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O. BARKOVSKA, K. VOROPAIEVA, O. RUSKIKH

JUSTIFYING THE SELECTION
OF A NEURAL NETWORK LINGUISTIC CLASSIFIER

The subject matter of this article revolves around the exploration of neural network architectures to enhance the accuracy
of text classification, particularly within the realm of natural language processing. The significance of text classification has grown
notably in recent years due to its pivotal role in various applications like sentiment analysis, content filtering, and information
categorization. Given the escalating demand for precision and efficiency in text classification methods, the evaluation and comparison
of diverse neural network models become imperative to determine optimal strategies. The goal of this study is to address
the challenges and opportunities inherent in text classification while shedding light on the comparative performance
of two well-established neural network architectures: Long Short-Term Memory (LSTM) and Convolutional Neural Network (CNN).
To achieve the goal, the following tasks were solved: a comprehensive analysis of these neural network models was performed,
considering several key aspects. These aspects include classification accuracy, training and prediction time, model size,
data distribution, and overall ease of use. By systematically assessing these attributes, this study aims to provide valuable
information about the strengths and weaknesses of each model and enable researchers and practitioners to make informed decisions
when selecting a neural network classifier for text classification tasks. The following methods used are a comprehensive analysis
of neural network models, assessment of classification accuracy, training and prediction time, model size, and data distribution.
The following results were obtained: The LSTM model demonstrated superior classification accuracy across all three training
sample sizes when compared to CNN. This highlights LSTM's ability to effectively adapt to diverse data types and consistently
maintain high accuracy, even with substantial data volumes. Furthermore, the study revealed that computing power significantly
influences model performance, emphasizing the need to consider available resources when selecting a model. Conclusions. Based on
the study's findings, the Long Short-Term Memory (LSTM) model emerged as the preferred choice for text data classification.
Its adeptness in handling sequential data, recognizing long-term dependencies, and consistently delivering high accuracy positions
it as a robust solution for text analysis across various domains. The decision is supported by the model's swift training and prediction
speed and its compact size, making it a suitable candidate for practical implementation.
Keywords: text classification; neural networks; LSTM; CNN; classification accuracy; model comparison; sequential data.

Introduction
- Language
Text classification is an important task in today's Identification
information society, as it allows you to automatically Social Media Spam
. . . Moderation —- Detection
process and classify large amounts of textual information.
This is especially true in the digital revolution, when the - -
amount of text data is constantly growing, and with
it the need for efficient methods of analysing and News *}1'“?1_"“:_'“ Intent
ot classiiication P
. S . . A Categorizat fical Recognit
disseminating information. Text classification is widely Alegorization application ecognition
used in many areas of life, such as medicine, finance, - -
marketing, social media, Internet search, and many -
others, as shown in Figure 1. For example, text Medical Sentiment
classification in medicine can help to automatically Diagnosis Analysis
: : : Financial
determine diagnoses based on patient symptoms - Market )
Analysis

or filter out malicious content on social media [1].
Text classification plays an important role in the

field of natural language processing (NLP) and is central
to other NLP tasks. Text classification helps to determine Fig. 1. Areas of text classification task application

whether texts belong to certain categories or topics

or solve other problems related to the distribution For text classification, various tools are used to

of textual information [2]. achieve a high level of accuracy in this task,
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often combining existing methods that have proven
themselves [3]. First of all, rules and heuristic methods
based on predefined rules and expert knowledge are used.
These methods are especially effective when the data
structure is simple and the relationships between
categories are already known. Machine learning methods
are also used for classification. With machine learning,
you can create models that automatically recognize
patterns in text data and perform classification based on
a set of training data. In this field, methods such
as Naive Bayes, Support Vector Machine (SVM) [4],
Decision Trees, and others are widely used.

Neural networks are a special kind of machine
learning methods inspired by the structure of the brain's
neural network. Neural network models show impressive
results and advantages over traditional methods shown
in Figure 2, such as Naive Bayes, Support Vector
Machine (SVM), Decision Trees, and others, as they
allow to automatically detect internal patterns in text data
and classify with high accuracy, as shown in [5].

* Machine Translation \
* Text Generation

¢ Text Classification

* Summarization
Tasks .

+ Language Identification 4

* Naive Bayes Y
* SVM
* Neural Networks
Text * Random Forest
classification | »

methods * Logistic Regression /

* GPT

* BERT

- CNN

+ LSTM

* FastText
* GRU

Neural network
linguistic
models

Fig. 2. Generalized analysis of the problem area

When
important to choose a neural network model that best

solving text classification tasks, it is

suits the specifics of the task and the needs of the
research. Choosing the best model requires a careful
of different
characteristics to ensure optimal performance and

comparison architectures and their

accuracy. To select the best model, a comparative
analysis of various model characteristics is necessary.

For this analysis, we have selected the following key
characteristics: classification accuracy, learning rate,
prediction rate, model size, data dissemination, and
overall ease of use. In the following, we report on the
comparison of these models based on these characteristics
to find out their effectiveness and suitability for use
in different text classification scenarios.

Analysis of last achievements and publications

Work [6] shows that an important role in improving
classification efficiency is played by the use of Word
Embedding, which allows words to be converted into
vectors of numbers with small sizes while preserving the
semantic connections between them. This enables neural
networks to work with both text and numeric data,
allowing for higher classification accuracy and reduced
computing costs. In addition, in recent years, new
and more powerful methods have emerged, such as
Contextual Embedding, which allow for more accurate
capture of the semantic context of words and sentences.
As an extension of Word Embedding, Contextual
Embedding takes into account the context of each word
in the text and thus allows for a deeper understanding
of textual information using neural networks. These
trends in the use of Word Embedding and Contextual
Embedding in neural network models have become
an important means of improving text classification
results (Table 1).

In addition, some studies emphasize the importance
of achieving state-of-the-art results in text classification
tasks. A high level of accuracy in text classification
can be achieved by using pre-training and fine-tuning
models. Such approaches are becoming more and more
relevant, which increases the variety of applications and
the development of text classification for various tasks.

In our study, we will focus on analyzing and
comparing different approaches using neural networks
for text classification, in particular, we will compare
the performance of models using traditional Word
Embedding [7] and modern Contextual Embedding [8-9].
Such an analysis will allow us to better understand
current trends in this field and identify the most
promising areas of research in text classification using
neural networks.

Comparison of neural network models for text
classification is a critical task that allows us to determine
the most efficient and accurate approaches to specific
tasks. It is especially interesting to compare models based
on Contextual Embedding and static Word Embedding.
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Such a comparison will show the pros and cons of
different approaches to text vectorization and emphasize
the importance of taking context into account when
analyzing text data. A comparative study of neural
network models for text -classification has several
advantages. It allows us to determine which models are
more effective for different types of text data, which
can improve the quality of classification and the accuracy
of the results. Knowing the advantages and limitations
of different models also helps to choose the best
classifier for a particular text classification task.

Table 1. Ways to improve text classification accuracy

However, performing a neural network comparison
can cause certain problems. For example, it may require
significant computing resources and time, as such models
usually have a large number of parameters. It is also
important to choose the right metrics to evaluate the
results and avoid training the models repeatedly on the
same dataset. Taking all these factors into account,
studying the comparison of neural network models
for text classification remains an interesting and
important task that contributes to the development

and improvement of this field.

Strategy

Description

Contextual vectors

Using contextual word vectors such as BERT, GPT, or ELMO to capture context

Model selection

Selecting a suitable classification model, such as Naive Bayes, SVM, LSTM, CNN, etc.

Tuning of hyperparameters

Adjusting hyperparameters to optimize the performance of the selected model

Data augmentation

Generating synthetic data to expand the training set and improve model generalization

Ensemble approach

Combining forecasts from several models to improve overall accuracy

Transfer of learning

Use of pre-trained models and their fine-tuning for a specific classification task

Cross-validation

Evaluating model performance using methods that take into account multiple trials for accuracy

Text preprocessing

character processing

Text cleaning and normalization, redundant word removal, stemming, and special

One of the first known successful applications of
neural networks for text classification was based on the
Convolutional Neural Network (CNN) architecture.
The CNN model [10-11] has been successfully applied to
image analysis, but has also proven to be effective in
processing text data. Using CNNs and Word Embedding,
which transform words into numerical vectors [12—14],
impressive results have been achieved in text
classification tasks, in particular in determining the tone
of the text. However, recent trends indicate that there
are more powerful and flexible approaches to text
classification, including Contextual Embedding. Models
such as Transformer, BERT, or GPT are very popular in
the world of applied machine learning because they can
analyze texts in context, taking into account the semantic
relationships between words and sentences.

As a first step, we empirically compare the
performance of contextual embeddings with classical
embeddings such as word2vec [15] and GloVe [16].
Contextual Embedding is a type of Word Embedding in
which the vector values take into account the context in
which the words appear in the text. This gives you a more
accurate representation of the word depending on the
context. Context-aware neural network models, such as
BERT (Bidirectional Encoder Representations from
and GPT Pre-trained

Transformers) (Generative

Transformer), can achieve high results in various
classification tasks. On the other hand, static Word
Embeddings [2], such as Word2Vec and GloVe, assign
a fixed vector to each word that is independent of context.
These models work well for many tasks, but do not take
into account semantic dependencies between words
in a sentence, which can lead to less accurate text
classification results.

For this reason, we analyze the impact of using
Contextual Embedding on text classification accuracy.
Using this analysis, we can evaluate how effective
Contextual Embeddings are compared to traditional static
Word Embeddings in various classification scenarios.
They check whether contextual vector representations
provide better results and more accurate classification,
especially in complex and diverse text data analysis
scenarios. This approach allows us to understand which
word vectorization methods are more effective for
different types of textual information and helps to draw
conclusions about the advantages and limitations of each
approach in text classification tasks.

The purpose of this study is to conduct
a comparative analysis of two important neural network
architectures — Long Short-Term Memory (LSTM) and
Convolutional Neural Network (CNN) — to provide
recommendations for the selection of a neural network
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linguistic classifier. The study includes an analysis of
various aspects of both models, including classification
accuracy, training and prediction time, and model size,
taking into account three different training sample sizes.
For applications in areas such as news and content
classification, reviews and testimonials classification,
social media analysis, and others.

To achieve this goal, the following key tasks must
be solved, which are discussed in detail in this study:

— analysis of the problem area and justification
of the relevance of the topic;

— comparative analysis of existing text corpora;

— formulation of criteria and requirements for neural
network classifiers;

— performing experimental studies on samples of
different sizes to compare the training and prediction
time, prediction accuracy, and model size when using
LSTM and CNN neural network models as a classifier;

Table 2. Text bodies for text classification in NLP tasks

— analysis of the obtained results;
— justification for choosing the most effective model.

Materials and methods

There are many different corpora for training text
classification models that have become an important
resource for research and applications in the field of
natural language processing [17, 18]. These corpora
represent different types of text data from different
sources and cover a wide range of topics. To ensure
a successful comparison of neural network models for
text classification, it is important to carefully select
an appropriate corpus that meets the research goals and
task characteristics. The most popular cases include the
ones listed in Table 2: IMDB corpus, Reuters news
PubMed
sentiment analysis corpus.

corpus, scientific article corpus, Twitter

Ne Corpus

Description

Classification task

1| IMDB corpus and negative categories

Contains movie reviews from IMDB, divided into positive

Binary text classification
(positive/negative reviews)

2 | Reuters news corpus

Contains news articles organized by topic

Categorical classification of texts

PubMed scientific

articles corpus categorized by topic or importance

Contains scientific articles from medical sources

Categorical text classification

Twitter sentiment

analysis corpus (positive, negative, or neutral)

Contains Twitter messages categorized by sentiment

Sentiment classification in
short texts

Given the complexity of the text classification task
and the desire to perform a qualitative comparison of
neural network models, it was important to choose
a suitable corpus for training the models. The most
convenient and suitable corpus for our research purposes
was the IMDB corpus.

The reasons for choosing the IMDB corpus are its
diversity, accessibility, and representativeness. Due to the
large amount of data, IMDB can provide a sufficient
number of examples for training and testing models,
which is important for reliable comparison of their
performance. In addition, IMDB contains textual reviews
with emotional coloring, which is an important feature for
solving the binary classification task. Another important
advantage of IMDB is its accessibility, which allows
researchers from all over the world to use this corpus for
their studies. This contributes to the wide applicability of
the results and the possibility of comparison with other
scientific studies. In addition, the variety of text lengths
in the IMDB corpus allows testing the ability of models
to work with sequences of varying complexity and length,

which is crucial for realistic analysis of neural network
performance on a variety of input data.

The results of the comparison of neural network
models for text classification find application in many
promising areas and tasks, such as:

1. Sentiment analysis of product and service
help understand

reviews — this will companies

customer satisfaction, identify problem areas, and
improve their products.

2. Content classification in web services — this will
help organizations and platforms automatically filter
content to ensure safety and a positive user experience.

3. Emotion analysis in social media — this will
help to understand the reaction to news, events
and publications, which is important for advertisers
and marketers.

4. Monitoring brands and companies to track and
analyze public opinion, helping managers respond to
changes in the perception of goods and services.

Analyzing the accuracy and effectiveness of

different approaches is an important step to better
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understand the potential advantages and limitations of
contextual embedding compared to traditional methods.
This data can serve as an important guide in choosing
the optimal model for specific text classification tasks.
The goal of our research is to improve the quality
and accuracy of classification results and to contribute
to the development and implementation of new methods
in this field.

Choosing the right neural network architecture is
an important step in solving the text classification
problem. The appropriate architecture can affect the
efficiency and accuracy of the model in the text
task  from  different

classification perspectives.

The architecture of a neural network determines how it
solves the problem of analyzing text data. Different
architectures may have different approaches to pattern
recognition, word dependency detection, and interpretation
of textual information. The right architecture can help
solve specific problems in the text classification task and
provide more accurate and reliable results. In this study,
we chose two popular models for comparative analysis:
Network (CNN)
Short-Term Memory (LSTM), because these networks

Convolutional Neural and Long
represent two different approaches to analyzing text data
and have their own features that can be useful for

different types of texts and classification tasks (Table 3).

Table 3. Comparative analysis of LSTM and CNN models for text classification

Characteristics LSTM Model

CNN Model

Basic architecture

Recurrent neural network with LSTM layer

Convolutional neural network with ConvlD
layers

Typical tasks Analysis of sequential data, text data

Analysis of sequential data, images

Features

Takes into account the context of word dependencies

Detects local patterns in data

Learning algorithms

Backward error propagation, Adam optimizer

Back propagation of error, Adam optimizer

Activation functions Tanh, Sigmoid

ReLLU

Memory usage

Uses short-term and long-term memory

Does not use memory

Application

Sequential text analysis, language translation

Image, video analysis

Implementation libraries TensorFlow, Keras

TensorFlow, Keras

The CNN model is unique and specialized for
recognizing patterns in images, but it can also be
successfully used to process text data, where it recognizes
local dependencies and important features of the textual
context. On the other hand, the LSTM model is a part of
recurrent neural networks and has the ability to store and
use information from previous steps, which allows it to
work efficiently with sequential data, especially text
sequences, and take into account the context in texts.

In order to make the right choice of a neural network
linguistic model for classifying input texts in future studies,
this section presents the results of a comparative analysis of
the selected models according to the following criteria:
classification accuracy, training speed, prediction speed,
model size, data distribution, and overall usability.

Accuracy is an important indicator for determining
the performance of classification models. This characteristic
measures the proportion of correct predictions made by
the model out of the total number of predictions.
In our experiment, accuracy allows us to understand
how accurately the selected models identify positive
and negative reviews.

Learning and prediction times are important aspects
when implementing neural models. The learning rate

indicates the time it takes for the model to adapt to the
data during training. It can affect the overall training time
of the model. Prediction speed indicates the time it
takes for the model to predict new input data. In our
study, we measure these parameters for each architecture
and sample size to understand which model can be more
efficient in terms of computational complexity.

Model size reflects the number of parameters used
to hold information in the model. In our experiment,
we can use this metric to understand which architecture
has more parameters to store information. A large model
size can affect memory and computation requirements.

By comparing two models based on data
distribution characteristics, we evaluate how well each
model adapts to different types of data. Possible changes
in the distribution can affect the training results, as
certain models may be more sensitive to changes in the
data distribution. In our experiment, this metric is used
to understand how well each model is able to generalize
the knowledge gained during training to new and
unknown data. It is important to keep in mind that
real-world data that a model encounters in solving
practical problems may contain variations and diversity.
Thus, the importance of adapting to different data
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distributions emphasizes the need to choose a model that
demonstrates stable and reliable performance even under
variable input conditions.

The importance of evaluation parameters and
metrics lies in their ability to provide an objective and
complete assessment of model performance. The accuracy
rating helps to understand which of the architectures
is better at solving the classification task. Measuring
training and prediction time gives us an idea of how fast
the models work in real time. Model size is important
in practical applications where computing resources
may be limited.

In addition, the experiment investigated the effect
of the training set size on the time to obtain the
result, namely

e Small Training Set. In this case, lower-level
computing resources were used, which are characterized
by limited capacity and processing of a limited amount
of data;

e Medium Training Set. For this category, medium
computing resources were used, which allowed working
with a larger amount of data and provided higher
computing power;

e Large Training Set. To ensure the efficiency of
calculations, powerful computing resources were used
in this case, which allowed us to process large amounts
of data quickly and efficiently.

By analyzing the experimental results and
considering the impact of the computing base on the
performance of models for different training set sizes,
we can understand the importance of the role of
computing resources in determining the efficiency of
neural networks under different operating conditions.

The results allow us to better understand how computing
resources affect key model characteristics, such as
training time, prediction time, and classification accuracy.
This analysis helps to select the most efficient models
for specific work scenarios. For example, for tasks with
limited computational resources, it may be important
to favor models that perform best under constrained
conditions. On the other hand, if there is a lot of
computing power available, it may make sense to use
more sophisticated models with higher accuracy and
the ability to adapt to different types of data.

In the Results section, we present detailed results
obtained during the experiments with LSTM and CNN
The
conducted with three different sizes of training samples:

text classification models. experiments were
small (1000 samples), medium (10000 samples), and
large (50.000 samples). Table 4 shows the results
of the comparative analysis of two models — Long Short-
Term Memory (LSTM) and Convolutional Neural

Network (CNN) — for different training set sizes.

Research results

All models presented in Table 4 were trained on the
same hardware computing platform with the same
characteristics. This ensured an adequate comparison of
model performance, as the possibility of hardware
differences affecting the
In addition, the
all experiments. The dataset was divided into training

results was excluded.

same input data was used for
and test sets, ensuring an even distribution of classes
in each set. This helped to avoid bias in the results

due to class imbalance.

Table 4. Results of comparative analysis of LSTM and CNN models on different sizes of training samples

Model/Sample size Training time Prediction time Training Accuracy Model size
(sec) per sample (sec) accuracy on test data (parameters)
LSTM Small Training Set 144.22 0.00173 0.8860 0.7288 689.473
CNN Small Training Set 143.05 0.00140 0.7500 0.5002 804.225
LSTM Medium Training Set 272.19 0.00171 0.9346 0.8377 689.473
CNN Medium Training Set 188.91 0.00139 0.9877 0.8422 804.225
LSTM Big Training Set 483.21 0.00173 0.9489 0.8705 689.473
CNN Big Training Set 443.11 0.00099 0.9848 0.8652 804.225

The data preprocessing methods shown in Figure 3
were also identical for both models. This allowed us
to create a common initial context for all models and
compare their performance under the same conditions.
This approach to conducting experiments helped to
avoid biases when comparing different models and

ensured objectivity in choosing the most effective
neural network classifier.

The table shows the metrics such as training
time, inference time on a single sample, training
accuracy, testing accuracy, and model size for each
of the training sample sizes. These results help us
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to better understand how different models respond To better understand the results of the study and
to different conditions and data sizes, which may comparative analysis of LSTM and CNN models in
indicate their effectiveness and suitability for specific the context of text classification, we present Figure 4,
text classification tasks. which illustrates the key indicators of each model.

Fig. 3. Generalized requirements for the experiment

Fig. 4. Comparison of LSTM and CNN models on different sizes of training samples
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The graphs allow you to quickly evaluate the
performance of each model based on various aspects
such as training time, prediction time, and classification
accuracy. The graphs show results for three training
sample sizes: small, medium, and large. Each graph
shows the training time and classification accuracy
for LSTM and CNN models on their respective training
sets. This
performance of both models depending on the size

approach allows you to compare the
of the training set and the computing base.

The analysis of experimental results provides
an understanding of the performance and properties
of LSTM and CNN models in the context of text
classification. It is important to note that the LSTM
model demonstrates competitive accuracy at different
training set sizes, which indicates its ability to analyze
long-term dependencies in text data. On the other
hand, the CNN model shows improved performance
as the training set size increases, indicating its
effectiveness in recognizing local features and patterns.
In addition, different training and prediction times
provide insight into the computational efficiency of
each model. In general, the CNN model shows faster
training times, especially with large training samples.
On the other hand, the LSTM model shows stable
performance with different training sample sizes.
In terms of model size, both LSTM and CNN have the
same number of parameters regardless of the training
sample size. This aspect emphasizes their scalability

for different amounts of data.

Conclusions

Given the results of our study, we chose the Long
Short-Term Memory (LSTM) model for further
experiments in text classification. This decision is
based on several important factors that confirm the
advantages of LSTM in this context:

1. LSTM is a recurrent neural network specially
designed to work with sequential data such as text.
This allows it to recognize complex relationships and
dependencies between words in a text, which is crucial
for accurate classification.

2. One of the key advantages of LSTM is its
ability to identify long-term dependencies in sequential
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OBIPYHTYBAHHS BUBOPY
HEMPOMEPEKHOT'O JIHI'BICTUYHOI'O KJIACH®IKATOPA

IIpenmeroM cTATTi € [OCHIMKCHHS apXiTeKTypH HEHPOHHHMX MeEpex [Uisi MiJBHUIICHHS TOYHOCTI Kiacudikamil TeKcTy,
30kpeMa y cdepi o6pobneHHs nmpupoaHol MOBH. 3HaueHHs Kiacu(ikamii TEKCTy MOMITHO 3pOCIIO B OCTAaHHI POKH, LIO IMOB’s3aHO
3 i KJIIOYOBOIO POJUIIO B Pi3HMX IpOrpamax, 30KpeMa aHalli3 HajJallTyBaHb, (inbTpamis BMICTYy Ta Kareropusauis iHdopmarii.
3 ormsny Ha 3pOCTaHHS IONMUTY HAa TOYHICTh Ta €()EKTHBHICTH METOHIB Kiacu@ikamii TEKCTy, OLIHIOBaHHS Ta IOPIBHSIHHSI
pI3HOMaHITHHX  MoOJeJeld HEHpPOHHMX MepeX CTaloTh OO0OB’S3KOBUMH Ui  BU3HAUCHHS  ONTHMAJIBHUX  CTparteriil.
Mertoro nocaigKkeHHs € TOPIBHSUIBHUN aHAJ3 JBOX BaXXIMBUX apXiTEKTyp HEHPOHHHX MEpeX — JOBrOCTPOKOBOI KOPOTKOYACHOT
nam’sti (LSTM) Tta 3ropTtkoBoi HelpoHHOI Mepexi (CNN) — minst ¢GopMyBaHHS pEeKOMEHAAIH MI0J0 BHOOpPY HEHpoMepexHOro
JMHrBiCTHYHOTO KiacudikaTopa. J[msg mocsrHeHHS MeTH OyinH pO3B’si3aHI Taki 3aBAAHHSA: TIPOAHATI30BaHO MpPOOIEMHL
chepu, 30KpeMa OOTPYHTYBAaHHS aKTYalbHOCTI TEMH, IOPIBHSAHHS HAasBHUX TEKCTOBHX KOPIIyCiB; c(opMOBaHO KpHTepii
Ta BHUMOTH JO pOOOTH HEHpOMEpeKHHUX Kiacu(ikaTopiB; MPOBEICHO MOCTIHKEHHS Ha BHOIpKax pI3HUX pPO3MIpIB 3 METOIO
MOPIBHAHHSA 4Yacy HaBYaHHA Ta IHependadeHHs, TOYHOCTI mepenbaueHHs B Mpoleci BUKOPHCTAHHA HEHpPOMEpPEKHUX
mozeneit LSTM i CNN sk knacudikaropa; mpoaHaii3oBaHO 3400yTi pe3yibTaTi; oOrpyHTOBaHO BHOip HalleeKTHBHIIIOI MOJEII.
OIiHIOBaHHS TaKUX IIApaMeTpiB, SK TOYHICTh KiacHikaiii, yac HaBYAHHS Ta MPOTHO3YBAHHSA, PO3MIP MOJEIi, PO3MOILT
iH(popMalil Ta IPOCTOTa BUKOPHCTAHHS, HaJa€e OOIPyHTOBAaHI MOKA3HUKH INPO TepeBard i HEJONIKM KOXKHOI MOAENi Ta Jae 3MOry
JOCITIIHMKAM 1 MpaKTHKaM NpUEMAaTH PillIeHHs 100 BUOOPY HEHPOMEPEkKHOTo JIHIBICTUYHOrO KilacudikaTtopa. 3acTOCOBAHO Taki
MeTOIH: TONepeHe 00poOIeHHsT TeKCcToBOi iH(popmallii (METOAM TOKEHi3allil, BHIYYEHHS CTOI-CIiB), BEKTOPH3allil TEKCTY,
HEWPOMEpEe)KHI METOIM aHali3y BXIJHUX MJaHHWX, CTATHCTHYHI Meronu. 3m00yTO KOHKpeTHI pe3yiabraTtH. Monens LSTM
MPOJEMOHCTpYyBaa BHUILY TOYHICTH KJIacHQikamil I BCIX TPhOX po3MipiB HaB4anbHOI BHOIpkH mopiBHAHO 3 CNN. Ile moBomuts
3natHicTs LSTM edekTHBHO amanTyBaThCS OO Pi3HUX THINB iH(opmamii Ta cTabiNbHO MiATPHMYBaTH BHCOKY TOYHICTH, HAaBITH
i3 BenWKMMH oOcsraMH maHuX. KpiM TOro, HOCHiDKEeHHS MOKa3ajao, IO OOYMCIIOBAJbHA MOTY)XHICTh 3HAYHO BIUTHBAE
Ha TPOJIYKTUBHICTH MOZAETI Ta HEOOXiIHO BPaxOBYBAaTH JOCTYIHI pecypcH y BHOOPI Mozeni. BucHoBKH. 3 orisigy Ha pe3yibTaTH
nocmipkeHHst LSTM-Monens BU3HAHAa KpaliuM BHOOpOM JUIs Kiacudikamii TekcToBoi iHdopmanii. BripaBHicTh 3a3HaueHoi Mozpemi
B 00OpoOJIEHHI TOCIIZJOBHUX OaHWX, PO3IMi3HABAaHHI JOBrOCTPOKOBHX 3AJIEXKHOCTEH 1 cTabiIbHOMY 3a0e3MedYeHHI BUCOKOI TOYHOCTI
no3uLioHye ii sk HajiliHe pillIeHHs Ui aHaji3y TekcTy B pi3HUX cdepax. llIBuake HaBuaHHS, e(pEKTHBHICTH MPOTHO3YBaHHSI
Ta KOMIIAaKTHHH po3Mip MoJesi poOusiTh 11 MPUAATHOIO ISl TPAKTHYHOTO 3aCTOCYBAHHS.

KoarouoBi cioBa: knacudikamis Tekcty; HeWpoHHI Mepexi; LSTM,; CNN; TouHicTh Kiacudikariii; MOpiBHSIHHSI MoAenei;
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O. KAPATAE€B, /1. CUTHIKOB

METO/J ITIOBTOPHOI'O BUKOPUCTAHHS 3HAHb
Y ®OPMI JIOI'TYHUX PIBHAHD

Ipenver nocaigkeHHss — mporecu MOOYJOBH Ta IOIMOBHEHHS (a3 3HAHb, MOBTOPHOTO BHUKOPUCTAHHS 3HAHb, 1 CTBOPCHHS
MPOTrpaMHUX CHUCTEM Ha OCHOBI 0a3 3HaHb, IHTEpHpETAaLlis 3HaHb K OJHH i3 MIAXOMIB JO MOBTOPHOTO iX 3aCTOCYBaHHS, IO HOJIATAE
y BUBCJICHHI HOBHMX 3HaHb Ha OCHOBI HasBHHX (akTiB y 0a3i 3HaHb. MeTa JOCJiXKEHHSI — PO3POOJICHHS METOLY MOBTOPHOTO
BUKOPUCTAHHA 3HAHb 3a JIOMIOMOTOK) BUPINICHHS JIOTIYHUX PIBHSIHb CKIHYCHHHWX MPEAMKATIB JUIA IEBHOI MPEIMETHOI ramysi.
JInst MOCSITHEHHSI TIOCTaBJICHOI METH BH3HAYEHO TaKi 3aBAAHHSA: JOCTIIUTH NECKPUITHBHI MiIXOAH IO JIOTIYHOTO MOJCIIOBAHHS
MpeIMETHOI rany3i, 0 Jal0Th 3MOTY MOBTOPHOTO BUKOPHUCTAHHS 3HAaHb, 33[aHUX CHCTEMOIO JIOTIYHUX DPIBHSIHb y MeXax aiareopu
CKIHYCHHHMX MpEeIUKATiB;, pO3pOOMTH METO] MOMOBHEHHs 0a3u 3HaHb y (GopMi MpeIUKAaTHUX PIiBHSIHB 32 JOIOMOIOI BHIIYYCHHS
3MIHHUX i3 JIOTIYHUX CHCTEM, JI¢ PIBHSHHS € CKJIaJHAUMU JIOTIYHUMH 3B’ 3KaMU MK TUCKPETHUMH O3HaKaMu 00’€KTiB a00 MpOIIECiB.
Bukopucrano Taki Meroau: aireOpa CKiHYEHHHMX NpEIUKaTiB, KBAaHTOPHI Omepawii 3 NpeauKaTaMd AJs iHTephpeTauii 3HaHb.
3100yT0 Taki pe3yJbTATH: INPOAHATI30BaHO NECKPUITHBHI METOAM IIOBTOPHOTO BUKOPUCTAHHS 3HAHB; 3alPONOHOBAHO METO
MIOTIOBHEHHS 0a3W 3HaHb y (opMi JIOTIYHHX PIBHSHH 3 METOIO CIPOIICHHS IMOJANBIIOT0 BHKOPHCTAHHS HESBHHX 3B’S3KIB MiX
JMCKPETHUMH O3HAKAMH;, PO3TIISIHYTO MPUKIIAJ MOMOBHEHHS 0331 3HAHb MEAMYHOI rajys3i, 0 A€ 3MOry IOBTOPHOTO BUKOPUCTAHHS
3HaHb, 33[JaHUX HEsIBHO. BHCHOBKM. 3anponoOHOBaHHI METOZ [a€ 3MOTYy MOIMOBHIOBaTH 0a3y 3HaHb y (OpMi JIOTIYHUX PiBHSHB
Croco0OM J0IaBaHHs HPEIUKATHUX PIBHSHB, IO IOB’S3yIOTh OKpeMi HAOOPH IUCKPETHHX 3MIHHHX, SIKi I[IKaBJIATh yYEHOro abo
nmpakTuka. MeToJl MOMOBHEHHST 0a3W 3HaHb OCHOBAaHWU Ha JIOJaBaHHI HOBHX CIIPOIICHUX PIBHSHB; CIIPOIICHI MPEIUKATHI PiBHIHHS
MO/JIETTIOIOTh JIOT19HI 3aKOHOMIPHOCTI, 1[0 HESIBHO MICTATHCS B OCHOBHIH 0a3i 3HaHB; MPOBEACHO EKCIIEPUMEHTAIBHE JOCIIIPKECHHSI.

KurouoBi cioBa: mporpaMHa iH)keHepis; 0a3sd 3HaHb;, MOBTOPHE BUKOPHCTaHHS 3HAHb; anredpa CKiHYEHHHX IPEIHUKAaTiB;
JIOTi4HI PIBHSHHSI.

Beryn OGarato pa3iB  BHKOPHUCTOBYBaTH Taki  CIIPOILICHI

3aJeXHOCTI 0e3 HEeOoOXINHOCTI aHai3yBaTH CKIAIHY
HOBTOpHe BUKOPUCTaHHA 3HaHb € aKTyaJlbHUM
nporecy
3HAHb Ha

CHUCTEMY 3 HECYTTEBUMU JUCKPECTHUMU 3MIHHHUMH.

MUTaHHSIM, W0  CTOCY€EThCS o0y T0BH MeTta fdocimKeHHS — PO3POOJICHHS METOIy

Ta IIONOBHEHHS 0a3 OCHOBI aHanisy MNOBTOPHOI'O  BUKOPUCTAHHA 3HAHb 3a JOIIOMOI'ORO

Ta TMEPEeTBOPCHHS HAsIBHUX 3HaHb. OJHAK MOBTOPHOTO
BUKOPHCTAaHHS 3HaHb He BiJI0yBa€Thcsi abo0 MpUHAWMHI
OakaHi  pe3yibTaTH HE  JOCATAIOTHCA.  3a3BHYAil
MPUIYCKAIOTh, 110 SK TiJIbKH 3HAHHA OYAYyTh HAJIC)KHUM
9UHOM  30€peeHi, IX TOBTOPHE  3aCTOCYBaHHS
BimOymeTscsi aBTOMaTHuHO. OTXKE, NHUTaHHA, Ha SKE
MOTPIOHO BINMOBICTH, TONIATa€ B TOMY, SK MOXKHA
cTBOpIOBaTH 0a3u 3HaHb, 100 X Hamam e(QEeKTHBHO
BUKOPHCTOBYBaTH. JJyIsl 11bOr0 HEOOXiTHO MpoaHasi3yBaTH
CHCTEMH TIOBTOPHOTO 3aCTOCYBaHHS 3HaHb, 3alPOIIOHYBATH
MiAXiA II00 CTBOPSHHS Oa3W 3HAHb Ta OIIIHUTH
3aIpOINIOHOBAHE PillICHHSI.

IIpo6aemMa OBTOPHOTO BUKOPUCTAHHS 3HAHB OO0
mpeaMeTHOl ramy3i, ae 0Oarato TUCKPETHHX O3HaK

10B’s3aH1 CKJIaJTHUMHU JIOTTYHUMH 3aJIC)KHOCTAMMU,

SIKI BaXKKO PO3IJISIHYTH B sIBHIM ()OpMi, MOJArae B TOMY,
00 BHKOPHUCTATH HESBHI 3B’SI3KM MK JHCKPECTHUMU
NpeAUKATHAMH 3MIHHUMH Ui T[OJAHHS  I[UJIOBUX
JIOTIYHMX 3B’SI3KIB y ABHiM ()OpMi 3 METOIO CIIPOILICHHS

HasBHUX JIOTIYHHX 3ajexxHocTed. lle mae matm 3mory

BUPIIICHHS JIOTIYHUX PIBHSHb JUIS TEBHOI HPEAMETHOI
ramy3i. MeTox TmOMOBHEHHs 0a3W 3HAaHb Mae OyTH
OCHOBaHMH Ha J0JIaBaHHI HOBHMX CIIPOILIEHUX DPIBHSHb,
[0 HESIBHO MICTSTHLCS B OCHOBHIl 0a31 3HAHb; JOCIIIUTH
MPOIIEC CHPOLICHHsSI MOBTOPHOI'O BHUKOPHCTaHHS 3HaHb
3aB/SIKM JO/IaBaHHIO OUTBII TPOCTHX PIBHSAHBL 10 0asu
3HaHb. JlJIs1 TOCATHEHHS! MOCTABJICHOI METH MaloTh OYTH
BUKOHAHI TaKi 3aBOAHHSA: [OCTIIWATH JECKPUITHUBHI
MAXO0AM 10 JIOTIYHOTO MOJICNTIOBaHHS IIPEIMETHOI raysi,
0 Jaf0Th 3MOTY HOBTOPHOTO BHKOPHCTAaHHS 3HaHb,
3aJ]aHUX CHCTEMOIO JIOTIYHUX PIBHSHb y MEXaX alreopu
CKIHUCHHHUX IIPEIUKATiB, IO € y3arajJbHEHHAM aiureopu
JIOTIKH; 3MiHHI, SIKI MICTHTh CHCTEMa JIOTIYHUX PIBHSHB,
MaloTh NpUIMaTH 3HA4YEHHSA 31 CKiHYEHHHX anaBiTiB;
pPO3pOOMTH METOJ MONOBHEHHS 0a3u 3HaHb y (opmi
NIPEAMKAaTHUX PIBHSHb 3a JIOTIOMOTOIO0  BIJIYYEHHS
3MIHHHX 13 JIOTIYHUX CUCTEM, JI¢ PiBHSIHHS € CKIAIHUMH
JIOTIYHUMH  3B’SI3KAMHM MK JUCKPETHUMH O3HaKaMu
00’exTiB a00 MPOIECiB;, METO| ITOMOBHCHHS 0a3u 3HAHb
Mae OyTH OCHOBaHMH Ha JO/aBaHHI HOBUX CIIPOIIEHHX
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piBHSIHb, OTPHUMAaHHMX [JEAyKTHBHHM  METOJIOM i3
3aCTOCYBaHHSM  KBaHTOPHHMX  Ollepalliii;  CIpoIIeHi
MpeIuKaTHI PpIBHAHHSA MAlOTh MOJEIOBATH JIOTidHI

3aKOHOMIPHOCTI, 1[0 HESIBHO MICTSTBCS B OCHOBHIN 0a3i
3HaHb; JOCIIAUTH HA MPUKIAT MEAUIHOI TiarHOCTHKH,
ne kinacugikalis rpymny pU3HKIB CIPOLIYETHCS 3aBISKU
JIOJTAaBaHHIO OULTBII TPOCTUX PIBHSAHBb 1O 0a3W 3HAHb,
MOJICTIIYIOYH MPOIEC MOBTOPHOTO BHKOPHCTAHHS 3HAHB,
3aJ[aHUX HESBHO CUCTEMOIO TPEIUKATHUX PiBHSIHb.

AHaJi3 npobdaemMu

Sk rinka CHUMBOJIIYHOTO IITYYHOTO 1HTEJEKTY,
NOJAHHSA 3HAaHb 1 JIOTIYHE BUBEICHHS CHPSMOBaHI Ha
MPOEKTYBAaHHS MPOTPAaMHOTO 3a0e3NeYeHHs] CHCTEM, IO
IHTepIpPETYIOTh MOJAaHHS CBITY, CXOXe Ha IHTepIIpeTaIliio
monuHu. CucTeMH, OCHOBaHI Ha 3HAHHAX, MalOTh
00YHCITIOBAIEHY MOJIENb TIPEIMETHOI Taly3i, 1€ CHMBOIHU
BIZIrpaloTh poJib apTe(akTiB peabHOrO CBITY, TAKHX SIK
(hizmuHi 00’ €xTH, oIl Ta BigHOCHHU. [IpenMeTHa ramys3n
MOX€E OXOIUTIOBaTH OyJIb-SKy YacTHUHY PEaJbHOIO CBITY
a00 TIMOTETHYHY CUCTEMY, IIOJIO SIKOi € OaykaHHS IOJaTH
Ta IHTEpIpPETYBaTH 3HAHHSA Ui LUIEH NPOEKTYBaHHS
BiJIIOBiTHUX MPOTPAMHIX CHCTEM.

VY 0aratb0X CydYaCHHX JOCHIJHUIBKHX poOoTax
aHAN3YIOTBCS TEOPETHYHI Ta TPAKTHYHI AaCIEKTH
okpecieHoi Temu [1, 2]. upoxuil cnekTp MoxIUBOCTEH
MOBTOPHOTO BUKOPHUCTAHHS 3HAaHb JUIA MiJABUILECHHS
e(heKTUBHOCTI PO3POOJICHHS MPOTPAMHOTO 3a0e3MeUeHHS
3arponoHoBaHo B poborax [3, 4]. OCKiIBKH TOBTOpPHE
BUKOPHCTAHHS 3HaHb € OJHUM 13 HalBa)KJIMBIIINX €TaIliB
MpoIlecy YUpaBIiHHA 3HAHHAMH, Y JITEpaTypi MOKHA
3HAMTH KUIbKa JOCHIDKEHb Ipo uel eran [5]. Kommnawii B
YChOMY CBITI BHTpayarOTh 4Yac, 3yCHIUISL Ta TpPOII,
HaMaral4uch 3aIy4ydTH Hale(EeKTHBHIII CHUCTEMH
YIPaBITiHASA 3HAHHSMI. PO3TIIAI0TECS HE JIMIe porpaMHi
3aco0u, a i KyJIbTypHI Ta CTpATETi4HI aCTIEKTH.

[ToBTOpPHE BWUKOpPWCTAHHS 3HaHb B iH(OPMAIIHIX
CHCTEMaXx YacTO OMHUCYETHCS IECKPUITUBHUMH JIOTIUHUMHU
MoBamu [6, 7]. JleckpunTHBHHN WiAXix Hacamrepen
HaJISKUTD 710 (OpPMai3MiB JIOTIKH NPEIUKATIB MEPIIOro
nopsiaKy. Moro BakIMBICTH BMILIMBAa€ 3 TOro (akry,
mo 3aebumpmoro  Bci  (opmaiisMH  CHMBOJIIYHOTO
MONAHHA 3HAaHb MOXYTh OYTH 3BeleHI [0 JIOTiKH
NpeAMKaTIB MEePIIOoro NopsAKy. JIorika nepuioro nopsaky
BIATBOPIOE CYTHICTh MHCIICHHS JIIOIMHH BBEACHHSAM
MOHSATTSL JIOTIYHOTO MiJICYMKy. BoHa Takox Jae 3mory
BBOJIMTH TOHATTS YHIBepCAIbHOI MPaBHIBHOCTI B TOMY
CEHCI, 110 JIOTIYHEe TBEP/PKEHHSI MOXKe OYyTH NMpaBUIBHUM
HE3aJICKHO Jloriuanit

Bil OyAb-IKHX TIEPEIyMOB.

MICYMOK Ta yHiBepcallbHa MPaBHIBHICTH MOXYTh OyTH

ONMMCaHi B  TEpPMiHAX  MOJICJIFOBAHHS  CEMaHTHKH
TBEpIKeHb. MoIeb AJIs JIOTIYHOI TeOopii OMHCye YMOBH,
3a SKMX Teopis TpaBwibHAa. JloriyHud miACYMOK
€ TBEPDKEHHSIM, TPaBUIBHUM JUISL BCiX Mojeneil Teopil.
Jani JenmyKTHBHE BUBEICHHS IOSICHIOE, SIK MIACYMKH
BUBOJITHCS 3 Teopil. JleayKiis Jae AOCTYN 10 3HAHb,
IO HESBHO IMOJaHi B Teopil. Y TepMiHaX NpeAnKaTHUX
piBHsHB [8] 1Ie 03HAYaE, M0 PO3B’A3aHHS PIBHIHHSA MO0
HEBIIOMHMX 3HAY€Hb 3MIHHUX YM BIJHOILIEHL MIX HUMU
Jla€ HaM JIOJIATKOBI 3HAHHS, HE MOJaHI B SIBHOMY BHUIJISII
B CHCTEMI piBHsSIHb 0a3u 3HaHb.

JonaBaHHs crocoboM

PiBHSIHB,  OTpPHMaHHX

JETYKTUBHOTO BHBEJCHHS 3 HasBHOI 0a3u 3HaHb,
€ TIOIIOBHEHHSM 0a3W 3HaHb Ta YMOJXIIMBIIOE NOBTOpPHE
BUKOpDHCTaHHS 3HaHb. lle Mae Oarato mNpPakTHYHHUX
mepeBar, 30KpeMa IiABHIIECHHS e(QEeKTHBHOCTI, SIKOCTI
Ta IHHOBALIMHOI IISUTBHOCTI, 3MEHIICHHS BUTpAT YacCy
i pecypciB, a TaKOXX CIIPHSHHS HAaBYAHHIO Ta PO3BHUTKY.
[pobnemu MOBTOPHOTO BUKOPUCTAHHS 3HAHDb MAIOTh BENMKE
3HAUYCHHS I PI3HUX raly3edl HayKH Ta IPaKTHKH.
Cucrema JIOTIYHHMX TIPEIUKATHUX PIBHSAHb 3JlaTHA
3aCTOCOBYBATH 3HAHHS NPEIMETHOI Tamy3i, OTpHUMaHi 3
MEHIIOI MpobjeMu, A0 OUIbII CKIAIHUX MpobieM Tiel
camoi abo CrHopimHeHol Tady3i, aje Hapasi IepeBaXKHIH
OIJIBIIIOCTI JIOTIYHUX Ta EBOJIOLIHHUX OOYMCIIOBAJILHUX
METOJiB HE BHCTauae i€l 37aTHOCTI. BiacyTHicTh

3IATHOCTI 3acTOCyBaTW BKe HaOyTi 3HAHHS MO
NpEeIMETHY Taly3b NPU3BOJNUTH O CIIOKHMBAHHS OiIbIIOL
KIUJIBKOCTI pecypciB 1 yacy JUisi BUPILIEHHS CKJIaJHILIINX
mpobieM mpenMeTHOi Tamy3i [8]. 3amexxHO Bim TOTO,
sK mpoOiiema 30UIBIIYyEThCS B PO3Mipax, il cTae BaXKKo,
a 1HOAI HAaBITh HEMPAKTHYHO (AKIIO HE HEMOXKIIMBO)
pecypciB i

Tomy HeoOXifHa cHCTeMa, IO Ma€ 3/IaTHICTH IMMOBTOPHO

pO3B’si3aTH  4epe3  BIACYTHICTh yacy.
BUKOPHCTOBYBATH OTPUMaHi 3HAaHHS IIPO NPOOJIEMHY
ramysb U1 MacTaOyBaHHS B i Tamy3i.

Cucrema, OCHOBaHA Ha 3HAHHAX, MIATpUMYE 0asy
3HaHb, M0 30epirac CUMBOJHM OOYHCIIOBANBFHOI MOZEIi
y (opMi TBEpMKCHb IIOAO Taiy3i, sSKa pPO3TIISAAETHCA.
VY mamriit  cutyamii  mi

TBEPHKEHHA 3aIUCYIOTBCA

SK  pIBHAHHA  anreOpy  CKIHUYCHHUX  IPEIUKaTiB.
Taka cucreMa 3IMCHIOE JIOTIYHI BUBEAEHHS 3 HasBHUX
PIBHSIHB, PE3YJIBTaTH SKUX MOXYTh IOMOBHIOBATH HasBHY
0a3y 3HaHb, 3a0€3MEUYIOYHN M ITOBTOPHE BUKOPUCTAHHSI
3HaHb. [IporpaMHi 3aCTOCYHKM MOXYTh IpUHMATH
PpIIIEHHS Ha OCHOBI 3amuTiB 10 0a3u 3HAHb.

OcHOBHa MeTa HayKOBOTO HalpsMy IIOJISrae
B TOMY, IIO0 PO3POOUTH CHCTEMY, 3[JaTHy aBTOHOMHO

Macuna6yBaT1/1 HaB4YaHHA, ITOYMHAKO4YH Bi[l HC3HAYHUX
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mpoOIIeM 1 3aBEepIIyIOYH CKIAJHIIIAMU IpoOIeMaMu Tiel
camMoi 4Yu crmopimHeHOi cdepu, y MOBemiHIN, MOMIOHII
1o JIFoNIChKoi. J{ist Toro, mo0 aBTOHOMHO MacmTaOyBaTu
npoOiieMHy —rany3b, IOTpiIOHO BMITH  (OpPMyBaTH
OaraTopa3oBO BHKOPHCTOBYBaHI JIOTiYHI OJIOKM 3HaHb.
Jlnst BUJTydEHHS! Ta MOBTOPHOTO BHKOPUCTAaHHS iH(opMarlil
3 JIOTIYHMX PIBHAHP y THpoONeMHil ramy3i moTpiOHe
posummpeHe  KonayBaHHsA. [lpoctip momryky — Moxe
PO3IIMPUTHCS, HATIPUKIIAL, ¥ ACIKUX (opMax IreHeTHIHOTO
MporpaMyBaHHsI MallIMHHOTO HaB4aHHs [9—11].

Sk mpaBuIO, areHT MICTHTh EBOJIOIIHHI OOUHCICHHS
Ta MallMHHE HaBYaHHSA /Uil BHPILMICHHS II€BHOTO
3aBIaHHS B HEBiIOMOMY cepenoBuili. [IpaBuia MaioTh
¢dopmy "sxmo ymoBa, To ais". 3a3BHYail yMoBa IojaaHa

OiToBUM psaKoM (iKCOBaHOI MOBXHHH, BHU3HAYECHUM
y mnotpiiiHoMy asdasiTi {0,1,#}, ne # — cumBomn,

oo o3Hayae "HeBU3HaAueHO", ToOTO a6o 0 abo 1, a nmis
TMO/IaHa YMCIIOBOIO KOHCTaHTOW. TexHika KiacudikariiHol
CHCTEeMH HaBYaHHSA MOXe MacuITadyBaTucs
B Ipo0seMHux cdepax, ane mopasy il moTpiOHO BUBYATH
i3 camoro modaTky. KpiMm Toro, 30ibIIeHHS pO3MipHOCTI
npoOiiemMu, 1O MPHU3BOAUTH A0 PO3LIMPEHHS MPOCTOPY
MIOUIYKY, BHMAara€e BEJIWKOTO MPOCTOPY IIaM’sTi, 3HAYHO
301IBIIYyE Yac HABYAHHS Ta 3PEIITOI0 OOMEXYE CHCTEMY
po3mipom mpodaemu [12]. 3a momomororo siBHOT mepeaadi
3HaHb JOMCHY B CHCTeMi Kiacu(ikaiii MOXKHa JOCATTH
MacumTaboBaHOCTI, aje I J0JAE  YNEepeKEHOCTI
Ta 0OMEXy€e BUKOPUCTAHHS B KUIBKOX JOMEHaX.

VY poborti [13] nocnimxyerbes mpouec GopMyBaHHS
MPaBUII 32 JIOTIOMOTOI0 alreOpy CKIHUEHHUX MpPEeInKaTiB
1 TpemuKaTHUX onepamiid. AHaNI3yIOTbcs —JABIHKOBI
MPEANKATH, 110 BUKOPUCTOBYIOTHCS AJISI CTPYKTYPYBaHHS
HasBHUX (akTiB. Po3po0ieHO0 MeTOox  ImiBUIICHHS
e(heKTUBHOCTI IOBTOPHOI'O BUKOPUCTAHHS 3HAHb.

Merta 1pOro AOCHIKEHHS — PO3POOHUTH METON
MOBTOPHOTO ~ BUKOPHCTAaHHS 3HaHb 33 JOIOMOTOI0
BUPINICHHSI JIOTIYHUX PIBHSIHB /ISl MEBHOI MpPEAMETHOL
ranysi, Hampukiaaa, MeauuuHH. OO’€KTOM € mporec
MoOyZOBH Ta TONOBHEHHS 0a3 3HaHb, a MPEAMETOM —
JIOTIYHE MOJIENIOBAHHS 3HAHb 1 JIOTIYHE BHBE/ICHHS.
OcHOBHI 3aBJiaHHsI poOOTH: PO3POOHTH METO] TIOTIOBHEHHS
0a3u 3HaHb 32 JIOTIOMOTOIO JIOTIYHUX PIBHSHB i3 CYTTEBUMH

3MiHHI/IMI/I, MpOBECTHU HOCJ’Ii,H,)KeHHSI Ta OIIiHI/ITI/I PC3yJIbTATH.

Bupimenns 3aB1anus

Teopist iHTeNEKTy 3 OINIAAY HA CBOE BU3HAYCHHS
Ma€e OOMEXHTHCS BHUBYCHHSIM BIIACHE MAIIMHOIIOMIOHUX
(YHKINH JIFOACHKOTO IHTEJCKTY, IO XapaKTePH3YIOThCS

JNETePMIHOBAHICTIO, OUCKPETHICTIO Ta CKiHYEHHICTIO.
Jlo TOro ’x BHHHKAIOTh MUTAHHSA MPO TE, SKOK MIpOIO
GbyHKIin
JIFOJICBKOTO 1HTENEKTY, L0 JIOIMYCKAalOTh MOJETIOBaHHI

BBEICHI OOMEXEHHS  3BYXKYIOTH  Kiac
B Me)KaxX Teopil iHTEIEKTy.

Bynp-sika oOunCiIOBaJbHA CHCTEMa MA€ Taki
obmexxeHHs: 1) andasirt mitep, 3 AKUX OyIyIOTBCS CIIOBA
Ui Oyab-sK01 KOHKPETHOI OOYHMCIIIOBAJIBHOI CHUCTEMH,
3aBKIM CKiHYCHHWIA; 2) JIOBXHHA CIiB, sKi 37aTHa
cnpuiiMati Ta QopMyBaTH L CHCTeMa, OOMeXKeHa
JesKUM KIHIICBHM, Harepel 3aJaHduM YHCIOM OYKB,
II0 BU3HAYAETHCS KOHCTPYKIIEIO CHCTEMH, il IIBHAKOIIEIO
Ta TepMiHOM cIyxOm; 3) peakmii 0O0YHCIIOBAIBEHOL
CHCTEMH YITKO JETEPMIHOBaHI: TIOBTOpHE IIOJIaHHS
BXIZJHOTO CJIOBa 3aBXKIOM MPU3BOAWUTH 10 (HOpMyBaHHS
CHCTEMOIO TOTO CaMOT'0 BUXIJIHOTO CJIOBA.

[Ipobnema MOBTOPHOTO BHKOPHCTaHHS Ma€ TPH
ocHOBHI mnpuumHH. [lepma cTOCYETBCS PO3yMiHHA
KOHTEKCTY Ta 3aCTOCOBAHOTO pIIIeHHS, iHIIa — 3MICTY
3HaHb, IO JIOKYMEHTYIOTBCSI, i OCTAaHHSI CTOCY€ETHCS BCI€T
cucreMu 0a3u 3HaHB a0O MPOTrpamMHOTO 3abe3MedeHHS,
sIKE BUKOPHCTOBY€EThCS sl 11 mmiaTpumku. Koy roBopsite
mpo OOMIH 1 TMOBTOpPHE BUKOPHUCTAHHS 3HAHb, ICHYE
MPUMNYILIEHHS, [I0 3HAaHHA € TaKuMH, M0 iX MOXXHa
BIITBOPIOBATH Ta MEPEMIIIyBaTH 3 MICII Ha MICIIE;
CYTHICTb, III0 MOXXHa OTPUMATH BiJ| JIOJUHU-EKCIIEpTa
W TepeHecTH 3 OfHi€i KOMII'IOTEPHOI CHCTEMH YU
mporpamMu B iHOIy. AJle SK MOXHa 3alpOIOHYBaTH
moniuTHCS ab0 TOBTOPHO BUKOPHUCTOBYBATH TE, IO
HE Ma€ TaKHX BIACTHBOCTEH, SIK JOKAIbHICTD 1 CTIHKICTH?
3HaHHS PO3IIANAETHCSA AK aOCTPaKIif, MO HEMOXKIHBO
3amUcaTH ¥ HIKOJIM HE MOXKHa MaTH B pyKaX. 3HaHHS —
e Te, IO CIIOCTepirad MosiCHUB OM PO3yMHOMY areHTy,
31 cBOoro OOKy Il¢ Ja€ 3MOTYy arcHTOBI palliOHAJIbHO
MOJZIEITIOBATH CBOIO ITOBEAIHKY Ul JOCSTHEHHS IEBHUX
LiICH, 0 CIPUAMAIOTBCS, BiIOBITHO IO TOTO, IO BiH
Zi3HABCS BiJ CTIOCTepiradya.

SIKImo MpUIYCTHUTH, IO BCE BHIIE3a3HAUCHE
nporecy
VIOpaBITiHHSA 3HAHHSIMH BCE IIE¢ TOTPEeOye BUPIIICHHS.

BHKOHaHO, To Tpobmema IT-miaTpumMkn

Metoro moTOUHMX 0a3 3HAHb € CHPUSHHSI OOMiHY
3HaHHSMH Ta TIOBTOPHOMY BHKOpPHUCTaHHIO. JIJIsl mogaHHs

3HaHb HEOOXiTHO BpPaxOBYBATH 3HAYHY KIJIBKICTh

¢daxropiB.  TepmiHomorii, oHTONOrii Ta  MeTOAM

BHpimeHHs TpobiaeM — 1e JAekinmeka 3 Hux [14].
[Ipobnema monsrae B TOMy, 1100 MaTH 3MOrY
MTOITMTUCS 3HAHHSAMH, SKi MICTATBCS B DPI3HHX 0a3zax
3HaHb, OCKUIBKM BCi I ()aKTOpW BiJpI3HAIOTBCS Bif
onHiel 6a3m nmo iHmoi. HecymicHicTh cuctem i ¢opmaris

TaKOX YHEMOXKJIMBIIIOE 00’ €THAHHS JIBOX 0a3 3HaHb.
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MokHa BHOKPEMHUTH YOTHPHU OCHOBHI MPUYNHH.

1. HeonHopinnicTs nogaHHs. [CHy€e KijbKa MiIXOIIB
0 TIOHAaHHSA 3HaHb, ale OAWH (opMami3M TOXAHHS
He MOke OyTu Oe3mocepesHbO JOAaHHA 1O IHILIOTO.
He icaye yniBepcampHOTO (opMalizMy IMOJAaHHS 3HAHB,
IO iJeasbHO BIANOBiNAaB OW BCIM BHMOTam, i TOMY
0oOMiH 3HaHHAMH Tependadac ITepeKiaj 3MICTY OJHiel
6a3u B iHITY.

2. MoBHi OOMiH
CHUCTeMaMH MOXe OyTH IOyXe CKJIAIHUM, SKIIO 3HAHHS

JaJeKTH. 3HAHHSIMH  MIDK
3aKOZOBaHi pi3HUMH nianekramu. lle Moxe TOBHICTIO
3MIHHTH 3MICT MTOBIIOMJICHHS a00 HOTO IHTEPITPETAILiIO.
3. BigcyTHICTh BH3HAUCHWX IPABIII CIILIKYBaHHS.
TeopeTH4HO OKpeMi CHUCTEMH MOXKYTh CIUIKYBaTUCS
OJlHA 3 OJHOIO i TAKMM YMHOM MAaTH KOPHCTH BiJl OOMiHY
3HaHHSIMHM, HaBiTh 0Oe€3 CHiIBHOI 0a3u. AJjie 3a3BHUYal
e HEMOXIUBO, OCKINBKH Opakye  y3TOIKEHOTO
MPOTOKONy, 0 O J1aBaB 3MOTy CHUCTEMaM B3a€MOJISTH
Ta 3aIUTYBAaTH OJJHA OJHY.
4. HeBigmoBimHOCTI Mozmeni Ha piBHI  3HaHb.
HaBiTe y pasi yCyHEHHS BCiX MEpemKo] IpoOIeMu
3  TEpPMIHOJIOTI€I0 TaKOXK CTaHYTh  IEPEIIKOJIOI0
U1 €pEeKTHBHOTO CHIIKYBaHHA MK pI3HUMH 0Oa3aMu.
BifcyTHICT CHIBHOTO CJIOBHHKOBOI'O 3aracy HeE Jae
3MOTH CITIBBITHOCWUTH 3HAHHSA OHI€T 0a3u 3 1HIIOO.
Omxe, 3HaHHS PO3MVISIIAETCS SIK 31ATHICTh pearyBaTu
TIEBHIM YHMHOM, a He SK MarepiaibHa cyocranmis. HaBiTe
iH(OpMaIlif0, IO 3aCTOCOBYETHCS JUIS MOJAHHS 3HAHB,
HE MOXHA BBAXAaTH TaKOK; IPaBWIa, CHMBOJH
Ta QpeliMu He 3/1aTHI T€HEpYBaTH PO3YMHY IOBEIHKY.
Jnst toro mo0 MaTH 3MOTy MAaTEMaTHYHO OIUCYBATH
(yHKINT 1HTENEKTY, HEOOXiMHO CTBOPHUTH (opManbHY
MOBY, SKOIO MOXHa Oymo O poOMTH TakWii oOmmC.
dopmasibHa MOBa Mae€ o00OMpaTHCs B Takuil crocio,
mob Her MokHa Oyno B 3pydHidt Qopmi 3ammcatu
Oynp-skuii ckiHueHHHMH andaBiTHUI oneparop. Takoro
MOBOIO € airedpa CKiHdeHHUX TpeauKaris [8].
[ToHsATTS CcKiHUEHHOro Tmpeaukata Oyjo BBEACHO
TakuM YHHOM. Hexait A — ckiHueHHHH andasir,

110 CKIaIa€Thest 3 k mitep a,,d,,...,d, , & Y, — MHOXHHA,

sgKa MICTHTh JIBa €JIEMEHTH, [0 I03HAYaroThCs
cumBomamu 0, 1 1 HasBaHi BIAMOBIZHO — TOXHOKOIO
Ta icTUHOIO0. 3MiHHY, 3aJlaHy HAa MHOHHI A4, Ha3UBaIOTh

JITEPHOIO, a 3MIHHY, 33/1aHy Ha MHOXKHHI y , — JIOTIYHOIO.

CKiHYCHHHM  N-MICLIEBUM  OPEIUKATOM  Haj
andasBitoM A  Ha3zuBaeThcs ~ OyAb-sika  (YHKIS
f (x1 , X, ,...,xn) ={ Bim n OyKBEHHX apryMEHTIB

X;,Xy,..., X, , 3aJJAHIX Ha MHOXWHI A, 1 sika mpuiimae

n

joriuHi 3HadeHHs . [HOAI CKiHYCHHWH mpemukar f

Ha3WBaeThes k-iyanM. L{uM HaromomryeThcs, MmO HOTO
andasit A cknamaeTbes 3 k itep.

KoxxHOMYy CKiHYeHHOMY aln(aBiTHOMY OIepaTopy
[IEBHUII BJIACHUM CKIHYECHHHMH

MOXKE€ BiamoBizatu

mpenuKkaT. 3poOUTH IIe MOXKHA TakuM YHHOM. Hexait
F(XI’XZ"""xm) = ylyz "‘ym

CKIHYCHHUH andaBiTHUI omeparop, IO MEPETBOPIOE

JIOBIJIBHO ~ 0OpaHuid

BXiIHI ClIOBAa X, X,,...,X, JOBKHHH /M y BUXIIHI CIOBa

Vi»VyseesV,, TIET caMOl JOBXKHHH, SKi CKJIQJAIOTHCS
3 JiTep angasiTy A.
[Ipononyetbcs TaKun METOJ TIONIOBHEHHS

0a3u 3HaHb HOBUMH JIOTIYHHMH PIBHAHHAMH, IO
CIPOIIYIOTH MOBTOPHE BUKOPUCTAHHS JIOTIYHHUX 3B’SI3KiB
MDK JMCKPETHUMH O3HAaKaMH. Y 3arajibHOMY BUIJISIL
PO3TIINAETECS CUCTEMA PIBHSAHB alreOpHh CKIHYCHHUX

CTPYKTYpY
HasIBHUX 3HaHb II0J0 IpeAMeTHOI ramysi. Taka cucrema

MpeauKaTiB, II0 IHTEPIPeTye JIOTIYHY

3aBXXIH MOke OyTH TIOZaHa y BUTIISI/II OJTHOTO PiBHSHHS:
f(x,%,..x,)=1,

ae  X,,X,,..,X, — BCl HasBHI JHMCKpPETHI O3HaKH,

a opmymna / BimoOpaskae JIOTIYHY CTPYKTYpy Oa3u 3HaHb.

OOuparoTbcst  HabOpu  O3HAK,  JUISI AKX
nependavaeThCsl TOBTOPHE BHKOPHCTAHHS B JIOTIYHHX

BUCHOBKAX: X;,X;,...,X,, . JJJIsl KO)KHOTO Takoro Habopy

BCl 3MIHHI, II0 HE BXOIATh IO HBOTO, BHIYYArOTHCS
KBaHTOPOM ICHYBaHHS. SIKIII0 MOXIIBO, 3aCTOCOBYIOTHCS
BJIACTMBOCTI KBAaHTOpa, IIO JIONIOMAaraloTh YHUKHYTH
CKIanaHuX obOuncieHb. KoxHe oTpuMaHe piBHSHHSA
JOJJA€THCS 10 Oa3u 3HAHb.

Kpim Toro, y mpomeci BHpIIIEHHS TNPAaKTUIHUX
3aj]a4 BUHUKAIOTh 3alUTaHHSL:

— SIK KOHKPCTHI 3HAYCHHS Ii€l 03HAKM, IMiJCTaBJICHI
B JIOTIYHE PIBHSHHS, BIUIMHYTh HA 3B’S3KM MDK IHIIUMH
O3HaKaMu?

— HACKUIbKM CHJIBHHM € JIOTIYHHE 3B’S30K MIiX
nBoMa (a0o OinbpIe) 3aJaHUMH O3HAKAMHU?

Jlns BIAMOBIZI Ha TmepIe 3amuTaHHS PUPOIHO
BHOKpPEMHUTH Ti mpenukatdu (i, BIAMOBINHO, PiBHSHHA),
SKI TiJl Yac MiACTaBJICHHS IEBHOTO 3HAYEHHS O3HAKH
MEPETBOPIOIOThCS  HA  OpPEAUKATH, M0 MPHBOMAATH
JI0 CHWJIBHIIIOTO 3B’A3KY MDX 3MIHHMMH, a TaKoX Taki
MPEIMKATH, TiJICTABJICHHS B SIKi [IbOTO 3HAYEHHSI CIIPUYHHSIE
moc1a0JICHHS JIOTIYHOTO 3B’ sI3Ky MiXk o3HaKam# [13].

[[To6 oTpmMaTH BIANIOBIAE Ha Ipyre 3alUTaHHA,
HEOOXIZIHO BWJIYYHTH 3 BHXIJHOTO pIBHSHHS 3a
JOTIOMOTOI0 KBAaHTOpPa iCHYBaHHS BCi 3MiHHI, KpiM THX,

IO PO3MIAAIOTHCS, 1 AOCHIIUTH OTPUMAaHE PIBHSIHHS
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3 MEHIIOK KINBKICTIO 3MIHHHX, $KE OIMCY€E BCi
JIONTYCTHMI MHOYXMHU 3Ha4€Hb JJOCIIPKYBAaHUX O3HAK.
Komn BuHMKae HEOOXiIHICTH MTOBTOPHO BUKOPHUCTATH
JIOTIYHI 3B’SI3KM MDK O3HaKaMH KOHKPETHOTo Habopy,
BUPIIIYETCS HE II0YaTKOBE CKJIAgHE  PiBHSIHHA,
a Te piBHIHHS, IO MOB’s13y€e 00paHi TUCKPETHI 3MiHHI.
npouenyp

BRXJIMBO BWJIYYUTH 3 PIBHAHHSA BCl 3MiHHI, KpiM

Z[J'Iﬂ CHIPOLICHHSA 00YHCITIOBATILHUX

POTISIHYTHX, 1  JOCHIAWTH  OTpUMaHe  PIiBHSIHHSA
3 MEHIIOI KiUIbKICTIO 3MiHHUX. Lli 10/1aTKOBI piBHSHHS
MOIOBHIOIOTh 0a3y 3HaHb 1 MAlOTh 3MOTY YHHKHYTH
BUKOPHCTaHHS 3HAYHOI KIIBKOCTI OOYMCIIOBAIBHUX
pecypciB  UIs  JIOTiYHMX BHCHOBKIB y 0a3i 3HaHb.
Y poborti [14] posrisgaeThCsi AOCHTH IMUPOKUN Kilac
MpeauKaTiB, Ul SKAX MOKHa 3amaTh  e(eKTHBHUI
NITOPUTM elliMiHAaIi 3MIHHUX 0e3 30UTBIICHHS pO3Mipy
bopmyma.

KBaHTOpA ICHYBaHHS:
1. Fxx’ =1.
2. Ix—x*=1.

3. E!x(ﬁ(P(x)Q(x

BUX1JTHOL PosrssHemMo Taki  BIacTHBOCTI

x)—>0(y).
8. Mpunycrumo, P (x)& P, (x)=0,i # j,i,j=1,2,....k,
TOML:
Ely(( x)—> 0 (v )&( )0 ))&
&( (x) > 0 (»)) = (R ( —>3le( )&
&(P,(x) > 30, (1)) &..-&(R (x) > 0, (»)).
9. Sxmo

)E HE € ICTHHHOIO

P(x)&P,(x)=0 fo

TOTOXHicTE P, (

st Oyme-sikoi i=1,2,...k1

k , Toni

H((R(x) > 2 ()& (R > ()&

i#j,i,j=12,...,

&(Pk (x)—) o, (y))):Ql(y)VQz (y)v VO, (y)
[lepeniveni BuIe BIACTHBOCTI JAlOTh 3MOTY
OMMCAaTH NIMPOKMH KJIaC CKIHYCHHHX [PEIUKATIB

(BIAMOBIAHO 10 pIBHSAHB), BHU3HAYCHHX HA MHOXUHI
3MIHHHUX {x, y,...,z} , I SKUX JIETKO 3HAWTH 3B’SI3KU

MiX BHOpaHMMH 3MiHHUMH 0e3 30UIBIICHHS pO3Mipy
BUXigHUX (opMyJ. BUsHAUMMO Takuii Ki1ac peKypCUBHO.

(4
X% (a, b, ..., c—

[0 HajJeXaTh JOMEHY I 3MIHHOI X )

1. Vci "posnisnaBannsa" x“,x”,
CHUMBOJIH,
HajexaThb 10 Ax .

2. Vci samepedenHs —x*,—x’,...,—x¢

o Ax.
3. Skwmo npegukaTH —|P(x),—|Q(x) HaJIEXKaTh

HaJIC’)KaTh

10 Ax , TO IpeauKar ﬂ(P(x)Q(x)) HaJIEKUTh 10 Ax .

4. bynp-skuii  mpenukar, MO0 HE  3aJEeXKUTh

BiJl 3MIHHOI X , HAJIEXKUTE IO MHOKHHHA AX .

5. Sxmo mpenukatu F, Ta P, Hajexats A0 Ax,
toni npeaukar P = F, v P, Hanexuts 10 Ax .
6. Sxmo mpemukar F  HamexuTh 10 @ Ax
1 mpemukar P, HE 3aJeXUTb BII X, TOAI IpPEAUKAT
= F, & P, HanexuTs 10 Ax .
7. Sxmo mnpeaukar P He 3aIeXUTh BII X
i mpemukar P, Hanexuts 10 Ax TOAI TpenuKar
P=F — P, nanexuts 10 Ax .
8. Hexait mpemuxkatu B,P,,..,P, He 3amexaTh
Big Xx; P,&Pj =0 g i#j,i,j=12,...
01,055

P=(R—>0)&(P,>0,)&...& (P, > 0,)

.k, mpeaukatu

O, Hanexarb 10 Ax , TonIl

HaJSKHUTh 10 Ax .
9. Sxmo npenukatu B, PB,...,
F&P =0 pns

P, 3anexaTb TUIbKK
i#j,,j=12,....0k; pmua
P=0

i

Big X,

Oynp-skoro i=1,2,...,k TOAl TOTOXHICTb

He € icrunHow; mpeaukatd Q,,0,,...,0, He 3anexarb

BIZl X ; TOJI IPEAUKAT

P:(P1 —)Q])&(P2 —>Q2)&...&(Pk —>Qk)
HAJICXKUTh 10 Ax .

Takok MOX€ BHHHUKHYTH MMOTpeda BIITYYUTH 3aifBi
3MiHHI 3

JOIIOMOTI'OKO yHiBepcanbﬂoro KBaHTOpa.

Y 1poMy pa3di  MOXEMO CKOPHUCTAaTHUCS  TaKUMH
BJIACTUBOCTSIMH I[bOTO KBAHTOPA!

1. Vax“=0

2. Vx—x“=0

3. Vxﬁ(P(x)vQ(x)) Vx—|P( )&Vx—Q(x)
4. Vx(P(x)&Q(x))=VxP(x)&VxQ(x)
viQ( )

)=
5. Vx(P(x)v x) VxP
(x)&0(»)) = P(x)&Vy0(y)

6. Vy(P x
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7. Ilpumyctumo,
P(x)&P (x)=0,i# j,i,j=12,...k,
TOMI:
W((R(x)&G (9)V (P (x) &0 () v
V(B (x)&0,(v))= (R (x) & %0, (»))v
V(Pz( )&VJ’Qz ) V( &‘v’ka( ))

8. SKmo 1IeHTHYHICTH (x)EO HE € ICTHHHOIO

s Oyme-sixoi  i=1,2,...k i R(x)&P/.(x)=O

mist i # j,0,j=12,....k, Tomi

x((Pl(x)&Ql(y))V(Pz(x)&Qz (y))v
V(B (x)&0,(¥)=0(7)&0, () &...& O, (»).

BusHaunMmo peKypcMBHO Kiac TIpeIUKaTiB X

X
3 SIKOTO MOKHA BWIYYHTH 3MiHHY X Oe3 301IbIIeHHS
po3mipy hopMyJIH.

1. Vi "posnizHaBanns” x,x’,...,x° Hanexath DI

2. Veci  3amepedeHHs —x*,—xt, .=, ki
HE 3aJIe)KaTh BiJ X , HAIEKATh 2.

3. Sxmo —F 1 —P Hamexatb 0 2. , TOAI
—(R v P,) nanexuts 10 X,

4. Sxmo npeaukatn P, ta P, Hanexate 10 2.,
Toni npeaukar P = (Pl& P ) HaJICKUTh 10 2.,

5. Sxmo

npenukaT P, Halmexute 1o 2.

i mpeaukat P, He 3aleXuTh BiI X, TOAI NpPEAMKAT
P=F v P, Hanexuts 10 X .

6. Skmo mnpeaukar P He 3aJeXUTh BT X
i mpemukatr P, Hamexuth M0 2., TONI MpPEIUKaT
P = P& P, Hanexurs 0 2.,

7. Npunycrumo, mo mnpemukatu B, P,...,B,
He 3anexkath Big x, B &P, =0 nna i # j,i,j=12,....k
O, Hajexartb 10 2. , TOmi

v(Pk &Qk)

npeaukata Q,,0,,...,
:(Pl &Ql)V(Pz &Qz)v

HaJIeKUT 10 2., .
8. Sxmo npeaukatu B, P,..., P, 3anexars TiJIbKU

Bim x, 13&13:0 s i # j,i,j=12,...,k st 6yme-

gakoro i=1,2,...,k Toroxnictb P, =0 He € icTHHHOIO,
npequxkatd  Q,,0,,...,0, He 3amexarb Big X, TOAi
peanKaT P:(PI&Q])V(PZ&QZ)V...V(Pk&Qk)

HaJIC)KUTh 1O MHOXXHHHU Zx

VYHiBepcanbHUM CcIIOCOOOM PO3B’S3aHHS  CHCTEM
PIBHSIHB aireOpy CKiHYEHHUX NMPEAMKATIB € NPUBEICHHS
MIpeANKaTa, 3aJaHOr0 CHCTEMOIO PIBHSIHD 1 MOYaTKOBHMH
yMOBaMH, A0 IOCKOHaIOi AW3’IOHKTUBHOI HOPMAaJbHOI
¢dopmu. OnHak Taka mpoueaypa mnepeadadae mnepedip
0araTbOX TPOMDKHUX pPO3B’S3KiB, a 1ii IpakTHYHA
peamizamiss mMoTpe0ye 3HAUYHHMX 3aTpaT KOMII FOTEPHOTO
NpEeMKaTHUX PIBHSHB,

yacy. Jlusd [JesAKuX — THITIB

3BaXKAIOYM HA OCOONMBOCTI 1X CTPYKTYpH, MOXKHA
PO3pPOOUTH MPOCTIII aAITOPUTMH PO3B’I3aHHS.
penpe3eHTamii

Omxe, IMOKa3aHO, IO IS

Ta  IHTepmpeTanii 3HaHb 3a YMOBH  IIOJaHHS
y ¢dopmanpHOMY BHrIAAl iHGOpMamii Tpo 00’eKTH
i mpouecu B 0a3ax 3HaHb BHUKOPUCTOBYIOTHCS Di3HI
MeTO¥ anreOpu CKiHYCHHUX NPEAUKATIB 1 MpeInKaTHIX
omepariid. Tak, JOriyHi MeTOIU po3Ii3HaBaHHS 00pa3iB
nependavyaoTh CKIAJaHHA Ta pO3B’SI3aHHA JIOTIYHIX
PiBHSIHB 31 3MIHHUMH, II0 HaOyBaroTh 3Ha4eHb | Ta 0
3aJIe)KHO BiJ TOTO, YM Ma€ 00’ €KT IEBHY BIIACTHBICTS,
yun Hi. Po3B’sA3aHHA TakuX PpIBHAHb Ja€ 3MOTY
abo inmeHTudikyBaTH O0O0’€KT 3a HAsBHUMH Habopamu
3HAYCHb 3MIHHHX, a00

anI/I6yTI/IBHI/IX BCTaHOBHUTHU

HEeBIZIOMi BJIACTHBOCTI IOTO o00’ekTa. Y 0Oaratbox
MPaKkTHYHHUX 3ajadyax, IOB’S3aHUX 13 CEMaHTHYHUM
OOpOONeHHAM MEIWYHHX [aHUX, NPUPOTHO-MOBHOI

iHpopMmamii, BimoMocTed  TpPO  KIIEHTIB, HeMae

HEOOXiTHOCTI OTpHMyBaTH BCi HAOOpH  3HAYEHBb
CEMaHTUYHUX O3HAaK, ajleé TMOTPIOHO OTpPUMATH OJUH
abo KinbKa HAOOpiB 3HAYCHH O3HAK (LIJTHOBUX 3MiHHHUX),
[0 IIKaBJIATh KOpUCTyBauya. YacTo HEOOXINHO 3HAWTH
3HAYeHHsS ILIIbOBUX 3MIHHUX 3a 3aJaHUX MOYAaTKOBHX
YMOB, sIKi € piIKCOBaHUM HAOOPOM 3Ha4Y€Hb IHIIMX O3HAK.
Y mpomeci po3B’s3aHHA TAaKMX 3a4ad IHON 3MiHHI,
SIKI BIZICYTHI B TIOYaTKOBUX YMOBaX 1 HE € I[UIbOBHUMH,
BWJIYYalOTBCSA 3 PIBHSHHS CIIOCOOOM 3B’SI3yBaHHA iX

3 eK3I/ICTeHHiaJ'IBHI/IMI/I KBaHTOpaMu.

Hpuxknan

Po3rnsinemMo MeaM4HUMI MpHUKIAL NONOBHEHHS 0a3u
3HaHb HOBUMH PIBHSIHHAMHM. [11aH eKcneprMeHTy Takui.
M BUKOPHCTOBYEMO peaibHi MEJMYHI JaHi Ta KOJIYEMO
iX 3a JOIMOMOTOI0 TPEJUKATHUX PIBHSAHB. 3ayBa)XHMO,
0 XOo4Ya JesKi 3MiHHI MOXYTh HaOyBaTu 3Ha4YCHHs
"HeBimOoMO", a BTIM I@I¢ BHUIAIOK 3aKPHUTOrO CBITY,

OCKUIKM  "HeBizoMO"  O3Hauac JuIle  3HAYEHHS

3 andasiTy, Ha SIKOMY BH3HaueHa 3MiHHA. OTXKe, KOXKHa
rajay3b Jisi Oyab-sKol 3MiHHOI € 3akpuToro. [licns Toro,
SK MH HAmUCAld CHCTEMYy pIBHSHb 32 JOIOMOTOO
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eKCIIePTiB, MIOYMHAEMO BIIIYYaTH 3MiHHI, SIKi BBa)KaEMO
HECYTTEBUMH Ha Iiel MomeHT. lle He o3Hauae, 1m0
B IHIIOMY pa3i iHIII 3MiHHI BBaXXaTHMYThCS HECYTTEBHMIL
IcTOTHI 3MiHHI — II€ Ti, A AKMX MH XOUE€MO BHU3HAYHTH
JoriuHi 3B’s3kH. Ha BHXOII OTPpUMYEMO pPIiBHSIHHSA,
Jile HeCyTTeBi 3MiHHI BuiydeHo. OTpHMaHe piBHSIHHS
MpoCTilme, HDK IOYaTKOBa CHCTeMa, 1 MOXKHA
MpoaHaIi3yBaTl 3B’SA3KM MIXK OCHOBHUMH 3MiHHUMH
Oumem mpocTEM criocoboM. Tak, MU TOTOBHIOEMO 0a3y
3HaHb  JIOJJATKOBHMH

PIBHSHHSIMH,  OTPUMaHUMHU

AK PE3YyJbTATU ACAYKTHUBHOI'O BUBCACHHSA 3 OCHOBHOI1

0a3u 3HaHb.
Axmo  posrmamaté  iHQOpMAIIfHAN — CKpUHIHT
MEIUYHUX IIOKa3HWKIB ISl OIIHIOBAHHS PO3BHUTKY

Ta IpoQUIaKTUKN 3aXBOPIOBaHb cepllsd i cyauH [15-17],
TO MOXHa BHOKPEMHTH Hal0ip o3HaK s (opmamizamii

CKPHHIHTOBUX mpouexyp. Po3rmsHeMo Taki O3HAKH

Ta 1X 3HAa4ECHHS.
. _ 1 2

Crate: X, = {xl,)cl } ,

1 . 2 .
JIe X, O3Ha4ae KIHKa; X, — YOJIOBIK.

e _ 1 2 3

Bik: X, —{xz,xz,xz},

1 . . 2 . .
ne x, — MmeHure Hix 40 pokiB; x; — Bix 40 o 50 poxkis;
x; — moHaz 50 pokis.

o - . _f1 2 3 4

Iykposuii niabet: X, = {x3 X3, X5, X, } s

1 . 2 . v . . 3 .
Je x; — Tak; x; — Hi ((akTuuHuMi miarHo3); x; — Hi

. o 4 .
(miarHO3 HEe BCTAHOBJIECHHI); X; — HEBIZOMO.
. . . 1 2 3 4

AprepianbHa rineprensis: X, = {x4,x4,x4,x4} ,

Je x, — Tak; x, — Hi (QaKTHUHMH miarHO3); X, —
. . o 4 .
Hi (A1arHO3 HE BCTAHOBIICHHH); X, — HEBIZIOMO.
. (2 .3
IIpobnemu 3 Hupkamu: X = {xs,x5 ,xs} ,

1 2 . 3 .
A€ X5 —TaK; X5 — HI; X5 — HCBLAOMO.

3

. . _f1 2 3 4 5
Taxikapuist: X, = {xﬁ,x(,,x(,,xﬁ,x(,} ,
1 o . . 2 .
e x, — Tak ((axTuyHui AiarHo3); x; — Tak (XIiarHo3
He BCTAHOBJIEHMH); X, — Hi (CHpaBxkHiil AiarHo3); x; — Hi
(miarHO3 He BCTAHOBJIEHHIT); X, — HEBiZOMO.
CnaJKoBICTh IIOJ0 3aXBOPIOBAHb CEPLS TA CYANH:
(1 .2 .3
X, = {x7,x7,x7} ,
1 2 3 3 .
Je X,—TaK; X; — Hi; X; — HEBIZIOMO.
. . (1 2 .3
Maninest: X, = {xg,x8 ,xs} s
1 L2 s.U3 .
Je X, —TaK; X, —Hi; X; — HEBLIOMO.
. _f1 203
[Ipobnemu 3 anxoronem: X, = {x(,,x9 ,xg} ,
1 L2 .03 .
Ie X, —TaK; X, — Hi; X, — HEBIIOMO.
. . _f1 2 3
Inopunamia X, = {xlo,xlo,xlo} ,
1 L2 s U3 .
ae x,, —Tak; X,, — Hi; X;, — HEBiIOMO.
Ili ocoOsMBOCTI MAIOTh 3MOTY PO3POOHTH MOMAETH

imeHTU]IKAIi MIarHOCTHYHUX TapaMeTpiB, 3a JIOTIOMOTOI0
SKOi MOJYKHA BH3HAYUTH TPYNy 3I0POB’S TMAaIliEHTa

R= {lfl,rz,ig,r4}, J€ 1, — HU3BKHMH PHM3HMK 3aXBOPIOBAHB
cepls Ta CyAWH; 7, — TIOMIPHUI PH3HK; 7; — BUCOKHH
PH3HK; 7, — JIy’Ke BUCOKUI PU3HK.

Jlnst BU3HAYEHHS TPYIH 3/10pPOB’S BUKOPHUCTOBYETHCS
HaOip arperoBanux ozHak (O, —0;, ne O, BUPAXKAETHCS
yepes X, taX,; (O, Bupaxaerscs dyepes X, 1m0 X,;
O, Bupaxaerbcs yepes X; — X, .

3HaYeHHS KOXKHOI TPyHH 3H0pOB’S Ta KOXKHOL
arperoBaHoi O3HAaKH pO3IMOJUICHO HAa YOTHPH KIIACcH
3TIIHO 3 BIIITOB1THOIO MEINKO-TEXHOJIOTIIHOIO
JOKyMeHTalielo (yHi(iKOBaHHM KIIIHIYHHM IPOTOKOJIOM
1 JIOKaJbHAMH NPOTOKOJIAMH IMOIO TPODiTaKTHKH
XBOPOO cepiis i CyauH).

Hanpuknan, mis ¢opmyBaHHs o3Haku (J, MOXKHA

CKJIACTH TaKy CUCTCMY NPCANKATHUX piBHﬂHBZ

1 _22(.2  3(2 3 2322 322 (2 3
4, = X7 Xg (x9 VX (x]O v Xo ))V‘x7x8x9x10 V X3 X3 Xy (x9 on)

2.3

2 _ 2 1 1.2 2 3 1.2 2.1 2 2.1 3.2 3.1 3.2
q, = X5 ((xg (xgxm V Xy )vx9 (xgx10 vxgxlo))v(x7 (x8x9 V X Xy )v(x7x9 vx7x9)xgx1 v

3 1

2.3 3.2 1 2 3.2 2 3 1 3 2.2 3 3.3.2 1 2
v()c7x8 VXX >x9 (xlo vxlo)\/)c7)c8 (x9 VX, ))(xlo vxm)vx7x8 (xgxlo VX, )\/x7x8x9 (xlo vxlo)

2

2 1.2 1.2 2 1 2 1.3 1 2 1.3 3.1 1 3 1.3 2 3
q; = XX, (xgx9 Vv Xg (x9 VX, ))v<x7x9 (x8 VX )v(x7x8 vx7x8)xg)(x10 vxlo)vx7x8 (x9 VX, )v
2 1 1 3 3.3 2.3 3.2 1.1 3 1.2 3.1 1 3 3.3 2.3 3
v(x7 (xg (x9 \/xg)\/xgx9 )v(x7x8 VX5 Xg )xgxm VX, (xsx9 V XX, ))(xm \/)cw)vx7x8 (xgx10 vxg)

4 1,31 1 2 1.3 3.1 1.1 1