-
gorithms. The essence of this problem is that round ob-
jects float in a square two-dimensional space. The actor is
also among those objects that are hostile to him. The pur-
pose of training an actor is to ensure the maximum possi-
ble time of the actor’s existence, which can be done by
avoiding collisions with enemy objects. In order to avoid
such collisions, the actor has sensors that are evenly
spaced in a circle. The data set created by the set of sen-
sors forms a vector of states of the environment. The ac-
tions of the agent in this environment are reduced to the
choice of direction and speed modulus in order to avoid
collisions. It is important that the actor not only react to
the current situation, but also gain experience that would
allow him to accept a short-term deterioration of the cur-
rent situation in order to avoid a catastrophe in the future.
An example is a situation where an actor is surrounded by
enemy objects and there is a narrow way out of that envi-
ronment. In this case, the actor must temporarily move
closer to enemy objects in order to escape from the envi-
ronment. The actions of the actor in a similar situation are
shown in Fig. 3.

The study was carried out with variation of the pa-
rameters of this task to identify their impact on the learn-
ing speed of the actor in the proposed method of increas-

ing the informativeness of SDM. Table 1 summarizes the
values or ranges of changes in the parameters of the prob-
lem.

=3 T T T T T

Figure 3 — The actor in a situation of leaving the environment
with hostile objects

These studies have confirmed in practice the effec-
tiveness of the proposed approach to increase the informa-
tiveness of SDM, as it allowed obtaining improved rein-
forcement learning when using the same amount of mem-
ory. At the same time, when it is necessary to increase the
accuracy of learning, the corresponding increase in addi-
tional memory is much less than when using the FIFO-
structure for memory. The specific values of this reduc-
tion require further research.

Fig. 4 shows the number of successful iterations that
determine the growth of the “life expectancy” of the actor
with the increase in the number of episodes.

On average, with the use of informative SDM, life ex-
pectancy increased 1.5 times compared to “Water World”,
which used a simple queue to store transitions.

Good results can be observed with improved learning
parameters due to reduced reinforcement learning error
from episode to episode. This fact confirms the graphs of
the loss function value decrease (Fig. 5) in comparison
with the basic solution of the problem.

Table 1 — Parameters of experiments

Ne Parameter name Range Unit of measurement
1 Number of sensors 4-64 pes.

2 Number of enemy objects 20-200 pcs.

3 Number of episodes 200-1000 qty.

4 Number of iterations 2000—4000 qty.

5 SDM size 10 000-100 000 number of prototypes
6 Coefficient of similarity of prototypes, N 1-10 qty.

7 Minibatch size 200-400 number of prototypes
8 Survival reward +1 scores

9 Penalty for collision -10 scores

10 Discount parameter, Y 0.99 qty.
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Figure 4 — Dependence of the number of iterations on the num-
ber of episodes
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Figure 5 — Comparison of loss functions for the basic approach
and method using SDM

In Fig. 6 we see the growth rate of the number of the
most successful iterations, that is such iterations in which
the actor received a reward of more than 3000 points,
provided that the maximum reward for the iteration
reaches 4000 points.

60

SDM with increased

50 informativeness

40

301

nrewmax

A simple queue

201

10 4

200 300 400 500 600 700 800 900 1000
episode
Figure 6 — Comparison of the number of successful iterations for
the basic approach and method using SDM

6 DISCUSSION

The paper is devoted to one of the current approaches
to reinforcement learning, which uses the deep neural
network learning to build a model of the studied process.
We used a DQN-algorithm based on two technologies,
namely Experience replay and Target network, which
allow us to create a sustainable learning process. The pe-
culiarity of this approach is to use a certain buffer with
data that reflects the previous experience of the actor, and
the use of random samples from this buffer for the deep
neural network. The disadvantage of this approach is the
need to use large amounts of memory to ensure a success-
ful reinforcement learning process. The main idea of this
work is to use SDM to increase the informativeness of the
data stored in the buffer. A method of modification and
formation of SDM prototypes has also been developed,
which provides increased informativeness without in-
creasing its size. Further research, in our opinion, should
be aimed at studying the hierarchical structure of SDM,
provided that such a hierarchy should be formed on the
basis of the hierarchy of features that are elements of the
prototypes.

CONCLUSIONS

The article considers a new approach to the creation of
DOQN - reinforcement learning algorithms. The relevance
of these studies is due to the fact that in recent years, al-
gorithms of this type have provided tectonic shifts in the
field of learning with reinforcement by allowing the use
of neural network neural learning to significantly reduce
the amount of RAM used to store previous experience
compared to tabular methods reinforced training. Never-
theless, the need for RAM is still significant for real-
world problems.

The article proposes an approach that improves the
deep reinforcement of learning without a significant in-
crease in memory, which is an urgent problem.

The scientific novelty of the obtained results is that
anew method of forming the structure of memory for
deep learning is proposed. This method uses a sparse dis-
tributed memory structure to store prototypes, each of
which is one of the past states of the environment. The
main difference of this method from existing analogues is
the original principle of adding new prototypes, which
allows to increase the informativeness of the stored data.
Using this principle, we were able to increase the speed of
deep learning by 1.5 times without increasing the size of
memory.

The practical significance of the obtained results is
that on the basis of this method the software system of
training of deep reinforcement is developed. This soft-
ware system is used to solve an important navigation
problem, which is presented in the form of a well-known
test task “Water World”. The task is to teach the actor to
survive in a dynamically changing environment among
hostile objects.

Prospects for further research are to study the hier-
archical structure of sparse distributed memory, provided
that such a hierarchy should be formed on the basis of
a hierarchy of features as elements of prototypes.
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Cripenko C. I'. — 1-p TexH. Hayk, npodecop, 3aBiqyBad Kadeapu oOUMCIIOBaIbHOI TexHiKHM, HalioHaIbHUN TEXHIYHUI YHIBEpCHUTET
Vxpainn «KuiBcbkuit moniTexHiunuii inctutyT iMeHi Irops Cixopcbkoroy, Kui, Ykpaina.

Topaienko FO. I'. — n1-p TexH. Hayk, npodecop kadeapu obuncIIOBANBHOI TeXHiIKH, HallioHaTbHUN TEXHIYHUN yHIBEPCUTET YKpaiHu
«KuiBchkuii nonitexHiyHui iHCTUTYT iMeHi Iropst Cikopebkoro», KuiB, YkpaiHa.

Kysbmuu B. A. — acnipant kadeznpu obuncioBanbHol TexHiky, HanionansHuii TexHiuHMM yHIBepcuTeT Ykpainu «KuiBcbkuii mositex-
HiuHUH iHCTHTYT iMeHi Iropst Cikopebkoroy, Kuis, Ykpaina.

AHOTALISA

AxTyanbHicTh. MalHHE HaBUaHHS [I€ OJIHA 3 TaTy3eil 00poOKH JaHHX, Ka aKTHBHO PO3BUBAETHCS. 3HAUHUX YCIIIXIiB y il chepi BOa-
JIOCST TOCSITTH 3aBIsIKM BUKOpHCTaHHIO DQN-airopuT™iB, sIKi CTaad OJHUMH 3 MEPIINX CTIHKMUX aJTOPHUTMIB HABYAHHS MPU BHUKOPHUCTAHHI
TIMOOKMX HEWPOHHUX Mepek. OCHOBHMM HETOJIKOM TaKOTo MiJXOJy € CTPIMKE 3pOCTaHHs ONEPaTHBHOI maM’sTi IpH peaizauii 3a71a4 pea-
JILHOTO CBITY. 3alpONOHOBAHUI B pOOOTI MiAXi[] JO3BOJISIE YACTKOBO BUPILIUTHU L0 IIPOOIIEMY.

Merta. MeToto po60TH € po3pobka MeToxy (hopMyBaHHS CTPYKTYPH Ta XapaKTepy JOCTYILy 0 PO3DiLKEHOI PO3MOALICHOT maM ’ATi 3 mif-
BHUIIEHOIO 1H()OPMATHBHICTIO AJIsl MOKPAIICHHS HABYaHHS 3 MiAKPIIUICHHAM 0e3 3aTy4eHHs J0JaTKOBOI TaM’sTi.

MeTton. 3anponoHOBaHO MeTo]| (OpMYBaHHS CTPYKTYPH Ta MOIU(IKALil HaM’sTi 3 MPOPIIKEHUMHU JaHUMU st 30epiraHHs MmornepeiHix
Nepexo/liB aKTopa Y BUIJIAAI NPOTOTHINIB. MeTo/| 103BOJISE MiABUIIMTH iHYOPMATHBHICTh 30€PEKEHUX NAHMX 1, SIK PE3yJIbTaT, IOKPALIUTH
MPOIIeC CTBOPEHHS MOJIEI TOCHIKYBaHOTO TPOILeCy NUIIXOM iHTeHCU]iKaIlil HaByaHHs TIO0KOT HeiipornHoi Mepexi. [lixpuiuenns inpop-
MaTHUBHOCTI 30€pe)KeHNX JaHUX € PE3YJIbTATOM TaKOI MOCiJOBHOCTI Jiif. CroYaTKy BUKOHYEMO MOPIBHSIHHS HOBOTO MEPEXOY Ta OCTAaHHBO-
ro 30epeKeHoro nepexoxny. Jjisi BAKOHaHHS TaKoro MOPIBHAHHSA, B paMKax JaHOTO METOAY, BBEICHO HOPMY OLHKY BiICTaHI Mixk mepexona-
MH. SIKIIO BifICTaHb MiDK HOBHM IIEPEXOJOM Ta OCTaHHIM 30epeKeHHM MEPEXOIOM € MEHIIO0 3a 3a/laHui IIOpir, TO HOBHIT IlepexiJ 3ammcy-
€TBCS HA MICIIE MONEePEeTHHOT0 Oe3 301IbIICHHS 00CATy mam’sTi. Y TIPOTHICKHOMY BHUIMAAKY CTBOPIOEMO HOBHM MPOTOTHIT B MaM’SITi 3 O/IHO-
YaCHUM BHJIQJICHHSM MIPOTOTHILY, SIKUil 30epiraBcs y mam’siTi HagoBIIe.

Pe3yabTaTn. Po6OTY 3anponoHOBaHOro MeToy OYII0 JTOCHIKEHO I1iJ] 9ac BUPILICHHS MOIYJISIPHOI TecTOBOI 3anavi “BonxHuii cBit”. Pe-
3yIbTaTH MOKa3aax 30UIBIICHHS Yacy BIDKHBAHHS aKTOpa y BOPOXKOMY cepeoBHIli B 1,5 pasu. Taxuif pe3ynbrar OyB HOCATHYTHH 3a paxy-
HOK MiIBUIICHHS iH)OPMATHBHOCTI 30€pekeHNX JaHuX 0e3 301IbIIeHHS 00CATY ONepaTUBHOI ITaM’sITi.

BucHoBkH. 3anpornoHoBanuii Meto GopMyBaHHS Ta MoAUdIKalii CTPYKTypH maM’sTi 3 NPOPIKEHHUMH JaHUMHU JIO3BOJIUB MiIBUILUTH
iH(opMaTUBHICTH 30epexeHNX JaHUX. B pe3ymbrari Takoro mixxomy Oyio ofep:kaHO IOKpaIIeHi TapaMeTpH HABYAHHS 3 MiTKPIIUICHHAM Ha
npuKiIazi 3aaadi «BoaHuid CBIT» 3a paXyHOK MiIBUINEHHS TOYHOCTI MOAEN (hi3UYHOTO MPOIECy, MPEACTAaBICHOT0 ITHOOKOK HEHPOHHOIO
Mepexero.

KJIFOYOBI CJIOBA: rnu6oke HaB4aHHS 3 migkpimieHHsM, DQN-anroput, pospijkeHa po3NofiieHa mam’sThk, 3anada «BoxHuit
CBITY.
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HosoTapcknii M. A. — 1-p TexH. Hayk, npodeccop kadenps! BHUUCIUTENPHON TeXHUKY, HalMOHANbHBIH TeXHUYECKHIl YHUBEPCHTET
Vkpannsl «KueBckuil monutexHuIeckuit HHCTUTYT uMeHu Uropst Cukopckoroy, Kues, Ykpanna.

Crupenko C. I'. — 1-p TexH. Hayk, npodeccop, 3aBeAyronui kKadeapoil BEIMUCINTEIbHON TEXHUKU, HallMOHANbHBIH TEXHUUECKUH YHU-
BepcuteT YKpauHbl «KueBckuii moaurexHuueckuii MHCTUTYT uMeHu Mropst Cukopckoroy», Kues, Ykpauna.

T'opaunenko 1O. I'. — n-p TexH. HayK, npodeccop kadeaphl BHIYUCIUTEIHON TeXHUKY, HallnoHaIbHBIM TeXHUYECKHI YHUBEPCUTET YK-
pansbl «KueBckuii monutexaudeckuii tHCTUTYT nMeHH Uropst Cuxkopckoro», Kues, Ykpanna.

Kysbmuu B. A. — acniupanT kadenpsl BBIYUCIUTENbHOH TexHUKH, HalonanbHblil TeXHUYeCkui yHuBepcuTeT YKpauHbl «KueBckuit
MONIUTEXHUYECKH HHCTUTYT UMeHu Mrops Cukopckoro», Kues, YkpauHa.

AHHOTALUA

AKTyaJpbHOCTb. MammHHOE 00y4eHHEe 3TO O[HA U3 aKTHBHO Pa3BHUBAIOIIUXCS OTpaciell 00pabOoTKN JaHHBIX. 3HAYMTEIBHBIX yCIIEXOB B
9TOM cepe yaanoch T0CTUYb Onaroaaps UCHoNb30BaHui0 DQN-anroputMoB, KOTOPbIE CTald OJHAMH U3 MEPBBIX YCTOWYMBBIX aJTOPUTMOB
00y4eHHsI C MCTIOIb30BaHUEM IITyOOKHX HEHpOHHBIX ceTeld. OCHOBHBIM HEIOCTATKOM TAKOT'O MOJXO0/A SBISIETCS CTPEMHUTEBHBIN POCT Orle-
paTUBHOM MaMATH NPU peaNIM3alUu 3a1a4 peasbHoro Mupa. IlpeaioxxeHHbli B paboTe MOAXO0. MO3BOJISET YACTHYHO PEIIUTh 3Ty NPoOiIeMy.

Ieas. Llenbro paboThl sBIIsieTCS pa3paboTKa MeToia GOPMUPOBAHHS CTPYKTYPHI M XapakTepa JIOCTyIa K Pa3pe:KeHHON pacIipeelIeHHON
MaMsTH C TIOBBILICHHONH HH()OPMATHBHOCTBIO JUIS YIIy4IICHUS 00Y4SHHUSI C MOAKPEIUICHHEM Oe3 IPHUBIICUCHUSI JOTOTHUTEILHON MaMsITH.

Merton. [Ipennoxen Metoq GOpMHUPOBAHUS CTPYKTYPhI M MOAM(DUKALNY TTAMATH C IPOPEKESHHBIMU JAHHBIMH JUISl XpaHEHHs IPEIbITY-
[IUX MEPEeX0JI0B aKTepa B BUJE MPOTOTUIOB. MeTO] MO3BOJISIET MOBBICUTH HMH(POPMATUBHOCTD XPAHUMBIX JaHHBIX M, KaK Pe3yJbTarT, yiIyd-
LIATH TPOILIECC CO3MAHUS MOJEIH MU3y4aeMoro mpolecca myTeM MHTeHCH(UKAuKU o0ydeHus riry0okoil HelpoHHOU ceTu. [loBblnieHne HH-
(OpPMaTHBHOCTH XPaHUMBIX JaHHBIX SIBJSIETCS PE3YJIbTATOM TaKOM MOCIIEIOBATEIbHOCTH iecTBUi. CHauaa BBIIOIHAEM CPAaBHEHHE HOBOTO
nepexo/ia 1 MocyeHero COXpaHeHHOro nepexoa. Jist BHIMOJIHEHUs TAKOTO CPaBHEHHs, B paMKax JJAHHOTO METO/1a, BBEICHA HOPMa OLIEHKH
paccrosiHUS MeXIy nepexogaMu. Ecim paccTossHue MeXy HOBBIM IIEPEX0JJ0M U IOCIEIHUM COXPaHEHHBIM IIEPEX0/I0M MEHBIIE 33aHHOTO
1opora, TO HOBBIH IEPeX0/] 3aIICHIBACTCS Ha MECTO MPEABIAYyLIero Oe3 yBeandeHus: o0beMa maMsaTu. B mpoTHBHOM cilyuyae co3iaeM HOBBIH
HPOTOTHII B IAMSATH C OHOBPEMEHHBIM YIaJIEeHHEM TOT'0 MPOTOTHIIA, KOTOPBIH XPAHWIICS B TAMSITH JOJIbILE.

Pe3yabraTsl. PaboTa mpeanokeHHOro MeToa Obula MCCIIE0BaHa B X0/I€ PELICHHs MOMYJISIPHON TecTOBOM 3aaaun «Boausiit Mup». Pe-
3yJIbTaThl TI0Ka3al YBEJINYECHHE BPEMEHH BBDKHUBAHUS aKTepa BO BpakaeOHOM cpene B 1,5 pasa. Takoii pe3ynbTaT ObUT JOCTUTHYT 3a CYET
MOBBIICHUS] KHYOPMATHBHOCTH XPAHMMBIX JIAHHBIX 0€3 YBEJIMYCHHs 00beMa ONepaTHBHOM aMsITH.

BoiBoabl. [IpeanoxenHbii Metos GOpMUPOBaHHS 1 MOAU(UKALUH TAMSTH € IIPOPEKEHHBIMH JaHHBIMH TTO3BOJIMII TOBBICUTH HH(OpMa-
TUBHOCTH XPaHUMBIX JaHHBIX. B pesynbrare Takoro mojaxoja ObUIM IOJIy4YEHBI YIyYIICHHBIC ITapaMeTpbl OOyUCHHUS C MOJKPEIUICHHEM Ha
npuMepe 3a1au «BomHBIil MEP» 3a CUET MOBBIICHUS] TOYHOCTH MOJEIH (PU3HMUYECKOro Ipolecca, MPeaCTaBIeHHOTO ITy00KOH HEeWpOHHOM
CEThIO.

KJIIOYEBBIE CJIOBA: riybokoe oOydeHue ¢ noakpersieHueM, DQN-aiaroputM, pa3pexeHHas paclpeleiieHHas NamsTh, 3a/ada
«Boauslit Mup».
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