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ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʜʠʟʘʡʥʫ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ ï ʏʝʨʢʘʩʠ, ʋʢʨʘʾʥʘ). 

ɺʀʂʆʈʀʉʊɸʅʅʗ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ ɺ ʆʉɺɯʊʅʔʆʄʋ 

ʇʈʆʎɽʉɯ  ɯ ɸʂɸɼɽʄɯʏʅɸ ɼʆɹʈʆʏɽʉʅɯʉʊʔ. 
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ʇʦʜʣʻʩʥʠʡ ʉ.ɺ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. 

ʂʨʘʤʘʪʦʨʩʴʢ ï ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ). ɽʊʀʏʅɯ ɺʀʂʃʀʂʀ ʊɸ ʈʀɿʀʂʀ 

ɺʀʂʆʈʀʉʊɸʅʅʗ ɻɽʅɽʈɸʊʀɺʅʆɻʆ AI  ɺ ɸʂɸɼɽʄɯʏʅʆʄʋ 

ʉɽʈɽɼʆɺʀʑɯ. 
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ʄʘʚʨʝʥʢʦʚ ʆ.ɭ., ʄʘʪʚʽʡʯʫʢ ʉ.ɺ., ʄʘʚʨʝʥʢʦʚʘ ɸ.ʆ., ɹʫʜʥʠʢ ʂ.ɺ. 

(ɼʝʨʞʘʚʥʠʡ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʡ ʽʥʩʪʠʪʫʪ ʘʚʽʘʮʽʾ, ʂʠʾʚ, ʋʢʨʘʾʥʘ). ɸʅɸʃɯɿ 

ɺʇʈʆɺɸɼɾɽʅʅʗ ɸʃɻʆʈʀʊʄɯɺ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊ.ʋ ʋ ʎɯʃʔʆɺɽ 
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ɹʘʙʘʰ ɸ.ɺ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ) ɺʀʂʆʈʀʉʊɸʅʅʗ ʄʆɼɽʃɯ YOLO  ɼʃʗ 

ʈʆɿʇɯɿʅɸɺɸʅʅʗ ʆɹôɭʂʊɯɺ ʅɸɺʂʆʃʀʐʅʔʆɻʆ ʉɺɯʊʋ. 
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ɹʽʣʦʩʪʝʯʥʠʡ ɺ.ʆ., ʉʘʚʫʣʷʢ ɺ.ɺ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ 

ʫʥʽʚʝʨʩʠʪʝʪ, ɺʽʥʥʠʮʷ, ʋʢʨʘʾʥʘ). ʅɽʁʈʆʄɽʈɽɾʅɽ ʇʈʆɻʅʆɿʋɺɸʅʅʗ 

ʊɸ ʄʆɼɽʃʖɺɸʅʅʗ ʇʈʆʎɽʉʋ ʍʆʃʆɼʅʆɰ ʇʃɸʉʊʀʏʅʆɰ 

ɼɽʌʆʈʄɸʎɯɰ ʌʃɸʅʎɽɺʀʍ ɼɽʊɸʃɽʁ ɿ ʃʀʉʊʆɺʆɰ ʉʊɸʃɯ AISI  304. 

230 

ɻʽʪʽʩ ɺ.ɹ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ), ɻʽʪʽʩ ɯ.ɺ. (ʍʘʨʢʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ 

ʨʘʜʽʦʝʣʝʢʪʨʦʥʽʢʠ, ʍʘʨʢʽʚ, ʋʢʨʘʾʥʘ). ʈʆɿʈʆɹʂɸ ʅɽʁʈʆʄɽʈɽɾʅʆɰ 

ʉʀʉʊɽʄʀ ʌʆʈʄʋɺɸʅʅʗ ʉʊʈɸʊɽɻɯɰ ʇɽʈɽɻʆʅʆɺʆɰ ʂʆʄɸʅɼʀ. 

233 

ɼʴʦʨʢʘ ɸ. ɯ., ʄʘʨʢʦ ʈ. ʄ. (ɺʉʇ çʉʪʨʠʡʩʴʢʠʡ ʬʘʭʦʚʠʡ ʢʦʣʝʜʞ ʃʴʚʽʚʩʴʢʦʛʦ 

ʥʘʮʽʦʥʘʣʴʥʦʛʦ ʫʥʽʚʝʨʩʠʪʝʪʫ ʧʨʠʨʦʜʦʢʦʨʠʩʪʫʚʘʥʥʷè, ʤ. ʉʪʨʠʡ, ʋʢʨʘʾʥʘ).   

ɺʀʂʆʈʀʉʊɸʅʅʗ   ʐʊʋʏʅʆɻʆ   ɯʅʊɽʃɽʂʊʋ ɺ ʉʀʉʊɽʄɸʍ 

ʂʆʅʊʈʆʃʖ. 

238 

ʂʫʣʘʢʽʚʩʴʢʠʡ ɺ.ʄ., ʊʽʱʝʥʢʦ ʅ.ɭ. (ɯʥʩʪʠʪʫʪ ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ ʽʤ. 

ɺ.ʄ. ɹʘʢʫʣʷ ʅɸʅ ʋʢʨʘʾʥʠ, ʂʠʾʚ, ʋʢʨʘʾʥʘ). ʈʆɿʈʆɹʂɸ ʄɽʊʆɼʀʂʀ 

ʇʆɹʋɼʆɺʀ ʐʅʄ ɼʃʗ ʇʆɼɸʃʔʐʆɻʆ ʇʈʆɻʅʆɿʋɺɸʅʅʗ ʌɯɿʀʂʆ-

ʄɽʍɸʅɯʏʅʀʍ ɺʃɸʉʊʀɺʆʉʊɽʁ ʅɸɼʊɺɽʈɼʀʍ ʄɸʊɽʈɯɸʃɯɺ. 

243 

ʉʦʨʦʢʘ ʄ.ʆ., ɺʽʰʪʘʢ ɯ.ɺ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ, 

ɺʽʥʥʠʮʷ, ʋʢʨʘʾʥʘ). ʆʇʊʀʄɯɿɸʎɯʗ ʇɸʈɸʄɽʊʈɯɺ ʇʆʉɸɼʂʀ 

ʅɽʈʋʍʆʄʀʍ ɿôɭɼʅɸʅʔ ʇɯɼʐʀʇʅʀʂɯɺ ʂʆʏɽʅʅʗ ʅɸ ʆʉʅʆɺɯ 

ʅɽʁʈʆʄɽʈɽɾʅʆ-ɽɺʆʃʖʎɯʁʅʀʍ ʄɽʊʆɼɯɺ. 
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ʂʦʚʘʣʝʚʩʴʢʠʡ ʉ.ɺ.  (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ,  ʋʢʨʘʾʥʘ).   

 

XXIV  ʄɯɾʅɸʈʆɼʅɸ ʅɸʋʂʆɺɸ ʂʆʅʌɽʈɽʅʎɯʗ  çʅɽʁʈʆʄɽʈɽɾʅɯ ʊɽʍʅʆʃʆɻɯɰ  

ʊɸ ɰʍ ɿɸʉʊʆʉʋɺɸʅʅʗ - ʅʄʊɿ-2025è. 

 
ɸʥʦʪʘʮʽʷ. ʄʘʪʝʨʽʘʣ ʧʨʝʜʩʪʘʚʣʷʻ ʢʦʤʧʣʝʢʩʥʠʡ ʥʘʫʢʦʚʦ-ʘʥʘʣʽʪʠʯʥʠʡ ʦʛʣʷʜ ʩʫʯʘʩʥʦʛʦ ʩʪʘʥʫ ʪʘ 

ʩʪʨʘʪʝʛʽʯʥʠʭ ʧʝʨʩʧʝʢʪʠʚ ʨʦʟʚʠʪʢʫ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʫ ʢʦʥʪʝʢʩʪʽ XXIV ʄʽʞʥʘʨʦʜʥʦʾ 

ʥʘʫʢʦʚʦʾ ʢʦʥʬʝʨʝʥʮʽʾ çʅʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ï ʅʄʊɯɿ-2025è. ʋ ʪʝʢʩʪʽ 

ʩʠʩʪʝʤʥʦ ʜʦʩʣʽʜʞʝʥʦ ʬʫʥʜʘʤʝʥʪʘʣʴʥʽ, ʧʨʠʢʣʘʜʥʽ, ʢʦʛʥʽʪʠʚʥʽ, ʦʩʚʽʪʥʽ ʪʘ ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ ʨʦʟʚʠʪʢʫ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ), ʱʦ ʬʦʨʤʫʶʪʴ ʽʥʪʝʛʨʘʣʴʥʫ ʢʘʨʪʠʥʫ ʩʪʘʥʦʚʣʝʥʥʷ ʥʦʚʦʾ ʪʝʭʥʦʩʦʮʽʘʣʴʥʦʾ 

ʧʘʨʘʜʠʛʤʠ. ɿʥʘʯʥʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʧʝʨʝʭʦʜʫ ʚʽʜ ʢʣʘʩʠʯʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʤʦʜʝʣʝʡ ʜʦ ʬʽʟʠʯʥʦ 

ʽʥʬʦʨʤʦʚʘʥʠʭ ʥʝʡʨʦʤʝʨʝʞ, ʤʫʣʴʪʠʘʛʝʥʪʥʠʭ ʩʠʩʪʝʤ, ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ, ʘʜʘʧʪʠʚʥʠʭ ʢʝʨʫʶʯʠʭ 

ʘʨʭʽʪʝʢʪʫʨ ʪʘ ʙʽʦʤʝʜʠʯʥʠʭ ʟʘʩʪʦʩʫʚʘʥʴ. ʈʦʟʢʨʠʪʦ ʨʦʣʴ ʐɯ ʫ ʬʦʨʤʫʚʘʥʥʽ ʥʦʦʥʦʤʽʯʥʠʭ ʧʽʜʭʦʜʽʚ, ʫ ʷʢʠʭ 

ʽʥʪʝʣʝʢʪ, ʩʤʠʩʣʠ ʪʘ ʮʽʥʥʦʩʪʽ ʩʪʘʶʪʴ ʢʣʶʯʦʚʠʤʠ ʬʘʢʪʦʨʘʤʠ ʽʥʥʦʚʘʮʽʡʥʦʛʦ ʨʦʟʚʠʪʢʫ ʩʫʩʧʽʣʴʩʪʚʘ. 

ɺʽʜʦʙʨʘʞʝʥʦ ʚʧʣʠʚ ʐɯ ʥʘ ʦʩʚʽʪʥʽ ʧʨʦʮʝʩʠ, ʘʢʘʜʝʤʽʯʥʫ ʜʦʙʨʦʯʝʩʥʽʩʪʴ ʪʘ ʧʽʜʛʦʪʦʚʢʫ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ 

ʜʦʩʣʽʜʥʠʢʽʚ. ʆʢʨʝʤʦ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʛʣʦʙʘʣʴʥʽ ʚʠʢʣʠʢʠ ð ʝʪʠʯʥʽ ʨʠʟʠʢʠ, ʧʦʪʨʝʙʫ ʥʦʨʤʘʪʠʚʥʦʛʦ 

ʨʝʛʫʣʶʚʘʥʥʷ, ʥʝʦʙʭʽʜʥʽʩʪʴ ʚʽʜʢʨʠʪʠʭ ʥʘʫʢʦʚʠʭ ʝʢʦʩʠʩʪʝʤ ʪʘ ʜʦʩʪʫʧʥʦʩʪʽ ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʠʭ 

ʦʙʯʠʩʣʝʥʴ. ʄʘʪʝʨʽʘʣ ʬʦʨʤʫʻ ʮʽʣʽʩʥʝ ʙʘʯʝʥʥʷ ʥʘʧʨʷʤʽʚ ʧʦʜʘʣʴʰʠʭ ʥʘʫʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ, ʤʽʞʥʘʨʦʜʥʦʾ 

ʩʧʽʚʧʨʘʮʽ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʫ ʚʠʨʦʙʥʠʮʪʚʦ, ʨʦʙʦʪʦʪʝʭʥʽʢʫ, ʤʝʜʠʮʠʥʫ, 

ʩʦʮʽʦʛʫʤʘʥʽʪʘʨʥʽ ʩʬʝʨʠ. ʊʘʢʠʤ ʯʠʥʦʤ, ʚʽʥ ʚʠʟʥʘʯʘʻ ʥʘʫʢʦʚʦ-ʤʝʪʦʜʦʣʦʛʽʯʥʽ ʦʨʽʻʥʪʠʨʠ ʡ ʩʚʽʪʦʛʣʷʜʥʽ 

ʟʘʩʘʜʠ ʨʦʟʚʠʪʢʫ ʐɯ ʫ ʥʘʡʙʣʠʞʯʽ ʜʝʩʷʪʠʣʽʪʪʷ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʥʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ, ʛʣʠʙʠʥʥʝ ʥʘʚʯʘʥʥʷ, 

ʤʫʣʴʪʠʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ, ʮʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ, Industry 5.0, ʢʦʛʥʽʪʠʚʥʽ ʤʦʜʝʣʽ, ʥʦʦʥʦʤʽʢʘ, ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ 

ʐɯ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ ʩʠʩʪʝʤʠ. 

Abstract. This material presents a comprehensive scientific and analytical overview of the current 

state and strategic perspectives of neural network technologies, based on the results of the XXIV International 

Scientific Conference ñNeural Network Technologies and Their Applications ï NNTA-2025ò. The text 

systematically examines fundamental, applied, cognitive, educational, and ethical dimensions of artificial 

intelligence (AI), offering an integrated perspective on the emergence of a new techno-social paradigm. 

Particular attention is given to the transition from classical computational models to physically-informed 

neural networks, multi-agent systems, digital twins, adaptive control architectures, and biomedical AI 

applications. The work highlights how contemporary AI contributes to the development of noonomic 

approaches, where intelligence, meaning, and values become core drivers of societal innovation. The material 

further explores the profound influence of AI on education, academic integrity, and the formation of a new 

generation of researchers. It addresses global challenges such as ethical risks, the need for regulatory 

frameworks, the importance of open scientific ecosystems, and equitable access to high-performance 

computing resources. The document articulates a coherent vision for future scientific research, international 

collaboration, and the practical integration of intelligent systems into manufacturing, robotics, medicine, and 

socio-humanitarian domains. As such, it establishes methodological guidelines and conceptual foundations 

for the long-term development of AI in the coming decades. 

Keywords: artificial intelligence, neural network technologies, deep learning, multi-agent systems, 

digital twins, Industry 5.0, cognitive models, noonomics, AI ethics, intelligent educational systems. 

 
XXIV ʄʽʞʥʘʨʦʜʥʘ ʢʦʥʬʝʨʝʥʮʽʷ çʅʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ï ʅʄʊɯɿ-

2025è ʚʽʜʙʫʣʘʩʷ ʚ ʫʥʽʢʘʣʴʥʠʡ ʜʣʷ ʩʫʯʘʩʥʦʾ ʥʘʫʢʠ ʧʝʨʽʦʜ ð ʫ ʯʘʩ ʩʪʨʽʤʢʠʭ ʽ ʛʝʪʝʨʦʛʝʥʥʠʭ 
ʧʝʨʝʪʚʦʨʝʥʴ, ʷʢʽ ʦʜʥʦʯʘʩʥʦ ʦʭʦʧʣʶʶʪʴ ʪʝʭʥʽʯʥʽ, ʩʦʮʽʘʣʴʥʽ, ʝʢʦʥʦʤʽʯʥʽ, ʢʦʛʥʽʪʠʚʥʽ ʪʘ 
ʢʫʣʴʪʫʨʥʽ ʩʬʝʨʠ ʩʫʩʧʽʣʴʩʪʚʘ. ɿʤʽʥʠ, ʱʦ ʩʴʦʛʦʜʥʽ ʚʽʜʙʫʚʘʶʪʴʩʷ ʫ ʩʚʽʪʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʚʞʝ 
ʜʘʚʥʦ ʧʝʨʝʩʪʘʣʠ ʙʫʪʠ ʣʦʢʘʣʴʥʠʤʠ ʘʙʦ ʛʘʣʫʟʝʚʠʤʠ. ɺʦʥʠ ʥʘʙʫʣʠ ʛʣʦʙʘʣʴʥʦʛʦ ʭʘʨʘʢʪʝʨʫ ʡ 
ʬʦʨʤʫʶʪʴ ʣʘʥʜʰʘʬʪ ʤʘʡʙʫʪʥʴʦʛʦ, ʫ ʷʢʦʤʫ ʚʟʘʻʤʦʜʽʷ ʣʶʜʠʥʠ ʡ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʩʪʘʻ 
ʙʘʟʦʚʦʶ ʬʦʨʤʦʶ ʦʨʛʘʥʽʟʘʮʽʾ ʜʽʷʣʴʥʦʩʪʽ. 
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ʉʚʽʪ ʫʚʽʡʰʦʚ ʫ   ʬʘʟʫ, ʢʦʣʠ ʥʘʫʢʘ, ʦʩʚʽʪʘ, ʧʨʦʤʠʩʣʦʚʽʩʪʴ, ʦʙʦʨʦʥʥʽ ʩʠʩʪʝʤʠ, ʩʬʝʨʘ 
ʩʦʮʽʘʣʴʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʢʫʣʴʪʫʨʘ ʚʟʘʻʤʦʜʽʶʪʴ ʽʟ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʥʝ ʷʢ ʽʟ 
ʜʦʧʦʤʽʞʥʠʤʠ ʽʥʩʪʨʫʤʝʥʪʘʤʠ, ʘ ʷʢ ʽʟ ʧʦʚʥʦʮʽʥʥʠʤʠ ʩʫʙôʻʢʪʘʤʠ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʽ ʫʧʨʘʚʣʽʥʩʴʢʠʭ 
ʧʨʦʮʝʩʽʚ. ɻʣʠʙʠʥʘ ʮʠʭ ʟʤʽʥ ʪʦʨʢʘʻʪʴʩʷ ʩʘʤʠʭ ʦʩʥʦʚ ʣʶʜʩʴʢʦʛʦ ʤʠʩʣʝʥʥʷ: ʩʧʦʩʦʙʫ, ʷʢʠʤ ʤʠ 
ʩʪʨʫʢʪʫʨʫʻʤʦ ʟʥʘʥʥʷ; ʣʦʛʽʢʠ, ʟʘ ʷʢʦʶ ʧʨʠʡʤʘʻʤʦ ʨʽʰʝʥʥʷ; ʤʦʜʝʣʝʡ, ʯʝʨʝʟ ʷʢʽ ʨʦʟʫʤʽʻʤʦ ʩʚʽʪ; 
ʽ ʥʘʚʽʪʴ ʫʷʚʣʝʥʴ ʧʨʦ ʤʝʞʽ ʣʶʜʩʴʢʠʭ ʤʦʞʣʠʚʦʩʪʝʡ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʷʢʠʡ ʱʝ ʢʽʣʴʢʘ ʜʝʩʷʪʠʣʽʪʴ ʪʦʤʫ ʩʧʨʠʡʤʘʚʩʷ ʷʢ ʧʝʨʩʧʝʢʪʠʚʥʘ, ʘʣʝ 
ʣʦʢʘʣʴʥʘ ʪʝʭʥʽʯʥʘ ʜʠʩʮʠʧʣʽʥʘ, ʩʴʦʛʦʜʥʽ ʪʨʘʥʩʬʦʨʤʫʚʘʚʩʷ ʫ ʩʠʩʪʝʤʦʫʪʚʦʨʶʚʘʣʴʥʠʡ ʯʠʥʥʠʢ 
ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʨʦʟʚʠʪʢʫ. ʁʦʛʦ ʚʧʣʠʚ ʦʭʦʧʣʶʻ ʚʩʝ ð ʚʽʜ ʬʫʥʜʘʤʝʥʪʘʣʴʥʦʾ ʥʘʫʢʠ ʜʦ 
ʧʦʙʫʪʦʚʠʭ ʧʨʦʮʝʩʽʚ, ʚʽʜ ʽʥʞʝʥʝʨʽʾ ʜʦ ʤʠʩʪʝʮʪʚʘ, ʚʽʜ ʩʦʮʽʘʣʴʥʦʾ ʧʦʣʽʪʠʢʠ ʜʦ ʬʦʨʤʫʚʘʥʥʷ 
ʝʪʠʯʥʠʭ ʥʦʨʤ. 

ʉʘʤʝ ʥʘ ʮʴʦʤʫ ʧʝʨʝʪʠʥʽ ʤʥʦʞʠʥʥʠʭ ʚʝʢʪʦʨʽʚ ʨʦʟʚʠʪʢʫ ʽ ʚʽʜʙʫʣʘʩʷ ʢʦʥʬʝʨʝʥʮʽʷ ʅʄʊɯɿ-
2025 ð ʷʢ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʮʝʥʪʨ, ʷʢʠʡ ʟʽʙʨʘʚ ʽ ʟʬʦʢʫʩʫʚʘʚ ʨʝʟʫʣʴʪʘʪʠ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ, 
ʧʨʠʢʣʘʜʥʠʭ, ʢʦʛʥʽʪʠʚʥʠʭ, ʝʢʦʥʦʤʽʯʥʠʭ, ʝʪʠʯʥʠʭ ʽ ʦʩʚʽʪʥʽʭ ʜʦʩʣʽʜʞʝʥʴ. ʈʘʟʦʤ ʚʦʥʠ ʫʪʚʦʨʠʣʠ 
ʮʽʣʽʩʥʫ ʢʘʨʪʠʥʫ ʨʦʟʚʠʪʢʫ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʽ ʜʦʟʚʦʣʠʣʠ ʦʢʨʝʩʣʠʪʠ ʩʧʝʢʪʨ ʤʘʡʙʫʪʥʽʭ 
ʥʘʧʨʷʤʽʚ, ʱʦ ʚʠʟʥʘʯʘʪʠʤʫʪʴ ʥʘʫʢʦʚʫ, ʽʥʞʝʥʝʨʥʫ ʪʘ ʩʦʮʽʘʣʴʥʫ ʧʨʘʢʪʠʢʫ ʥʘʩʪʫʧʥʠʭ ʜʝʩʷʪʠʣʽʪʴ. 

ʋ ʢʦʥʬʝʨʝʥʮʽʾ ʚʟʷʣʠ ʫʯʘʩʪʴ ʧʨʝʜʩʪʘʚʥʠʢʠ ʧʨʦʚʽʜʥʠʭ ʥʘʫʢʦʚʠʭ ʰʢʽʣ ʋʢʨʘʾʥʠ ʪʘ 15 ʢʨʘʾʥ 
ɭʚʨʦʧʠ, ʉʐɸ ʽ ɹʘʣʢʘʥʩʴʢʦʛʦ ʨʝʛʽʦʥʫ. ʎʝʡ ʤʽʞʥʘʨʦʜʥʠʡ ʜʽʘʣʦʛ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʚ ʚʘʞʣʠʚʫ 
ʪʝʥʜʝʥʮʽʶ: ʐɯ ʚʞʝ ʩʪʘʚ ʯʘʩʪʠʥʦʶ ʛʣʦʙʘʣʴʥʦʾ ʜʦʩʣʽʜʥʠʮʴʢʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ, ʽ ʬʦʨʤʫʚʘʥʥʷ 
ʻʜʠʥʦʾ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʧʦʟʠʮʽʾ ʱʦʜʦ ʥʘʧʨʷʤʽʚ ʡʦʛʦ ʨʦʟʚʠʪʢʫ ʩʪʘʻ ʥʝʦʙʭʽʜʥʽʩʪʶ ʥʘʫʢʦʚʦʛʦ 
ʧʨʦʛʨʝʩʫ. 

ʉʫʢʫʧʥʽʩʪʴ ʧʨʝʜʩʪʘʚʣʝʥʠʭ ʨʦʙʽʪ ʜʘʣʘ ʟʤʦʛʫ ʚʠʦʢʨʝʤʠʪʠ ʰʽʩʪʴ ʢʣʶʯʦʚʠʭ ʪʝʥʜʝʥʮʽʡ 
ʩʫʯʘʩʥʦʛʦ ʝʪʘʧʫ ʨʦʟʚʠʪʢʫ ʐɯ: 

¶ ʧʝʨʝʭʽʜ ʚʽʜ ʘʣʛʦʨʠʪʤʽʯʥʦʛʦ ʜʦ ʢʦʛʥʽʪʠʚʥʦʛʦ ʪʘ ʩʝʤʘʥʪʠʯʥʦʛʦ ʐɯ, ʱʦ ʦʧʝʨʫʻ ʥʝ 
ʣʠʰʝ ʜʘʥʠʤʠ, ʘ ʡ ʩʤʠʩʣʘʤʠ; 

¶ ʽʥʪʝʛʨʘʮʽʷ ʢʣʘʩʠʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʽʟ ʬʽʟʠʯʥʦ ʽʥʬʦʨʤʦʚʘʥʠʤʠ ʤʦʜʝʣʷʤʠ, ʷʢʽ 
ʧʦʻʜʥʫʶʪʴ ʜʘʥʽ ʟ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʤʠ ʟʘʢʦʥʘʤʠ ʧʨʠʨʦʜʠ; 

¶ ʟʨʦʩʪʘʥʥʷ ʨʦʣʽ ʘʚʪʦʥʦʤʥʠʭ, ʤʫʣʴʪʠʘʛʝʥʪʥʠʭ ʪʘ ʝʚʦʣʶʮʽʡʥʠʭ ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ ʜʦ 
ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʾ; 

¶ ʚʠʙʫʭʦʚʝ ʨʦʟʰʠʨʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʐɯ ʚ ʽʥʞʝʥʝʨʽʾ, ʨʦʙʦʪʦʪʝʭʥʽʮʽ ʪʘ 
ʤʘʪʝʨʽʘʣʦʟʥʘʚʩʪʚʽ; 

¶ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ, ʶʨʠʜʠʯʥʠʭ ʜʠʩʮʠʧʣʽʥʘʭ, ʩʬʝʨʽ ʝʪʠʢʠ ʪʘ 
ʩʦʮʽʦʛʫʤʘʥʽʪʘʨʥʠʭ ʥʘʫʢʘʭ; 

¶ ʟʘʨʦʜʞʝʥʥʷ ʥʦʦʥʦʤʽʯʥʦʾ ʬʽʣʦʩʦʬʽʾ, ʫ ʷʢʽʡ ʽʥʪʝʣʝʢʪ ʽ ʩʤʠʩʣʠ ʩʪʘʶʪʴ ʦʩʥʦʚʦʶ 
ʩʫʩʧʽʣʴʥʦʛʦ ʨʦʟʚʠʪʢʫ. 

ʎʽ ʽʜʝʾ ʩʪʘʣʠ ʦʩʥʦʚʦʶ ʨʦʟʛʦʨʥʫʪʦʛʦ ʘʥʘʣʽʪʠʯʥʦʛʦ ʦʛʣʷʜʫ ʤʘʪʝʨʽʘʣʽʚ ʮʽʻʾ ʢʦʥʬʝʨʝʥʮʽʾ. 

1. ʅʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʚ ʝʧʦʭʫ ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʟʩʫʚʫ. 

ʉʫʯʘʩʥʠʡ ʨʦʟʚʠʪʦʢ ʐɯ ʟʥʘʤʝʥʫʻ ʧʝʨʝʭʽʜ ʜʦ ʥʦʚʦʾ ʬʘʟʠ ʚʟʘʻʤʦʜʽʾ ʣʶʜʩʪʚʘ ʟ 
ʪʝʭʥʦʣʦʛʽʷʤʠ. ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʧʝʨʝʩʪʘʣʠ ʙʫʪʠ ʣʠʰʝ ʽʥʩʪʨʫʤʝʥʪʘʤʠ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʘʙʦ 
ʬʫʥʢʮʽʦʥʘʣʴʥʠʤʠ ʤʦʜʫʣʷʤʠ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʦʢʨʝʤʠʭ ʟʘʜʘʯ. ɺʦʥʠ ʧʝʨʝʪʚʦʨʠʣʠʩʷ ʥʘ ʩʚʦʻʨʽʜʥʫ 
ʢʦʛʥʽʪʠʚʥʦ-ʦʨʛʘʥʽʟʘʮʽʡʥʫ ʽʥʬʨʘʩʪʨʫʢʪʫʨʫ, ʱʦ ʬʦʨʤʫʻ ʩʧʦʩʦʙʠ ʤʠʩʣʝʥʥʷ, ʩʪʨʫʢʪʫʨʠ ʟʥʘʥʴ, 
ʣʦʛʽʢʫ ʤʦʜʝʣʶʚʘʥʥʷ ʪʘ ʤʝʪʦʜʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. 

ʎʝ ʦʟʥʘʯʘʻ, ʱʦ ʩʫʩʧʽʣʴʩʪʚʦ ʧʝʨʝʭʦʜʠʪʴ ʚʽʜ ʧʘʨʘʜʠʛʤʠ çʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʨʦʮʝʩʽʚè ʜʦ 
ʧʘʨʘʜʠʛʤʠ çʽʥʪʝʣʝʢʪʫʘʣʽʟʘʮʽʾ ʩʠʩʪʝʤʥʦʛʦ ʨʦʟʚʠʪʢʫè. ʋ ʮʽʡ ʥʦʚʽʡ ʧʘʨʘʜʠʛʤʽ ʪʝʭʥʦʣʦʛʽʷ ʥʝ 
ʧʨʦʩʪʦ ʚʠʢʦʥʫʻ ʬʫʥʢʮʽʶ, ʟʘʜʘʥʫ ʣʶʜʠʥʦʶ; ʚʦʥʘ ʜʦʧʦʚʥʶʻ ʣʶʜʩʴʢʝ ʤʠʩʣʝʥʥʷ, ʫʪʚʦʨʶʶʯʠ 
ʥʦʚʠʡ ʢʦʛʥʽʪʠʚʥʠʡ ʢʦʥʪʠʥʫʫʤ. 

ʋ ʧʣʝʥʘʨʥʠʭ ʜʦʧʦʚʽʜʷʭ ʢʦʥʬʝʨʝʥʮʽʾ ʙʫʣʦ ʯʽʪʢʦ ʦʢʨʝʩʣʝʥʦ ʢʽʣʴʢʘ ʢʣʶʯʦʚʠʭ 
ʩʧʦʩʪʝʨʝʞʝʥʴ: 

¶ ʐɯ ʩʪʘʻ ʩʧʽʚʫʯʘʩʥʠʢʦʤ ʧʽʟʥʘʥʥʷ. ʉʠʩʪʝʤʘ ʚʞʝ ʥʝ ʧʨʦʩʪʦ ʽʥʩʪʨʫʤʝʥʪ, ʘ ʘʢʪʠʚʥʠʡ 
ʧʘʨʪʥʝʨ ʫ ʚʠʷʚʣʝʥʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ, ʧʦʙʫʜʦʚʽ ʤʦʜʝʣʝʡ ʽ ʪʝʦʨʝʪʠʯʥʦʤʫ ʤʠʩʣʝʥʥʽ; 

¶ ʤʝʞʘ ʤʽʞ ʣʶʜʩʴʢʦʶ ʪʘ ʤʘʰʠʥʥʦʶ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽʩʪʶ ʩʪʘʻ ʫʤʦʚʥʦʶ. 
ʌʦʨʤʫʶʪʴʩʷ ʢʦʛʥʽʪʠʚʥʽ ʜʫʝʪʠ çʣʶʜʠʥʘ ï ʩʠʩʪʝʤʘè, ʫ ʷʢʠʭ ʦʙʠʜʚʽ ʩʪʦʨʦʥʠ ʙʝʨʫʪʴ ʫʯʘʩʪʴ ʫ 
ʪʚʦʨʯʠʭ ʽ ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʧʨʦʮʝʩʘʭ; 
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¶ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʨʦʟʚʠʪʦʢ ʧʦʪʨʝʙʫʻ ʝʪʠʯʥʠʭ ʪʘ ʥʦʨʤʘʪʠʚʥʠʭ ʨʘʤʦʢ. ɰʭ ʩʪʚʦʨʝʥʥʷ 
ʩʪʘʻ ʥʝ ʤʝʥʰ ʚʘʞʣʠʚʠʤ, ʥʽʞ ʨʦʟʚʠʪʦʢ ʩʘʤʠʭ ʤʦʜʝʣʝʡ; 

¶ ʥʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʬʦʨʤʫʶʪʴ ʧʽʜˇʨʫʥʪʷ ʥʦʦʥʦʤʽʯʥʦʛʦ ʨʦʟʚʠʪʢʫ.  ɯʥʪʝʣʝʢʪ, 
ʩʤʠʩʣʠ ʪʘ ʮʽʥʥʦʩʪʽ ʧʦʩʪʫʧʦʚʦ ʩʪʘʶʪʴ ʮʝʥʪʨʘʣʴʥʠʤʠ ʬʘʢʪʦʨʘʤʠ ʝʚʦʣʶʮʽʾ ʩʫʩʧʽʣʴʩʪʚʘ. 

ʆʩʦʙʣʠʚʦ ʚʘʛʦʤʠʤ ʻ ʫʩʚʽʜʦʤʣʝʥʥʷ ʪʦʛʦ, ʱʦ ʩʫʯʘʩʥʽ ʪʝʭʥʦʣʦʛʽʯʥʽ ʤʦʜʝʣʽ ð ʮʝ ʣʠʰʝ 
ʦʢʨʝʤʽ ʬʨʘʛʤʝʥʪʠ ʰʠʨʰʦʾ ʢʦʥʮʝʧʪʫʘʣʴʥʦʾ ʢʘʨʪʠʥʠ. ʄʠ ʩʪʘʻʤʦ ʩʚʽʜʢʘʤʠ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʾ 
ʩʠʩʪʝʤʥʦʾ ʥʘʫʢʠ, ʱʦ ʦʭʦʧʣʶʻ ʽʥʬʦʨʤʘʮʽʶ, ʽʥʪʝʣʝʢʪ, ʚʟʘʻʤʦʜʽʶ ʡ ʥʘʚʽʪʴ ʬʝʥʦʤʝʥ ʩʚʽʜʦʤʦʩʪʽ. 

2. ʌʫʥʜʘʤʝʥʪʘʣʴʥʽ ʥʘʧʨʷʤʢʠ ʩʫʯʘʩʥʦʾ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʥʘʫʢʠ. 

2.1. ʄʘʪʝʤʘʪʠʯʥʽ ʤʦʜʝʣʽ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ. 

ʉʝʢʮʽʷ B1 ʧʨʝʜʩʪʘʚʠʣʘ ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ ʜʦʩʣʽʜʞʝʥʴ, ʷʢʽ ʬʦʨʤʫʶʪʴ ʦʩʥʦʚʫ ʜʣʷ 
ʥʘʩʪʫʧʥʦʛʦ ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ʮʠʢʣʫ ʐɯ. 

ʉʝʨʝʜ ʢʣʶʯʦʚʠʭ ʥʘʧʨʷʤʽʚ: 
¶ ʬʽʟʠʯʥʦ ʽʥʬʦʨʤʦʚʘʥʽ ʥʝʡʨʦʤʝʨʝʞʽ (PINN), ʱʦ ʧʦʻʜʥʫʶʪʴ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʜʘʥʽ 

ʟ ʟʘʢʦʥʘʤʠ ʬʽʟʠʢʠ; 
¶ ʽʥʪʝʨʚʘʣʴʥʘ ʘʨʠʬʤʝʪʠʢʘ ʪʘ ʬʦʨʤʘʣʴʥʘ ʚʝʨʠʬʽʢʘʮʽʷ, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʜʽʡʥʽʩʪʴ 

ʤʦʜʝʣʝʡ ʫ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʭ ʩʠʩʪʝʤʘʭ; 
¶ ʦʥʪʦʣʦʛʽʯʥʽ ʪʘ ʩʝʤʘʥʪʠʯʥʽ ʧʽʜʭʦʜʠ, ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʧʽʜʚʠʱʠʪʠ ʽʥʪʝʨʧʨʝʪʦʚʘʥʽʩʪʴ 

ʤʦʜʝʣʝʡ; 
¶ ʛʽʧʝʨʧʘʨʘʤʝʪʨʠʯʥʘ ʦʧʪʠʤʽʟʘʮʽʷ, ʷʢʘ ʧʝʨʝʪʚʦʨʶʻ ʧʨʦʮʝʩ ʥʘʚʯʘʥʥʷ ʥʘ ʢʝʨʦʚʘʥʠʡ 

ʪʘ ʘʜʘʧʪʠʚʥʠʡ; 
¶ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʠʩʪʝʤ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ, ʷʢʽ ʚʽʜʢʨʠʚʘʶʪʴ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ 

ʦʙʯʠʩʣʝʥʴ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʥʘ ʦʙʤʝʞʝʥʠʭ ʘʧʘʨʘʪʥʠʭ ʨʝʩʫʨʩʘʭ. 
ʎʽ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʩʪʫʧʦʚʦ ʬʦʨʤʫʶʪʴ ʧʝʨʰʽ ʢʦʥʪʫʨʠ ʤʘʡʙʫʪʥʴʦʾ ʽʥʪʝʛʨʘʣʴʥʦʾ ʪʝʦʨʽʾ ʐɯ 

ð ʩʠʩʪʝʤʥʦʾ ʥʘʫʢʠ ʧʨʦ ʤʦʜʝʣʽ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʦʧʪʠʤʽʟʫʶʪʴʩʷ ʽ ʟʜʘʪʥʽ ʜʦ ʩʘʤʦʨʝʬʣʝʢʩʽʾ ʫ 
ʚʟʘʻʤʦʜʽʾ ʟʽ ʩʚʽʪʦʤ. 

2.2. ʂʦʛʥʽʪʠʚʥʽ ʪʘ ʧʦʚʝʜʽʥʢʦʚʽ ʩʠʩʪʝʤʠ. 

ʉʝʢʮʽʷ B2 ʧʦʢʘʟʘʣʘ, ʱʦ ʨʦʟʚʠʪʦʢ ʐɯ ʧʦʰʠʨʶʻʪʴʩʷ ʥʘ ʩʬʝʨʠ, ʧʦʚ'ʷʟʘʥʽ ʟ ʘʥʘʣʽʟʦʤ 
çʞʠʚʠʭè ʜʘʥʠʭ ð ʪʠʭ, ʱʦ ʚʽʜʦʙʨʘʞʘʶʪʴ ʧʦʚʝʜʽʥʢʫ, ʬʽʟʠʯʥʽ ʧʨʦʮʝʩʠ, ʙʽʦʣʦʛʽʯʥʽ ʩʠʛʥʘʣʠ ʪʘ 
ʩʦʮʽʘʣʴʥʫ ʜʠʥʘʤʽʢʫ. 

ʉʝʨʝʜ ʚʘʞʣʠʚʠʭ ʨʝʟʫʣʴʪʘʪʽʚ: 
¶ ʤʦʜʝʣʽ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʟʘ ʧʘʪʝʨʥʘʤʠ ʭʦʜʠ; 
¶ ʘʥʘʣʽʟ ʙʽʦʣʦʛʽʯʥʠʭ ʯʘʩʦʚʠʭ ʨʷʜʽʚ ʫ ʩʢʣʘʜʥʠʭ ʤʝʜʠʯʥʠʭ ʟʘʜʘʯʘʭ; 
¶ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ ʧʽʜ ʯʘʩ ʝʧʽʜʝʤʽʡ; 
¶ ʚʠʷʚʣʝʥʥʷ ʢʦʛʥʽʪʠʚʥʠʭ ʪʝʥʜʝʥʮʽʡ ʫ ʧʦʚʝʜʽʥʮʽ ʩʪʫʜʝʥʪʽʚ; 
¶ ʤʦʜʝʣʴʥʽ ʩʠʩʪʝʤʠ, ʱʦ ʚʽʜʪʚʦʨʶʶʪʴ ʢʦʛʥʽʪʠʚʥʫ ʜʠʥʘʤʽʢʫ ʫ ʩʢʣʘʜʥʠʭ 

ʩʝʨʝʜʦʚʠʱʘʭ. 
ʈʦʟʚʠʪʦʢ ʮʴʦʛʦ ʥʘʧʨʷʤʫ ʟʘʩʚʽʜʯʫʻ, ʱʦ ʐɯ ʥʘʚʯʘʻʪʴʩʷ ʧʨʘʮʶʚʘʪʠ ʟ ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʠʤʠ, 

ʙʘʛʘʪʦʚʠʤʽʨʥʠʤʠ ʡ ʥʝʣʽʥʽʡʥʠʤʠ ʜʘʥʠʤʠ, ʘʜʘʧʪʫʶʯʠʩʴ ʜʦ ʨʝʘʣʴʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʧʨʠʨʦʜʥʠʭ 
ʧʨʦʮʝʩʽʚ. 

2.3. ʉʦʮʽʘʣʴʥʽ, ʦʩʚʽʪʥʽ ʪʘ ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ ʐɯ. 

ʉʝʢʮʽʷ B3 ʩʪʘʣʘ ʦʜʥʠʤ ʽʟ ʢʦʥʮʝʧʪʫʘʣʴʥʠʭ ʷʜeʨ ʢʦʥʬʝʨʝʥʮʽʾ. 
ʅʘ ʥʽʡ ʦʙʛʦʚʦʨʶʚʘʣʠʩʷ ʧʠʪʘʥʥʷ, ʱʦ ʚʠʡʰʣʠ ʜʘʣʝʢʦ ʟʘ ʨʘʤʢʠ ʪʝʭʥʽʯʥʦʾ ʩʬʝʨʠ: 

¶ ʚʧʣʠʚ ʐɯ ʥʘ ʩʠʩʪʝʤʫ ʦʩʚʽʪʠ; 
¶ ʚʠʢʣʠʢʠ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʫ ʜʦʙʫ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ; 
¶ ʝʪʠʯʥʽ ʨʠʟʠʢʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ; 
¶ ʚʠʢʦʨʠʩʪʘʥʥʷ LLM  ʷʢ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʴʶʪʦʨʽʚ; 
¶ ʚʽʜʧʦʚʽʜʘʣʴʥʽʩʪʴ ʨʦʟʨʦʙʥʠʢʽʚ ʪʘ ʢʦʨʠʩʪʫʚʘʯʽʚ; 
¶ ʬʦʨʤʫʚʘʥʥʷ ʜʦʩʣʽʜʥʠʮʴʢʦʾ ʢʫʣʴʪʫʨʠ ʤʦʣʦʜʽ ʚ ʩʝʨʝʜʦʚʠʱʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʠʩʪʝʤ. 
ʎʽ ʨʦʙʦʪʠ ʟʘʩʚʽʜʯʫʶʪʴ ʧʦʷʚʫ ʛʫʤʘʥʽʪʘʨʥʦ ʦʨʽʻʥʪʦʚʘʥʦʛʦ ʐɯ, ʷʢʠʡ ʚʨʘʭʦʚʫʻ ʢʫʣʴʪʫʨʥʽ, 

ʝʪʠʯʥʽ ʪʘ ʩʦʮʽʘʣʴʥʽ ʨʝʘʣʽʾ. 
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3. ɯʥʞʝʥʝʨʥʽ ʟʘʩʪʦʩʫʚʘʥʥʷ: ʐɯ ʷʢ ʦʩʥʦʚʘ ʥʦʚʦʾ ʪʝʭʥʦʩʬʝʨʠ. 

3.1. ʈʦʙʦʪʦʪʝʭʥʽʢʘ, ʘʚʪʦʥʦʤʥʽ ʩʠʩʪʝʤʠ ʪʘ ʢʝʨʫʚʘʥʥʷ. 

ʉʝʢʮʽʷ C1 ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ʩʫʯʘʩʥʽ ʨʦʙʦʪʦʪʝʭʥʽʯʥʽ ʩʠʩʪʝʤʠ ʰʚʠʜʢʦ ʥʘʙʫʚʘʶʪʴ 
ʚʣʘʩʪʠʚʦʩʪʝʡ ʘʚʪʦʥʦʤʥʦʩʪʽ ʪʘ ʘʜʘʧʪʠʚʥʦʩʪʽ. 

ʇʨʝʜʩʪʘʚʣʝʥʽ ʨʦʙʦʪʠ ʦʭʦʧʣʶʶʪʴ: 
¶ ʨʦʡʦʚʽ ʩʠʩʪʝʤʠ ʪʘ ʢʦʦʧʝʨʘʪʠʚʥʫ ʧʦʚʝʜʽʥʢʫ ʨʦʙʦʪʽʚ; 
¶ reinforcement learning ʫ ʟʘʜʘʯʘʭ ʥʘʚʽʛʘʮʽʾ, ʢʝʨʫʚʘʥʥʷ ʪʘ ʦʧʪʠʤʽʟʘʮʽʾ; 
¶ ʮʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʢʦʤʧʣʝʢʩʽʚ; 
¶ ʘʣʛʦʨʠʪʤʠ ʘʜʘʧʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ ʤʘʥʽʧʫʣʷʪʦʨʽʚ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ; 
¶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʫ ʩʠʩʪʝʤʘʭ ʦʙʦʨʦʥʠ ʪʘ ʧʨʦʪʠʜʽʾ ʟʘʛʨʦʟʘʤ. 
ʋʩʽ ʮʽ ʨʦʙʦʪʠ ʩʚʽʜʯʘʪʴ, ʱʦ ʢʣʘʩʠʯʥʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʧʦʩʪʫʧʦʚʦ ʚʽʜʭʦʜʠʪʴ ʫ ʤʠʥʫʣʝ, ʘ ʾʾ 

ʤʽʩʮʝ ʟʘʡʤʘʻ ʢʦʛʥʽʪʠʚʥʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ, ʟʜʘʪʥʘ ʜʦ ʥʘʚʯʘʥʥʷ, ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʘ ʚʟʘʻʤʦʜʽʾ ʟʽ 
ʩʢʣʘʜʥʠʤʠ ʩʝʨʝʜʦʚʠʱʘʤʠ. 

3.2. ʄʘʪʝʨʽʘʣʦʟʥʘʚʩʪʚʦ, ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʚʠʨʦʙʥʠʯʽ ʩʠʩʪʝʤʠ. 

ʉʝʢʮʽʷ C2 ʧʦʢʘʟʘʣʘ, ʱʦ ʐɯ ʛʣʠʙʦʢʦ ʧʨʦʥʠʢʘʻ ʫ ʪʨʘʜʠʮʽʡʥʽ ʽʥʞʝʥʝʨʥʽ ʩʬʝʨʠ: 
¶ ʥʝʡʨʦʤʝʨʝʞʽ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʜʝʬʝʢʪʽʚ ʤʘʪʝʨʽʘʣʽʚ; 
¶ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʭʘʥʽʯʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʛʣʠʙʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ; 
¶ ʤʦʜʝʣʽ ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ; 
¶ ʦʧʪʠʤʽʟʘʮʽʷ ʧʦʩʘʜʦʢ ʧʽʜʰʠʧʥʠʢʽʚ ʥʝʡʨʦʝʚʦʣʶʮʽʡʥʠʤʠ ʤʝʪʦʜʘʤʠ; 
¶ ʤʦʜʝʣʶʚʘʥʥʷ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ. 
ʌʘʢʪʠʯʥʦ ʬʦʨʤʫʻʪʴʩʷ ʥʦʚʘ ʜʠʩʮʠʧʣʽʥʘ ð ʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʽʥʞʝʥʝʨʽʷ, ʫ ʷʢʽʡ ʢʣʶʯʦʚʽ 

ʨʽʰʝʥʥʷ ʫʭʚʘʣʶʶʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʝʡ, ʱʦ ʚʤʽʶʪʴ çʚʽʜʯʫʚʘʪʠè ʧʦʚʝʜʽʥʢʫ ʤʘʪʝʨʽʘʣʽʚ ʽ 
ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʩʠʩʪʝʤ. 

4. ʉʪʨʘʪʝʛʽʯʥʽ ʟʘʚʜʘʥʥʷ ʜʣʷ ʤʽʞʥʘʨʦʜʥʦʾ ʥʘʫʢʦʚʦʾ ʩʧʽʣʴʥʦʪʠ. 

4.1. ʉʪʚʦʨʝʥʥʷ ʛʣʠʙʦʢʦʾ ʪʝʦʨʽʾ ʐɯ. 

ʇʦʪʨʽʙʥʦ ʧʦʜʦʣʘʪʠ ʬʨʘʛʤʝʥʪʘʨʥʽʩʪʴ ʧʽʜʭʦʜʽʚ ʽ ʩʬʦʨʤʫʚʘʪʠ ʻʜʠʥʝ ʥʘʫʢʦʚʝ ʧʽʜˇʨʫʥʪʷ, 
ʱʦ ʚʢʣʶʯʘʻ: 

¶ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ; 
¶ ʬʽʟʠʯʥʦ ʽʥʬʦʨʤʦʚʘʥʽ ʤʦʜʝʣʽ; 
¶ ʢʦʛʥʽʪʠʚʥʽ ʘʨʭʽʪʝʢʪʫʨʠ; 
¶ ʝʪʠʯʥʽ ʧʨʠʥʮʠʧʠ; 
¶ ʩʝʤʘʥʪʠʯʥʽ ʩʠʩʪʝʤʠ. 
ʎʝ ʩʪʚʦʨʠʪʴ ʦʩʥʦʚʫ ʜʣʷ ʐɯ, ʟʜʘʪʥʦʛʦ ʜʦ ʩʤʠʩʣʦʚʦʛʦ ʫʟʛʦʜʞʝʥʥʷ ʨʽʰʝʥʴ. 

4.2. ʈʦʟʚʠʪʦʢ ʤʫʣʴʪʠʘʛʝʥʪʥʠʭ ʪʝʭʥʦʣʦʛʽʡ. 

ʄʘʡʙʫʪʥʻ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ð ʮʝ: 
¶ ʢʦʦʧʝʨʘʪʠʚʥʽ ʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ; 
¶ ʨʦʡʦʚʽ ʩʪʨʫʢʪʫʨʠ; 
¶ ʮʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ ʧʦʚʝʜʽʥʢʠ; 
¶ ʝʚʦʣʶʮʽʡʥʽ ʤʦʜʝʣʽ ʘʜʘʧʪʘʮʽʾ; 
¶ ʧʝʨʝʜʙʘʯʝʥʥʷ ʢʨʠʪʠʯʥʠʭ ʩʮʝʥʘʨʽʾʚ. 

4.3. ɯʥʪʝʣʝʢʪʫʘʣʴʥʝ ʚʠʨʦʙʥʠʮʪʚʦ. 

ʅʝʦʙʭʽʜʥʦ ʚʧʨʦʚʘʜʞʫʚʘʪʠ: 
¶ ʽʥʪʝʛʨʦʚʘʥʽ ʩʠʩʪʝʤʠ ʢʝʨʫʚʘʥʥʷ; 
¶ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʬʘʙʨʠʢʠ; 
¶ ʘʜʘʧʪʠʚʥʽ ʨʦʙʦʯʽ ʩʝʨʝʜʦʚʠʱʘ; 
¶ ʢʦʛʥʽʪʠʚʥʽ ʤʝʭʘʥʽʟʤʠ ʧʽʜʪʨʠʤʢʠ ʦʧʝʨʘʪʦʨʘ. 

4.4. ʄʝʜʠʯʥʽ ʪʘ ʙʽʦʧʦʚʝʜʽʥʢʦʚʽ ʟʘʩʪʦʩʫʚʘʥʥʷ. 

ʇʦʪʨʽʙʥʽ: 
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¶ ʥʘʮʽʦʥʘʣʴʥʽ ʜʘʪʘ-ʨʝʧʦʟʠʪʘʨʽʾ; 
¶ ʝʪʠʯʥʽ ʨʝʛʫʣʷʮʽʾ; 
¶ ʤʫʣʴʪʠʢʘʥʘʣʴʥʽ ʤʦʜʝʣʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ; 
¶ ʩʠʩʪʝʤʠ ʨʘʥʥʴʦʛʦ ʚʠʷʚʣʝʥʥʷ ʢʨʠʪʠʯʥʠʭ ʩʪʘʥʽʚ. 

4.5. ʎʽʥʥʽʩʥʽ ʪʘ ʥʦʨʤʘʪʠʚʥʽ ʟʘʩʘʜʠ ʐɯ. 

ʇʝʨʰʦʯʝʨʛʦʚʠʤʠ ʻ: 
¶ ʚʽʜʧʦʚʽʜʘʣʴʥʽʩʪʴ ʫ ʨʦʟʨʦʙʣʝʥʥʽ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʽ ʪʝʭʥʦʣʦʛʽʡ; 
¶ ʧʨʦʟʦʨʽʩʪʴ ʤʦʜʝʣʝʡ; 
¶ AI Act ʷʢ ʦʩʥʦʚʘ ʛʘʨʤʦʥʽʟʘʮʽʾ; 
¶ ʟʘʭʠʩʪ ʩʫʩʧʽʣʴʩʪʚʘ ʚʽʜ ʤʘʥʽʧʫʣʷʮʽʡ. 

4.6. ʆʩʚʽʪʘ ʡ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ ʜʦʩʣʽʜʥʠʢʽʚ. 

ʅʝʦʙʭʽʜʥʦ: 
¶ ʩʪʚʦʨʶʚʘʪʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ ʧʣʘʪʬʦʨʤʠ; 
¶ ʽʥʪʝʛʨʫʚʘʪʠ LLM ʫ ʥʘʚʯʘʥʥʷ; 
¶ ʧʽʜʪʨʠʤʫʚʘʪʠ ʤʦʣʦʜʴ ʫ ʥʘʫʢʦʚʠʭ ʧʨʦʻʢʪʘʭ. 

4.7. ʄʽʞʥʘʨʦʜʥʘ ʩʧʽʚʧʨʘʮʷ ʪʘ ʚʽʜʢʨʠʪʽ ʜʘʥʽ. 

ɺʘʞʣʠʚʦ: 
¶ ʦʙ'ʻʜʥʫʚʘʪʠ ʣʘʙʦʨʘʪʦʨʽʾ; 
¶ ʩʪʚʦʨʶʚʘʪʠ ʚʽʜʢʨʠʪʽ ʨʝʧʦʟʠʪʘʨʽʾ; 
¶ ʧʽʜʪʨʠʤʫʚʘʪʠ ʽʥʞʝʥʝʨʥʽ ʮʝʥʪʨʠ; 
¶ ʬʦʨʤʫʚʘʪʠ ʛʣʦʙʘʣʴʥʽ ʜʦʩʣʽʜʥʠʮʴʢʽ ʝʢʦʩʠʩʪʝʤʠ. 

5. ʅʝʡʨʦʤʝʨʝʞʽ ʪʘ ʥʦʦʥʦʤʽʢʘ: ʥʦʚʘ ʮʠʚʽʣʽʟʘʮʽʡʥʘ ʤʦʜʝʣʴ. 

ʅʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʩʪʘʶʪʴ ʧʽʜˇʨʫʥʪʷʤ ʩʫʩʧʽʣʴʩʪʚʘ, ʫ ʷʢʦʤʫ: 
¶ ʟʥʘʥʥʷ ʧʦʻʜʥʫʶʪʴʩʷ ʟʽ ʩʤʠʩʣʘʤʠ; 
¶ ʪʝʭʥʦʣʦʛʽʾ ð ʟ ʢʫʣʴʪʫʨʦʶ; 
¶ ʜʘʥʽ ð ʟ ʮʽʥʥʦʩʪʷʤʠ. 
ʅʦʦʥʦʤʽʢʘ ð ʮʝ ʨʫʭ ʚʽʜ ʝʢʦʥʦʤʽʢʠ ʨʝʩʫʨʩʽʚ ʜʦ ʝʢʦʥʦʤʽʢʠ ʽʥʪʝʣʝʢʪʫ. ʐɯ ʩʪʘʻ ʥʝ ʣʠʰʝ 

ʽʥʩʪʨʫʤʝʥʪʦʤ, ʘ ʧʨʦʩʪʦʨʦʤ, ʫ ʷʢʦʤʫ ʚʽʜʙʫʚʘʻʪʴʩʷ ʪʚʦʨʝʥʥʷ ʥʦʚʠʭ ʬʦʨʤ ʚʟʘʻʤʦʜʽʾ, ʥʦʚʠʭ 
ʩʪʨʫʢʪʫʨ ʦʨʛʘʥʽʟʘʮʽʾ ʪʘ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʨʦʟʚʠʪʢʫ. 

6. ʇʽʜʩʫʤʢʦʚʝ ʙʘʯʝʥʥʷ: ʐɯ ʷʢ ʧʘʨʪʥʝʨ ʣʶʜʠʥʠ. 

ʋʟʘʛʘʣʴʥʶʶʯʠ ʤʘʪʝʨʽʘʣʠ ʢʦʥʬʝʨʝʥʮʽʾ, ʤʦʞʥʘ ʩʪʚʝʨʜʞʫʚʘʪʠ: 
ʐɯ ʧʝʨʝʩʪʘʚ ʙʫʪʠ ʪʝʭʥʦʣʦʛʽʻʶ ʚ ʢʣʘʩʠʯʥʦʤʫ ʩʝʥʩʽ. ɺʽʥ ʩʪʘʻ ʧʘʨʪʥʝʨʦʤ, ʩʧʽʚʘʚʪʦʨʦʤ, 

ʢʦʛʥʽʪʠʚʥʠʤ ʩʧʽʚʫʯʘʩʥʠʢʦʤ. 
ʅʝʡʨʦʤʝʨʝʞʥʽ ʩʠʩʪʝʤʠ: 
¶ ʧʦʩʠʣʶʶʪʴ ʤʦʞʣʠʚʦʩʪʽ ʤʠʩʣʝʥʥʷ; 
¶ ʜʦʧʦʤʘʛʘʶʪʴ ʚʽʜʢʨʠʚʘʪʠ ʥʦʚʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ; 
¶ ʧʽʜʪʨʠʤʫʶʪʴ ʽʥʞʝʥʝʨʥʽ, ʤʝʜʠʯʥʽ, ʩʦʮʽʘʣʴʥʽ ʡ ʦʩʚʽʪʥʽ ʨʽʰʝʥʥʷ; 
¶ ʩʪʘʶʪʴ ʯʘʩʪʠʥʦʶ ʢʫʣʴʪʫʨʠ ʪʘ ʩʧʦʩʦʙʫ ʞʠʪʪʷ; 
¶ ʬʦʨʤʫʶʪʴ ʩʪʨʫʢʪʫʨʫ ʤʘʡʙʫʪʥʴʦʾ ʥʦʦʩʬʝʨʠ. 
 
ʃʶʜʩʪʚʦ ʚʭʦʜʠʪʴ ʫ ʥʦʚʫ ʝʧʦʭʫ, ʫ ʷʢʽʡ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʧʨʦʛʨʝʩ ʽ ʛʫʤʘʥʽʪʘʨʥʠʡ ʨʦʟʚʠʪʦʢ 

ʩʪʘʶʪʴ ʜʚʦʤʘ ʚʟʘʻʤʦʧʦʚôʷʟʘʥʠʤʠ ʩʪʦʨʦʥʘʤʠ ʻʜʠʥʦʛʦ ʧʨʦʮʝʩʫ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʮʽʡ ʥʦʚʽʡ 
ʮʠʚʽʣʽʟʘʮʽʡʥʽʡ ʤʦʜʝʣʽ ʩʪʘʻ ʥʝ ʟʘʤʽʥʥʠʢʦʤ ʣʶʜʠʥʠ, ʘ ʾʾ ʧʨʠʨʦʜʥʠʤ ʜʦʧʦʚʥʝʥʥʷʤ ð 
ʽʥʩʪʨʫʤʝʥʪʦʤ ʛʘʨʤʦʥʽʟʘʮʽʾ, ʪʚʦʨʯʦʛʦ ʨʦʟʰʠʨʝʥʥʷ ʪʘ ʧʦʛʣʠʙʣʝʥʥʷ ʨʦʟʫʤʽʥʥʷ ʩʚʽʪʫ. 
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NEURAL NETWORK ïDRIVEN TRANSFORMATION OF HIGHER EDUCATION 

TOWARD AN INTELLIGENT EDUCATIONAL ECOSYSTEM OF THE FUTURE. 

Abstract. This paper examines the transformation of higher education through neural network 

technologies and artificial intelligence, focusing on intelligent educational ecosystems. The research analyzes 

how deep learning architectures reshape pedagogical practices, assessment methodologies, and knowledge 

creation in contemporary universities. Employing systems analysis, cybernetics, and scientometric analysis of 

over 300 publications, the study investigates the transition from traditional linear knowledge transfer to 

dynamic AI-augmented learning ecosystems. Special attention is devoted to Ukraine, where educational 

innovation occurs under armed conflict and resource constraints, demonstrating neural networks as catalysts 

for educational resilience. The research identifies three dimensions of the neural intelligence divide: 

infrastructural-computational access, neural literacy competency, and sociocultural-ethical barriers. Novel 

metrics include an AI-Enhanced Educational-Scientific Productivity Index and an Index of Neural Network-

Enhanced Practical Knowledge Integration. The A-Q-R-N quadrad model (Accessibility, Quality, Recognition, 

Neural Intelligence) provides a framework for sustainable intelligent educational systems. Findings reveal 

that 21st-century educational effectiveness depends on institutional capacity for neural network-enabled self-

organization, AI-driven adaptation, and international integration through shared machine learning 

infrastructure. The research demonstrates how intelligent laboratories implementing education-through-

research principles, augmented by AI assistants and digital twins, create pathways toward the intelligent 

educational ecosystem of the future. 

Keywords: neural networks, artificial intelligence, educational ecosystem, deep learning, digital 

transformation, higher education, adaptive learning, algorithmic ethics 

ɸʥʦʪʘʮʽʷʶ ɼʘʥʘ ʨʦʙʦʪʘ ʜʦʩʣʽʜʞʫʻ ʪʨʘʥʩʬʦʨʤʘʮʽʶ ʚʠʱʦʾ ʦʩʚʽʪʠ ʯʝʨʝʟ ʪʝʭʥʦʣʦʛʽʾ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʪʘ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʟʦʩʝʨʝʜʞʫʶʯʠʩʴ ʥʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ ʝʢʦʩʠʩʪʝʤʘʭ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʘʥʘʣʽʟʫʻ, ʷʢ ʘʨʭʽʪʝʢʪʫʨʠ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʟʤʽʥʶʶʪʴ ʧʝʜʘʛʦʛʽʯʥʽ ʧʨʘʢʪʠʢʠ, 

ʤʝʪʦʜʦʣʦʛʽʾ ʦʮʽʥʶʚʘʥʥʷ ʪʘ ʩʪʚʦʨʝʥʥʷ ʟʥʘʥʴ ʫ ʩʫʯʘʩʥʠʭ ʫʥʽʚʝʨʩʠʪʝʪʘʭ. ɺʠʢʦʨʠʩʪʦʚʫʶʯʠ ʩʠʩʪʝʤʥʠʡ 

ʘʥʘʣʽʟ, ʢʽʙʝʨʥʝʪʠʢʫ ʪʘ ʥʘʫʢʦʤʝʪʨʠʯʥʠʡ ʘʥʘʣʽʟ ʧʦʥʘʜ 300 ʧʫʙʣʽʢʘʮʽʡ, ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʚʯʘʻ ʧʝʨʝʭʽʜ ʚʽʜ 

ʪʨʘʜʠʮʽʡʥʦʾ ʣʽʥʽʡʥʦʾ ʧʝʨʝʜʘʯʽ ʟʥʘʥʴ ʜʦ ʜʠʥʘʤʽʯʥʠʭ AI-ʧʦʩʠʣʝʥʠʭ ʥʘʚʯʘʣʴʥʠʭ ʝʢʦʩʠʩʪʝʤ. ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ 

ʧʨʠʜʽʣʝʥʦ ʋʢʨʘʾʥʽ, ʜʝ ʦʩʚʽʪʥʽ ʽʥʥʦʚʘʮʽʾ ʚʽʜʙʫʚʘʶʪʴʩʷ ʚ ʫʤʦʚʘʭ ʟʙʨʦʡʥʦʛʦ ʢʦʥʬʣʽʢʪʫ ʪʘ ʦʙʤʝʞʝʥʠʭ 

ʨʝʩʫʨʩʽʚ, ʜʝʤʦʥʩʪʨʫʶʯʠ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʷʢ ʢʘʪʘʣʽʟʘʪʦʨʠ ʦʩʚʽʪʥʴʦʾ ʩʪʽʡʢʦʩʪʽ. ɼʦʩʣʽʜʞʝʥʥʷ ʚʠʟʥʘʯʘʻ 

ʪʨʠ ʚʠʤʽʨʠ ʨʦʟʨʠʚʫ ʚ ʥʝʡʨʦʥʥʦʤʫ ʽʥʪʝʣʝʢʪʽ: ʽʥʬʨʘʩʪʨʫʢʪʫʨʥʦ-ʦʙʯʠʩʣʶʚʘʣʴʥʠʡ ʜʦʩʪʫʧ, 

ʢʦʤʧʝʪʝʥʪʥʽʩʪʴ ʥʝʡʨʦʥʥʦʾ ʛʨʘʤʦʪʥʦʩʪʽ ʪʘ ʩʦʮʽʦʢʫʣʴʪʫʨʥʦ-ʝʪʠʯʥʽ ʙʘʨ'ʻʨʠ. ʅʦʚʽ ʤʝʪʨʠʢʠ 

ʚʢʣʶʯʘʶʪʴ AI-ʧʦʩʠʣʝʥʠʡ ʽʥʜʝʢʩ ʦʩʚʽʪʥʴʦ-ʥʘʫʢʦʚʦʾ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ ʽʥʜʝʢʩ ʥʝʡʨʦʤʝʨʝʞʝʚʦʾ 

ʽʥʪʝʛʨʘʮʽʾ ʧʨʘʢʪʠʯʥʠʭ ʟʥʘʥʴ. ʄʦʜʝʣʴ A-Q-R-N ʢʚʘʜʨʘʜ (ɼʦʩʪʫʧʥʽʩʪʴ, ʗʢʽʩʪʴ, ɺʠʟʥʘʥʥʷ, ʅʝʡʨʦʥʥʠʡ 

ɯʥʪʝʣʝʢʪ) ʥʘʜʘʻ ʦʩʥʦʚʫ ʜʣʷ ʩʪʽʡʢʠʭ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ ʩʠʩʪʝʤ. ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʫʶʪʴ, ʱʦ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʦʩʚʽʪʠ 21 ʩʪʦʣʽʪʪʷ ʟʘʣʝʞʠʪʴ ʚʽʜ ʽʥʩʪʠʪʫʮʽʡʥʦʾ ʩʧʨʦʤʦʞʥʦʩʪʽ ʜʦ ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʾ ʥʘ 

ʙʘʟʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, AI-ʘʜʘʧʪʘʮʽʾ ʪʘ ʤʽʞʥʘʨʦʜʥʦʾ ʽʥʪʝʛʨʘʮʽʾ ʯʝʨʝʟ ʩʧʽʣʴʥʫ ʽʥʬʨʘʩʪʨʫʢʪʫʨʫ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɼʦʩʣʽʜʞʝʥʥʷ ʜʝʤʦʥʩʪʨʫʻ, ʷʢ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʣʘʙʦʨʘʪʦʨʽʾ ʟ ʧʨʠʥʮʠʧʘʤʠ ʦʩʚʽʪʠ 

ʯʝʨʝʟ ʜʦʩʣʽʜʞʝʥʥʷ, ʧʦʩʠʣʝʥʽ AI-ʘʩʠʩʪʝʥʪʘʤʠ ʪʘ ʮʠʬʨʦʚʠʤʠ ʜʚʽʡʥʠʢʘʤʠ, ʩʪʚʦʨʶʶʪʴ ʰʣʷʭʠ ʜʦ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʦʩʚʽʪʥʴʦʾ ʝʢʦʩʠʩʪʝʤʠ ʤʘʡʙʫʪʥʴʦʛʦ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʦʩʚʽʪʥʷ ʝʢʦʩʠʩʪʝʤʘ, ʛʣʠʙʦʢʝ ʥʘʚʯʘʥʥʷ, 

ʮʠʬʨʦʚʘ ʪʨʘʥʩʬʦʨʤʘʮʽʷ, ʚʠʱʘ ʦʩʚʽʪʘ, ʘʜʘʧʪʠʚʥʝ ʥʘʚʯʘʥʥʷ, ʘʣʛʦʨʠʪʤʽʯʥʘ ʝʪʠʢʘ 

 

Higher education stands at a critical crossroads. The university, as we have known it for 

centuries, is undergoing a transformation so profound that it challenges our fundamental 

understanding of what it means to teach, learn, and create knowledge. We are witnessing the 

emergence of a new paradigmðone powered by neural networks and artificial intelligenceðthat 

dissolves the rigid boundaries between formal instruction, non-formal learning experiences, and the 

informal acquisition of knowledge that happens organically in our increasingly connected world. 



 

 

16 

 

This transformation leverages the pattern-recognition capabilities of neural networks to create 

adaptive learning pathways, personalized educational experiences, and intelligent systems that can 

predict student needs, optimize curriculum design, and facilitate knowledge discovery in ways 

previously unimaginable. The intelligent educational ecosystem is not happening in isolation or in 

some idealized laboratory setting. It is unfolding in real-time, across continents and cultures, 

reshaping the landscape of education through deep learning algorithms, natural language processing, 

and cognitive computing architectures. And perhaps nowhere is this transformation more dramatic, 

more urgent, and more inspiring than in Ukraineða nation that finds itself reimagining education not 

despite unprecedented challenges, but in many ways because of them. 

Innovation Born from Adversity: Neural Networks as Catalysts. 

Ukraine's educational journey presents us with a compelling paradox. Here is a country 

grappling with war, experiencing mass migration on a scale not seen in Europe for generations, and 

operating under severe resource constraints that would cripple many systems. Yet rather than 

collapsing under these pressures, Ukrainian higher education is actively participating inðand in some 

ways leadingðthe global transformation toward neural network-driven, intelligent ecosystem-based 

learning. 

The engineering schools of Ukraine are becoming laboratories for a new kind of education, 

one that honors the deep traditions of technical excellence that have long defined Eastern European 

technical education while simultaneously embracing cutting-edge neural architectures, convolutional 

networks for pattern recognition, recurrent networks for sequential learning, transformer models for 

language understanding, and the principles of open science enhanced by machine intelligence. This 

synthesis is not merely theoretical. It is happening now, in classrooms and laboratories across the 

country, creating what might be called the intelligent ecosystem of the futureða living, breathing 

network of knowledge creation and exchange powered by neural computation. 

More Than Just Technology: The Neural Infrastructure Challenge. 

As we move deeper into the age of artificial intelligence, we have discovered that the concept 

of a "digital divide" extends into a "neural intelligence divide"ðfar more complex than we initially 

imagined. It is not simply a matter of who has computers and who does not, but who has access to 

neural network infrastructure, training capabilities, and AI-powered educational tools. 

The divide manifests across three distinct but interconnected dimensions, each presenting its 

own challenges and requiring its own solutions. 

The first dimension is infrastructural and computational. Even in our supposedly connected 

world, access to high-speed internet, GPU clusters for neural network training, and contemporary 

computational resources capable of running sophisticated AI models remains shockingly unequal. 

Students in major urban centers may enjoy access to cloud-based neural network platforms, pre-

trained transformer models, and powerful edge computing devices, while their peers in rural areas 

struggle with intermittent connectivity and hardware incapable of running even basic machine 

learning applications. This infrastructure gap creates a fundamental inequality in educational 

opportunity that no amount of pedagogical innovation can fully overcome. 

The second dimension concerns neural literacy and AI competency. Understanding how 

neural networks learn, how to train models ethically, how to interpret AI outputs critically, and how 

to leverage these tools effectively exists on a spectrum. Among both educators and students, we find 

enormous variation in the ability to work with neural architectures, understand backpropagation and 

gradient descent, or critically evaluate AI-generated content. Some faculty members have embraced 

neural network tools with enthusiasm, transforming their teaching practices through intelligent 

tutoring systems and AI-augmented assessments. Others find themselves overwhelmed, struggling to 

understand concepts like attention mechanisms, embeddings, or transfer learning that their students 

may grasp intuitively, creating a generational and experiential gap that can undermine the learning 

process. 
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The third dimension is perhaps the most subtle but also the most significant: the sociocultural 

and ethical barriers to neural network-driven education. These include concerns about algorithmic 

bias, fears of dehumanization through automation, resistance to AI assessment systems perceived as 

lacking nuance, and broader anxieties about machine intelligence replacing human judgment. They 

include questions about data privacy when learning systems continuously collect behavioral 

information to train their models. And they include a reluctance toward black-box decision-makingð

the challenge that even sophisticated neural networks often function as opaque systems whose internal 

reasoning remains difficult to interpret or explain. 

The Changing Role of Educators in a Neural Network-Powered World. 

Neural networks and AI-driven adaptive learning platforms are fundamentally reshaping what 

it means to be an educator. The traditional role of the teacher as the primary transmitter of 

knowledgeðthe sage on the stage, as the clich® goesðis becoming obsolete not just because 

information is ubiquitous, but because neural networks can now personalize that information delivery, 

adapt to individual learning styles, and provide immediate, contextualized feedback at scale. 

Educators are thus evolving into architects of intelligent learning experiences, trainers of AI 

teaching assistants, and interpreters who help students understand not just subject matter but also how 

to work alongside artificial intelligence. They become designers of neural network-enhanced 

curricula, mentors who guide students through the ethical implications of AI, and coaches who help 

develop AI literacyðthe ability to understand when to trust machine intelligence, when to question 

it, and how to maintain human agency in an AI-augmented world. 

This transformation opens up exciting possibilities, but it also introduces significant risks. 

There is a very real danger that in our rush to embrace neural network efficiency and scalability, we 

might lose what has always been most valuable about education: its humanistic dimension. Critical 

thinking cannot be reduced to a classification algorithm. Creative freedom resists the optimization 

functions that neural networks employ. Academic integrity requires judgment, context, and an 

understanding of human motivation that no artificial intelligence, however sophisticated its 

architecture, can fully replicate. 

We must ask ourselves: How do we harness the power of neural networks and deep learning 

to enhance education without reducing it to mere pattern matching? How do we scale personalized 

learning through AI without losing the irreplaceable human connection? How do we use intelligent 

systems to handle routine cognitive tasks so educators can focus on what matters mostðdeveloping 

wisdom, ethical reasoning, and the uniquely human capacities that no neural network can simulate? 

The Challenge of Recognition in a Neural Network-Validated Landscape. 

The neural network-driven transformation of education has given rise to an explosion of new 

credential forms validated by AI systems. Micro-credentials promise to capture specific competencies 

more precisely than traditional degrees, often assessed through neural network-based skill 

verification. Digital badges offer visual, shareable representations of achievements validated by 

machine learning models that analyze project portfolios, code repositories, and demonstrated 

capabilities. Online certificates from prestigious institutions can be earned from anywhere in the 

world, with neural networks monitoring engagement, detecting potential academic dishonesty, and 

adapting assessment difficulty in real-time. 

AI-powered credential platforms can now analyze learning trajectories across multiple 

institutions, creating comprehensive skill profiles that transcend traditional transcripts. Neural 

networks can predict competency equivalencies across different educational systems, potentially 

solving recognition challenges that have plagued international education for decades. 

This proliferation creates opportunity but also new challenges. How do we ensure that neural 

network assessment systems are free from bias? What does a micro-credential validated by one 

institution's AI system mean in relation to a similar one validated by another? How should employers 

trust neural network-generated skill assessments? The mechanisms for AI-driven comparability and 
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accreditation remain in development, requiring new frameworks for algorithmic transparency and 

standardized validation protocols. 

For Ukraine, this challenge takes on additional significance. The country must integrate itself 

into European quality assurance systemsðthe European Standards and Guidelines for Quality 

Assurance (ESG), the European Qualifications Framework (EQF), the European Credit Transfer and 

Accumulation System (ECTS)ðwhile simultaneously building neural network infrastructure for 

credential validation and preserving its national scientific identity. This requires developing AI 

systems that can bridge different educational traditions while maintaining cultural and pedagogical 

specificity. 

A Methodological Approach: Neural Network Analysis of Educational Systems. 

To understand these complex dynamics, we employed a multi-faceted research methodology 

drawing on systems analysis, cybernetics, pedagogical ergonomics, neural network modeling, and 

the theory of complex adaptive systems enhanced by machine learning techniques. Education, after 

all, is not a simple linear process but a complex adaptive systemðone that responds to stimuli in non-

linear ways, exhibits emergent properties not predictable from its individual components, and 

continuously evolves in response to its environmentðcharacteristics that make it ideally suited for 

analysis through neural network architectures designed to capture complex, non-linear relationships. 

Our investigation employed neural network-based content analysis of over three hundred 

scholarly publications indexed in Scopus and Web of Science, using natural language processing and 

topic modeling to identify patterns and emerging themes. We utilized deep learning models for 

scientometric analysis to identify trends in the research literature itself, employing recurrent neural 

networks to detect temporal patterns and transformer architectures to understand semantic 

relationships between concepts. We conducted neural network-enhanced comparative analyses of 

educational systems in Ukraine, Hungary, and Serbiaðthree post-Soviet or post-socialist nations 

navigating similar challenges but following somewhat different pathsðusing clustering algorithms 

to identify similarities and differences. And we performed expert evaluations augmented by AI 

analysis of fifteen engineering educational programs according to European quality assurance criteria, 

with neural networks helping to identify patterns that might escape human observation alone. 

From Linear Knowledge Transfer to Neural Network-Mediated Dynamic Ecosystems. 

This research revealed a fundamental shift in the structure of education itself, one that mirrors 

the architectural principles of neural networks. The classical model of education, which has 

dominated for centuries, follows a linear chain: the educator possesses knowledge, transmits it to the 

student through lectures and readings, and then assesses whether the student has successfully 

absorbed it through examinations and assignments. This model treats knowledge as a commodity to 

be transferred, students as receptacles to be filled, and education as a production process with inputs 

and outputs. 

The emerging intelligent ecosystem model operates on entirely different principlesð

principles that parallel how neural networks learn and process information. Here, education is 

understood as a multi-layered, interconnected network of nodes and pathwaysða complex web of 

relationships in which educators, students, artificial intelligence systems, industry partners, and 

global knowledge networks engage in continuous bidirectional exchange of information and 

competencies, much like the forward and backward propagation in neural network training. 

In this ecosystem, knowledge is not transmitted but co-created through processes analogous 

to neural network learning: exposure to examples, pattern recognition, error correction through 

feedback, and gradual refinement through iteration. Students are not passive recipients but active 

nodes in a learning network, each contributing their unique patterns and perspectives. Learning 

happens not in isolation but through connection, collaboration, and contributionðdistributed 

cognition that mirrors the distributed processing of neural networks. 

The neural network metaphor extends deeper: just as deep learning systems contain multiple 

hidden layers that extract progressively more abstract representations, the intelligent educational 
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ecosystem supports multiple levels of knowledge abstraction, from concrete skills to theoretical 

principles to meta-cognitive awareness. Just as neural networks employ attention mechanisms to 

focus on relevant information, AI-enhanced learning platforms help students and educators identify 

what matters most in vast information landscapes. And just as transfer learning allows neural 

networks to apply knowledge gained in one domain to new problems, the ecosystem facilitates the 

transfer of competencies across disciplines and contexts. 

Education Through AI -Augmented Research. 

The practical implementation of this neural network-driven ecosystem model can be seen in 

next-generation intelligent laboratories. Within the frameworks of projects like ICS-Lab (Intelligent 

Control Systems Laboratory) and MROM-Lab (Magnetoresonance and Materials Research 

Laboratory), a new principle has taken root: education through AI-augmented research. 

Students are not merely learning about scientific concepts in the abstract; they are actively 

engaging with real research questions using neural network-powered tools and methodologies. In 

these laboratories, students work with sophisticated simulators enhanced by generative adversarial 

networks that can create realistic synthetic data for training. They interact with digital twinsðvirtual 

replicas of actual production systems that use neural networks to model complex physical phenomena 

and predict system behavior. They develop and train their own machine learning modules using 

frameworks like TensorFlow and PyTorch to solve real-world problems. They use Python with neural 

network libraries to implement computer vision systems, natural language processing applications, 

and reinforcement learning algorithms for robotic control. They employ large language models and 

specialized AI assistants to model technological processes, exploring how transformer architectures 

and attention mechanisms can augment human problem-solving capabilities. 

Students learn to work with convolutional neural networks for image analysis, recurrent 

networks for time-series prediction, and graph neural networks for modeling complex system 

interactions. They experiment with neural architecture search to automatically design optimal 

network structures for specific problems. They explore explainable AI techniques to understand how 

their trained models make decisions, developing critical thinking about algorithmic transparency and 

bias. 

To measure the effectiveness of this approach, we developed an Index of Neural Network-

Enhanced Practical Knowledge Integration, which quantifies the ratio of students actively engaged in 

projects utilizing AI, neural network development, virtual and augmented reality enhanced by 

computer vision, and intelligent digital twins to the total student population. When this index exceeds 

unityðwhen each student is participating in multiple AI-augmented research directions 

simultaneouslyðwe know that neural network-driven, research-based learning has truly become the 

norm rather than the exception. 

Measuring Quality in the Neural Intelligence Age. 

How do we measure the quality of education in this new intelligent ecosystem? Traditional 

metricsðgraduation rates, employment statistics, student satisfaction surveysðtell us something, but 

they cannot capture the full picture of neural network-enhanced learning. We need new ways of 

understanding educational effectiveness that reflect the multidimensional nature of AI-augmented 

education in a digitally networked environment. 

One approach is through an AI-Enhanced Educational-Scientific Productivity Index, which 

combines multiple indicators into a composite measure of institutional performance in the neural 

network era. This index incorporates traditional research metrics enhanced by AI analysis: the ratio 

of publications to faculty members analyzed for impact using neural network-based citation 

prediction models, weighted by 0.25. It includes the institution's h-index relative to comparable 

institutions, augmented by machine learning models that predict future research trajectory, weighted 

by 0.25 to reflect the importance of research quality and momentum. 

But the neural intelligence age demands new metrics. The index also includes a Neural 

Network Literacy Score measuring the proportion of graduates demonstrating practical competency 
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in developing, training, and deploying machine learning systems, weighted by 0.20. It accounts for 

AI Integration Depthðthe extent to which neural networks are embedded throughout the curriculum 

as tools for learning enhancement, assessment, and knowledge discovery, weighted by 0.15. And it 

measures Algorithmic Ethics Competencyðevidence that students can critically evaluate AI systems, 

identify bias, and reason about the societal implications of artificial intelligence, weighted by 0.15. 

This kind of composite, AI-informed index has its limitationsðno single metric can fully 

capture educational qualityðbut it provides a more nuanced picture than any individual measure 

alone. It recognizes that quality in higher education emerges from the intersection of teaching, 

research, neural network literacy, and ethical awareness about artificial intelligence. 

Resilience Through Neural Network-Driven Transformation . 

Ukraine's journey toward the intelligent educational ecosystem of the future is unfolding under 

conditions that would seem almost impossibly difficult. The ongoing war has disrupted lives, 

destroyed infrastructure, and created enormous psychological trauma. Mass migration has scattered 

families and separated students from their institutions. Resource constraints make every investment 

difficult, every innovation a struggle against scarcity. 

Yet paradoxically, these very challenges have catalyzed remarkable neural network-driven 

innovation. The necessity of maintaining educational continuity during wartime has accelerated not 

just remote learning but the development of AI-powered adaptive systems that can personalize 

instruction at scale with limited human resources. Partnerships with European institutions, forged 

partly out of necessity, have created new channels for sharing neural network models, AI training 

resources, and collaborative research in machine learning applications. 

The imperative to do more with less has sparked creative solutions leveraging neural 

intelligence: automated assessment systems that provide detailed feedback without requiring 

extensive faculty time, AI tutoring systems that support students when human mentors are 

unavailable, neural network-based resource optimization that ensures maximum educational impact 

from constrained budgets, and intelligent early warning systems that use predictive analytics to 

identify students at risk of dropping out before intervention becomes impossible. 

Remote laboratories have become not just a pandemic expedient but a permanent feature of 

the educational landscape, with neural networks enabling sophisticated virtual experiments, AI-

powered equipment simulation, and intelligent data analysis that can guide student inquiry. Joint 

platforms with European partners have opened up new possibilities for collaborative learning and 

research, with machine translation powered by transformer models reducing language barriers and 

collaborative filtering algorithms connecting students and researchers with shared interests across 

institutions. 

Bringing Neural Intelligence to Life. 

The transformation from traditional classrooms to intelligent educational ecosystems is not 

merely theoretical. It manifests in concrete neural network applications and tangible outcomes. 

In ICS-Lab, students master the automation of robots and hydraulic drives using industry-

standard tools augmented by reinforcement learning algorithms that optimize control strategies. They 

develop computer vision systems using convolutional neural networks to enable robots to perceive 

and interact with their environment. Neural network-based AI assistants support students in modeling 

complex technological processes, demonstrating how human intelligence and artificial neural 

intelligence can work in concert to solve problems neither could address alone. 

In MROM-Lab, students investigate magnetoresonance methods for increasing component 

durability, using neural networks to analyze complex spectroscopic data and predict material 

properties. Machine learning models help them identify optimal processing parameters, exploring 

vast parameter spaces far more efficiently than traditional trial-and-error approaches. They engage 

with cutting-edge materials science while developing practical skills in data science, neural network 

training, and AI-augmented research. 
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These laboratories embody several key principles of the intelligent educational ecosystem. 

First, neural network technologies constitute education's internal core, not external additions. AI is 

not bolted onto traditional pedagogy but woven into its fabric from the beginningðpresent in content 

delivery, assessment, research tools, and even in the meta-learning processes that help students 

understand how they learn best. 

Second, international cooperationðfacilitated through networks like DAAAM International, 

IFToMM (International Federation for the Promotion of Mechanism and Machine Science), and 

EURGAI (European Robotics and AI Association)ðensures not merely student mobility but genuine 

mutual learning among universities, with shared neural network models, collaborative AI research, 

and distributed training of large-scale machine learning systems that no single institution could 

manage alone. 

Finally, algorithmic integrity emerges as a new form of academic ethics, requiring us to think 

carefully about issues of authorship when AI generates content, attribution when neural networks 

assist in research, bias when machine learning systems make decisions about students, transparency 

when algorithms determine educational pathways, and honesty in an age when AI can generate 

seemingly original content, solve complex problems, and even write sophisticated code at the click 

of a button. 

Moving Beyond Institutional Boundaries: The Neural Network of Universities. 

A crucial insight from this research is that educational effectiveness in the 21st century 

depends not solely on the quality of classroom instruction but on the capacity of educational systems 

for neural network-enabled self-organization, AI-driven adaptation, and international integration 

through shared machine learning infrastructure. 

Universities cannot remain isolated fortresses of knowledge. They must function as nodes in 

a global neural network of educationða distributed intelligence where each institution contributes its 

unique strengths while benefiting from the collective capabilities of the entire system. This networked 

approach, inspired by how artificial neural networks distribute computation and learning across many 

interconnected units, changes our understanding of what a university is. 

It is no longer just a physical place where students come to learn. It is a hub of knowledge 

creation and exchange, a platform for collaboration, a gateway to global resources and communities, 

and a node in a worldwide neural network of educational intelligence. The "walls" of the university 

become permeable, allowing knowledge, people, data, and trained neural network models to flow 

freely in and out. Universities share not just publications and students but also AI training datasets, 

pre-trained neural network weights, algorithmic innovations, and computational resources. 

For Ukraine, this has profound implications. Despite the challenges of war and resource 

scarcity, Ukrainian institutions can maintain their competitiveness by leveraging neural network 

technologies and international AI partnerships. Students in Kyiv or Lviv can access the same pre-

trained transformer models, participate in the same distributed machine learning projects, utilize the 

same cloud-based GPU resources for neural network training, and collaborate with the same 

international AI research teams as students in Paris or Boston. The playing field, while not perfectly 

level, is more level than it has ever beenðand neural networks, with their ability to learn from data 

rather than requiring expensive physical infrastructure, particularly level the playing field for 

institutions with limited resources but strong intellectual capital. 

The A-Q-R-N Quadrad: Adding Neural Intelligence to the Foundation. 

The intelligent educational ecosystem of the future can be conceptualized through an 

expanded model: Accessibility, Quality, Recognition, and Neural Intelligence. These four elements 

form the vertices of a tetrahedron, each essential and each in dynamic relationship with the others. 

Accessibility refers to the openness of educational opportunitiesðwho can access them, under 

what conditions, and at what cost. Neural network technologies have the potential to dramatically 

increase accessibility, removing barriers of geography, time, language (through AI translation), 

disability (through assistive AI), and in some cases, financial resources (through AI-powered 
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automation of expensive educational services). Intelligent tutoring systems can provide personalized 

instruction at massive scale. AI can adapt content to different learning styles, abilities, and 

backgrounds. But accessibility is not merely about being able to click on a link or interact with an AI 

chatbot. It requires access to the computational infrastructure needed to run neural networks, adequate 

preparation in AI literacy, and support systemsðboth human and artificialðthat help learners 

succeed once they gain access. 

Quality concerns the depth, rigor, and relevance of educational experiences enhanced by 

neural networks. As we expand access through AI, we must ensure that we are not simply producing 

more credentials but actually facilitating meaningful learning. Quality in the intelligent ecosystem 

model includes not just what happens in individual courses but the coherence of AI-augmented 

learning experiences, the alignment between neural network-enhanced educational offerings and real-

world needs, the development of both technical competencies (including AI literacy) and broader 

capabilities like critical thinking about algorithmic systems, ethical reasoning about artificial 

intelligence, and the ability to maintain human judgment and creativity in an AI-augmented world. 

Recognition addresses the validation and portability of learning, increasingly mediated by 

neural network assessment systems. When someone completes an educational program, demonstrates 

a competency through AI-validated performance, or trains a neural network to solve a novel problem, 

how is that achievement recognized by employers, other educational institutions, and society more 

broadly? In an era of proliferating AI-verified credential types and increasing international mobility 

enabled by machine translation and virtual collaboration, robust systems for recognition become 

essentialðsystems that themselves may employ neural networks to assess equivalencies across 

different educational traditions and credential types. 

Neural Intelligence represents the new, essential fourth dimension: the capacity of the 

educational system itself to leverage artificial intelligence, the ability of students and educators to 

work effectively with neural networks, the presence of AI infrastructure throughout the learning 

ecosystem, and the ethical frameworks for ensuring that machine intelligence enhances rather than 

diminishes human potential. This includes neural network literacy among students and faculty, AI-

powered tools integrated into research and teaching, intelligent systems for personalization and 

assessment, and perhaps most importantly, the critical capacity to understand when to trust AI, when 

to question it, and how to maintain human agency, creativity, and ethical judgment in an increasingly 

automated world. 

These four elements are not independent variables but interdependent parameters of a 

sustainable intelligent educational system. Increasing accessibility through AI without maintaining 

quality leads to credential inflation and cynicism. Ensuring quality without recognition means that 

learning, however excellent, may not translate into opportunity. Emphasizing recognition without 

genuine quality creates a facade. And deploying neural networks without developing neural 

intelligenceðthe human capacity to understand, evaluate, and responsibly use AIðcreates systems 

that may be efficient but lack wisdom, that may be powerful but lack ethics, that may be intelligent 

but lack humanity. 

A truly effective intelligent educational ecosystem must balance and advance all four 

dimensions simultaneously. 

The Human Factor in a Neural Network-Augmented World. 

As we contemplate the intelligent educational ecosystem of the future, we must always return 

to the human dimension. All the neural network infrastructure, all the deep learning algorithms, all 

the sophisticated AI assessment systems in the world cannot replace the fundamental human 

relationship at the heart of education. 

What matters most is not the neural networks themselves but how we use them to enhance 

human potential, creativity, and wisdom. The most important success factor in this transformation is 

the educator-researcher who is also an AI-literate practitionerðsomeone who combines deep 

technical competence with facility in working alongside artificial intelligence, a culture of open 
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science enhanced by machine learning, and ethical sophistication about the societal implications of 

neural network systems. 

This person understands their discipline not as a fixed body of knowledge to be transmitted 

but as an evolving field of inquiry to be explored collaboratively with students and with AI as a 

powerful tool. They see neural networks not as replacements for human judgment but as cognitive 

amplifiers that can handle routine pattern recognition, data analysis, and information retrieval, 

allowing humans to focus on what we do uniquely well: asking novel questions, making unexpected 

connections, understanding context and nuance, exercising ethical judgment, demonstrating 

creativity, showing empathy, and supporting the growth of other humans in all their complexity. 

For Ukraine specifically, neural network-driven transformation represents more than a 

technological challenge or an adaptation to global trends. It represents a pathway to scientific and 

cultural renaissance in the age of artificial intelligence. By implementing AI-augmented innovative 

laboratories, developing neural network expertise, integrating into international machine learning 

networks, and embracing the principles of open science enhanced by artificial intelligence, Ukrainian 

institutions are not merely keeping pace with global developmentsðthey are contributing to them, 

adding their unique perspectives and strengths to the worldwide intelligent educational ecosystem, 

and demonstrating that even under the most challenging circumstances, the combination of human 

resilience and artificial intelligence can forge new pathways forward. 

Charting the Neural Network-Enhanced Path Ahead. 

Based on this research, several directions for future investigation emerge as particularly 

important in the age of neural intelligence. 

We need to develop integrated AI-powered platforms for knowledge management that can 

support the complexity of ecosystem-based learning while remaining accessible and user-friendly, 

leveraging natural language interfaces, intelligent recommendation systems, and neural network-

based knowledge graphs to help students and educators navigate vast information spaces. 

A national network of open laboratories enhanced by neural networks would allow institutions 

to share not only expensive equipment and specialized expertise but also AI models, training datasets, 

and computational resources. Remote access to sophisticated equipment could be mediated by 

computer vision systems and intelligent robotic interfaces. Virtual laboratories powered by neural 

network simulations could democratize access to research-grade facilities that would otherwise 

remain beyond the reach of many institutions. 

We need robust systems for assessing educational maturityðnot just of individual learners 

but of programs and institutions as they progress along the journey toward neural network-enhanced, 

ecosystem-based education. These assessment systems should themselves employ machine learning 

to identify patterns of successful transformation, predict challenges before they become critical, and 

provide intelligent recommendations for improvement. 

The ethics of artificial intelligence in education deserves sustained, serious attention. As 

neural network systems play increasingly prominent roles in assessment, personalization, content 

creation, and even decision-making about students' educational pathways, we must grapple with 

questions of fairness (do AI systems perpetuate or amplify existing inequalities?), transparency (can 

we explain how neural networks make decisions about students?), bias (what prejudices might be 

encoded in training data or algorithmic design?), privacy (what happens to the vast amounts of student 

data used to train educational AI?), and accountability (who is responsible when an AI system makes 

a harmful decision?). 

We should investigate cross-cultural pedagogical innovation enhanced by neural networksð

how educational approaches developed in one cultural context can be adapted and enriched through 

interaction with other traditions and perspectives, with machine translation breaking down language 

barriers and AI-powered cultural adaptation tools helping to preserve the intent and effectiveness of 

pedagogical approaches as they move across contexts. 

Finally, we need to explore the development of explainable AI systems specifically designed 

for educationðneural networks that can not only make predictions and recommendations but also 
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explain their reasoning in ways that support student learning rather than simply automating decisions. 

The "black box" nature of many neural networks is particularly problematic in education, where 

understanding the "why" behind feedback is often as important as the feedback itself. 

Conclusion. 

The intelligent educational ecosystem of the future is fundamentally an open, self-organizing 

system enhanced by neural network technologies. It combines digital infrastructure with artificial 

intelligence, machine learning capabilities, and human potential within a global scientific and 

educational environment. It is adaptive through AI, responsive through intelligent feedback systems, 

and continuously evolving through processes that mirror neural network learning itself. 

This ecosystem does not replace traditional universities but transforms them, preserving what 

has always been valuableðmentorship, community, deep thinking, ethical formationðwhile 

embracing new possibilities that neural networks enable: personalized learning at scale, AI-

augmented research, intelligent assessment, automated routine tasks freeing human attention for 

higher-order thinking, and global collaboration facilitated by machine translation and intelligent 

matching systems. 

The transformation is neither automatic nor inevitable. It requires vision, investment, 

persistence, and a willingness to experiment and learn from both successes and failuresðmuch like 

training a neural network itself, with its cycles of forward propagation, error calculation, and 

backpropagation for improvement. But the potential rewards are immense: a more accessible, more 

effective, more relevant educational system capable of preparing people not just for the jobs of today 

but for a future in which working alongside artificial intelligence is not an option but a necessity, and 

in which understanding neural networks is as fundamental as literacy was in previous eras. 

For Ukraine, this journey from traditional classrooms to intelligent educational ecosystems 

powered by neural networks represents hopeðhope that even in the midst of unprecedented 

challenges, renewal is possible through the transformative power of artificial intelligence. Hope that 

education enhanced by neural networks can be a force for resilience and regeneration. Hope that by 

reimagining how we learn and teach with AI as a partner, we can help build not just a better 

educational system but a better societyðone that harnesses the power of neural networks while 

preserving and amplifying what is most valuable about human intelligence: creativity, empathy, 

wisdom, and the capacity for ethical judgment. 

The Ukrainian dimension of neural network-driven transformation in education is thus not 

just a national story but a contribution to the global conversation about what education can and should 

become in the age of artificial intelligence. It demonstrates that the intelligent educational ecosystem 

of the future is not something that will arrive fully formed from the world's wealthiest nations, but 

something that is being co-created right now, in laboratories and classrooms around the world, by 

educators and students who understand that neural networks are not a threat to human intelligence 

but a tool for amplifying it, not a replacement for human teachers but a means of freeing them to 

focus on what they do best, and not an end in themselves but a pathway toward a more accessible, 

more effective, and more profoundly human educational future. 
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ʈʘʤʘʟʘʥʦʚ ʉ.ʂ. (ʉʭʽʜʥʦʫʢʨʘʾʥʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɺʦʣʦʜʠʤʠʨʘ ɼʘʣʷ, ʂʠʾʚ, 

ʋʢʨʘʾʥʘ).  

 

ʐʊʋʏʅʀʁ ɯʅʊɽʃɽʂʊ ï ɻʆʃʆɺʅʀʁ ɯʅʉʊʈʋʄɽʅʊ ʇɽʈɽʍʆɼʋ ɼʆ ʅʆɺʆɻʆ 

ɯʅɼʋʉʊʈɯɸʃʔʅʆɻʆ ʉʋʉʇɯʃʔʉʊɺɸ ʊɸ ʅʆʆʅʆʄɯʂʀ. 

 

ɸʥʦʪʘʮʽʷ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (ʐɯ), ʥʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ ʩʠʩʪʝʤʠ ʪʘ ʮʠʬʨʦʚʘ 

ʪʨʘʥʩʬʦʨʤʘʮʽʷ ʬʦʨʤʫʶʪʴ ʧʝʨʝʜʫʤʦʚʠ ʧʝʨʝʭʦʜʫ ʜʦ ʥʦʚʦʛʦ ʪʠʧʫ ʩʫʩʧʽʣʴʩʪʚʦ - ʥʦʦʥʦʤʽʢʠ, ʱʦ 

ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʧʨʽʦʨʠʪʝʪʽ ʟʥʘʥʥʷ, ʨʦʟʫʤʫ ʪʘ ʝʪʠʯʥʠʭ ʧʨʠʥʮʠʧʽʚ. ʈʦʟʛʣʷʥʫʪʦ ʩʠʩʪʝʤʥʦ-

ʢʽʙʝʨʥʝʪʠʯʥʫ ʢʦʥʮʝʧʮʽʶ ʥʦʦʥʦʤʽʢʠ ʚ ʢʦʥʪʝʢʩʪʽ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ 

ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʨʦʣʴ ʐɯ ʫ ʩʪʘʥʦʚʣʝʥʥʽ ʥʦʦʥʦʤʽʢʠ, ʷʢ ʽʥʪʝʛʨʘʮʽʡʥʦʾ ʧʘʨʘʜʠʛʤʠ, ʱʦ 

ʧʦʻʜʥʫʻ ʜʫʭʦʚʥʠʡ, ʢʦʛʥʽʪʠʚʥʠʡ ʽ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʨʽʚʥʽ ʨʦʟʚʠʪʢʫ. ʇʦʢʘʟʘʥʦ, ʱʦ ʥʦʦʥʦʤʽʢʘ ʻ ʥʝ 

ʧʨʦʩʪʦ ʬʦʨʤʦʶ ʝʢʦʥʦʤʽʢʠ ʟʥʘʥʴ, ʘ ʮʽʣʽʩʥʦʶ ʛʫʤʘʥʽʪʘʨʥʦ-ʪʝʭʥʦʣʦʛʽʯʥʦʶ ʩʠʩʪʝʤʦʶ, 

ʦʨʽʻʥʪʦʚʘʥʦʶ ʥʘ ʩʪʚʦʨʝʥʥʷ ʩʝʥʩʽʚ ʽ ʛʘʨʤʦʥʽʡʥʝ ʩʧʽʚʽʩʥʫʚʘʥʥʷ ʣʶʜʠʥʠ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʠʩʪʝʤ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʥʝʡʨʦʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʷʢ ʦʩʥʦʚʠ ʤʘʡʙʫʪʥʴʦʛʦ 

ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ ʩʫʩʧʽʣʴʩʪʚʘ. ɼʦʩʣʽʜʞʝʥʦ ʚʟʘʻʤʦʜʽʾ, ʚʟʘʻʤʦʟʚôʷʟʦʢ ʪʘ ʩʪʨʫʢʪʫʨʫ ʥʦʦʥʦʤʽʢʠ, 

ʐɯ ʪʘ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ (ʅʄʊ) ʷʢ ʦʩʥʦʚʠ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʾ ʪʝʭʥʦʣʦʛʽʯʥʦʾ 

ʧʘʨʘʜʠʛʤʠ ʫʧʨʘʚʣʽʥʥʷ ʟʥʘʥʥʷʤʠ, ʨʝʩʫʨʩʘʤʠ ʽ ʨʦʟʚʠʪʢʦʤ ʩʫʩʧʽʣʴʩʪʚʘ. ʇʦʢʘʟʘʥʦ, ʱʦ ʽʥʪʝʛʨʘʮʽʷ 

ʢʦʛʥʽʪʠʚʥʠʭ, ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʽ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʽʚ ʩʪʚʦʨʶʻ ʧʝʨʝʜʫʤʦʚʠ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ 

ʥʦʚʦʾ ʤʦʜʝʣʽ ʝʢʦʥʦʤʽʢʠ ʟʥʘʥʴ ð ʥʦʦʝʢʦʥʦʤʽʢʠ.  

ʂʣʁʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʥʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ, ʥʦʦʥʦʤʽʢʘ, ʥʦʦʩʬʝʨʘ, 

ʮʠʬʨʦʚʝ ʩʫʩʧʽʣʴʩʪʚʦ, ʥʦʦʩʬʝʨʥʝ ʫʧʨʘʚʣʽʥʥʷ, ʥʦʦʝʢʦʥʦʤʽʢʘ, ʛʫʤʘʥʽʪʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ, 

ʥʝʡʨʦʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʩʠʩʪʝʤʘ, ʥʦʦʩʬʝʨʥʘ ʤʦʜʝʣʴ. 

Abstract. Artificial intelligence (AI), neural network technologies of the system and digital 

transformation form the prerequisites for the transition to a new type of society - noonomics, based 

on the priority of knowledge, reason and ethical principles. The system-cybernetic concept of 
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noonomics in the context of the development of artificial intelligence and neural network technologies 

is considered, the role of AI in the formation of noonomics as an integrative paradigm that combines 

spiritual, cognitive and technological levels of development. It is shown that noonomics is not just a 

form of knowledge economy, but an integral humanitarian-technological system focused on creating 

meanings and harmonious coexistence of man and intellectual systems. A model of the neuro-

intellectual system as the basis of the future no-industrial society is proposed. The interactions, 

interconnection and structure of noonomics, AI and neural network technologies as the basis for the 

formation of a new technological paradigm for the management of knowledge, resources and 

development of society have been studied. It is shown that the integration of cognitive, informational 

and technological processes creates prerequisites for the formation of a new model of the knowledge 

economy ð nooeconomics.  

Keywords: artificial intelligence, neural network technologies, noonomics, noosphere, digital 

society, noosphere management, nooeconomics, humanitarian technologies, neuro-intellectual 

system, noosphere model. 

 
"ʄʘʡʙʫʪʥʻ ʣʶʜʩʪʚʘ, ʷʢ ʯʘʩʪʠʥʠ ʻʜʠʥʦʾ ʩʠʩʪʝʤʠ ʙʽʦʩʬʝʨʠ, ʟʘʣʝʞʠʪʴ ʚʽʜ ʪʦʛʦ, ʢʦʣʠ ʚʦʥʦ ʟʨʦʟʫʤʽʻ ʩʚʽʡ 

ʟʚ'ʷʟʦʢ ʟ ʇʨʠʨʦʜʦʶ (ɹʦʛʦʤ, ɼʫʭʦʤ, ɺʠʱʠʤ ʈʦʟʫʤʦʤ, ʉʚʽʪʦʚʦʶ ɯʥʬʦʨʤʘʮʽʻʶ) ʽ ʚʽʟʴʤʝ ʥʘ ʩʝʙʝ ʚʽʜʧʦʚʽʜʘʣʴʥʽʩʪʴ 

ʥʝ ʪʽʣʴʢʠ ʟʘ ʨʦʟʚʠʪʦʢ ʩʫʩʧʽʣʴʩʪʚʘ (ʯʦʛʦ ʧʨʘʛʥʫʣʠ ʚʩʽ ʫʪʦʧʽʩʪʠ), ʘʣʝ ʙʽʦʩʬʝʨʠ ʚ ʮʽʣʦʤʫ"  

ɺ. ɯ. ɺʝʨʥʘʜʩʴʢʠʡ 

 

1. ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. ʐʚʠʜʢʠʡ ʨʦʟʚʠʪʦʢ ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʠʩʪʝʤ ʽ ʛʣʦʙʘʣʴʥʠʭ ʤʝʨʝʞ ʩʪʚʦʨʶʻ ʫʤʦʚʠ ʜʣʷ ʧʝʨʝʭʦʜʘ ʜʦ ʥʦʚʦʾ ʧʘʨʘʜʠʛʤʠ ʝʢʦʥʦʤʽʯʥʦʛʦ 

ʤʠʩʣʝʥʥʷ ʪʘ ʩʫʩʧʠʣʴʩʪʚʘð ʥʦʦʥʦʤʽʢʠ. ɰʾ ʦʩʥʦʚʫ ʩʪʘʥʦʚʣʷʪʴ ʟʥʘʥʥʷ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʨʝʩʫʨʩʠ ʪʘ 

ʟʜʘʪʥʽʩʪʴ ʩʠʩʪʝʤ ʜʦ ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʾ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʻ ʥʝ ʣʠʰʝ ʽʥʩʪʨʫʤʝʥʪʦʤ 

ʘʚʪʦʤʘʪʠʟʘʮʽʾ, ʘ ʡ ʘʢʪʠʚʥʠʤ ʘʛʝʥʪʦʤ ʩʪʚʦʨʝʥʥʷ ʥʦʚʠʭ ʟʥʘʥʴ, ʱʦ ʟʤʽʥʶʻ ʩʪʨʫʢʪʫʨʫ ʝʢʦʥʦʤʽʯʥʠʭ 

ʚʽʜʥʦʩʠʥ ʽ ʫʧʨʘʚʣʽʥʥʷ.  

ɯʜʝʾ ʚʠʜʘʪʥʦʛʦ ʚʯʝʥʦʛʦ ʪʘ ʤʠʩʣʠʪʝʣʷ ʘʢʘʜʝʤʽʢʘ ɺ. ɯ. ɺʝʨʥʘʜʩʴʢʦʛʦ ʟʘʚʞʜʠ ʧʨʠʚʝʨʪʘʣʠ 

ʫʚʘʛʫ ʥʝ ʣʠʰʝ ʬʘʭʽʚʮʽʚ-ʛʝʦʭʽʤʠʢʽʚ, ʘʣʝ ʪʘʢʦʞ ʝʢʦʣʦʛʽʚ ʪʘ ʬʽʣʦʩʦʬʽʚ. ʇʨʦʪʝ, ʷʢ ʥʘʡʯʘʩʪʽʰʝ 

ʙʫʚʘʻ, ʥʘʫʢʦʚʠʡ ʛʝʥʽʡ ʥʘʙʘʛʘʪʦ ʚʠʧʝʨʝʜʠʚ ʝʧʦʭʫ. ʃʠʰʝ ʧʦʥʘʜ ʧʽʚʩʪʦʣʽʪʪʷ ʚʯʝʥʥʷ 

ɺʝʨʥʘʜʩʴʢʦʛʦ ʧʨʦ ʙʽʦʩʬʝʨʫ ʽ ʥʦʦʩʬʝʨʫ ʩʪʘʣʦ ʧʦ-ʩʧʨʘʚʞʥʴʦʤʫ ʘʢʪʫʘʣʴʥʠʤ, ʜʦʟʚʦʣʷʶʯʠ 

ʚʠʨʽʰʫʚʘʪʠ ʷʢ ʧʨʘʢʪʠʯʥʽ, ʘ ʡ ʩʚʽʪʦʛʣʷʜʥʽ ʟʘʚʜʘʥʥʷ, ʱʦ ʩʪʦʷʪʴ ʧʝʨʝʜ ʩʫʯʘʩʥʠʤ ʣʶʜʩʪʚʦʤ [1-

11]. 

ʇʝʨʝʭʽʜ ʩʫʯʘʩʥʠʭ ʩʫʩʧʽʣʴʩʪʚ ʫ ʍʍɯ ʩʪʦʣʽʪʪʽ ʭʘʨʘʢʪʝʨʠʟʫʻʪʴʩʷ ʥʝ ʪʽʣʴʢʠ ʮʠʬʨʦʚʦʶ 

ʪʨʘʥʩʬʦʨʤʘʮʽʻʶ, ʘ ʡ ʧʦʩʠʣʝʥʥʷʤ ʨʦʣʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʫ ʚʠʨʦʙʥʠʮʪʚʽ, ʫʧʨʘʚʣʽʥʥʽ ʡ 

ʩʦʮʽʘʣʴʥʽʡ ʦʨʛʘʥʽʟʘʮʽʾ. ʇʦʷʚʘ ʤʘʩʠʚʥʠʭ ʘʣʛʦʨʠʪʤʽʚ, ʥʝʡʨʦʤʝʨʝʞ ʽ ʧʣʘʪʬʦʨʤʥʦʛʦ ʫʧʨʘʚʣʽʥʥʷ 

ʜʘʥʠʤʠ ʜʘʻ ʧʽʜˇʨʫʥʪʷ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʾ ʽʥʜʫʩʪʨʽʘʣʴʥʦʾ ʧʘʨʘʜʠʛʤʠ ð ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ 

ʩʫʩʧʽʣʴʩʪʚʘ. ʅʦʦʥʦʤʽʢʘ ʚ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ð ʙʽʣʴʰ ʰʠʨʦʢʘ ʤʝʪʘʥʘʫʢʘ (ʥʦʦʥʘʫʢʘ), ʷʢʘ ʦʭʦʧʣʶʻ 

ʥʝ ʣʠʰʝ ʝʢʦʥʦʤʽʯʥʽ ʧʨʦʮʝʩʠ (ʥʦʦʝʢʦʥʦʤʽʢʫ), ʘʣʝ ʽ ʢʦʛʥʽʪʠʚʥʽ, ʢʫʣʴʪʫʨʥʽ ʪʘ ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ, 

ʥʝʦʙʭʽʜʥʽ ʜʣʷ ʩʪʘʣʦʛʦ ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ ʩʫʩʧʽʣʴʩʪʚʘ, ʜʝ ʟʥʘʥʥʷ ʽ ʩʚʽʜʦʤʽʩʪʴ ʩʪʘʶʪʴ 

ʧʨʦʜʫʢʪʠʚʥʠʤʠ ʩʠʣʘʤʠ. ʋ ʮʽʡ ʨʦʙʦʪʽ ʤʠ ʨʦʟʛʣʷʜʘʻʤʦ ʐɯ ʷʢ ʛʦʣʦʚʥʠʡ ʽʥʩʪʨʫʤʝʥʪ ʮʽʻʾ 

ʪʨʘʥʩʬʦʨʤʘʮʽʾ, ʦʧʠʩʫʻʤʦ ʩʪʨʫʢʪʫʨʫ ʪʘ ʬʫʥʢʮʽʾ ʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʽ ʜʘʻʤʦ ʧʨʘʢʪʠʯʥʽ 

ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʾʾ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

ʉʫʯʘʩʥʠʡ ʨʦʟʚʠʪʦʢ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ) ʟʥʘʤʝʥʫʻ ʩʦʙʦʶ ʥʝ ʪʽʣʴʢʠ ʪʝʭʥʦʣʦʛʽʯʥʫ 

ʨʝʚʦʣʶʮʽʶ, ʘ ʡ ʧʦʯʘʪʦʢ ʥʦʚʦʛʦ ʝʪʘʧʫ ʚ ʝʚʦʣʶʮʽʾ ʩʚʽʜʦʤʦʩʪʽ. ɯʩʥʫʻ ʧʦʪʨʝʙʘ ʚʠʡʪʠ ʟʘ ʨʘʤʢʠ 

ʫʪʠʣʽʪʘʨʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʚʽʜ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʨʦʮʝʩʽʚ ʜʦ ʦʩʤʠʩʣʝʥʦʾ 

ʩʧʽʚʪʚʦʨʯʦʩʪʽ ʣʶʜʠʥʠ ʪʘ ʤʘʰʠʥʠ. ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ  ʬʦʨʤʫʻʪʴʩʷ ʧʦʥʷʪʪʷ ʥʦʦʥʦʤʽʯʥʦʾ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ  ï ʩʠʩʪʝʤʠ, ʚ ʦʩʥʦʚʽ ʷʢʦʾ ʣʝʞʘʪʴ ʧʨʠʥʮʠʧʠ ʥʦʦʥʦʤʽʢʠ, ʪʦʙʪʦ ʥʘʫʢʠ ʧʨʦ 

ʛʘʨʤʦʥʽʡʥʠʡ ʨʦʟʚʠʪʦʢ ʩʚʽʜʦʤʦʩʪʽ, ʩʤʠʩʣʽʚ ʽ ʪʝʭʥʦʣʦʛʽʡ. ɺʦʥʘ ʚʽʜʦʙʨʘʞʘʻ ʽʜʝʶ ʧʝʨʝʭʦʜʫ ʚʽʜ 

ʢʦʛʥʽʪʠʚʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʦ ʥʦʦʩʬʝʨʥʦʛʦ, ʚʽʜ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʜʦ ʨʦʟʫʤʽʥʥʷ ʩʤʠʩʣʽʚ, ʘ ʚʽʜ 

ʘʣʛʦʨʠʪʤʽʚ ʜʦ ʝʪʠʢʠ ʪʘ ʪʚʦʨʯʦʩʪʽ. 

ʇʝʨʝʭʽʜ ʣʶʜʩʪʚʘ ʜʦ ʥʦʚʦʛʦ ʪʠʧʫ ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʫʩʪʨʦʶ, ʟʘʩʥʦʚʘʥʦʛʦ ʥʘ ʟʥʘʥʥʷʭ, 

ʜʫʭʦʚʥʦʩʪʽ ʪʘ ʽʥʪʝʛʨʘʮʽʾ ʪʝʭʥʦʣʦʛʽʡ ʽ ʛʫʤʘʥʽʪʘʨʥʠʭ ʮʽʥʥʦʩʪʝʡ, ʻ ʟʘʢʦʥʦʤʽʨʥʠʤ ʝʪʘʧʦʤ ʝʚʦʣʶʮʽʾ 

ʩʫʩʧʽʣʴʩʪʚʘ. ʉʫʯʘʩʥʘ ʪʝʭʥʦʩʬʝʨʘ, ʧʦʙʫʜʦʚʘʥʘ ʥʘ ʧʨʠʥʮʠʧʘʭ ʽʥʜʫʩʪʨʽʘʣʽʟʤʫ, ʚʠʯʝʨʧʘʣʘ ʩʚʦʾ 
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ʤʦʞʣʠʚʦʩʪʽ. ɽʢʦʥʦʤʽʯʥʽ ʤʦʜʝʣʽ, ʱʦ ʙʘʟʫʶʪʴʩʷ ʥʘ ʤʘʪʝʨʽʘʣʴʥʦʤʫ ʚʠʨʦʙʥʠʮʪʚʽ, ʧʦʩʪʫʧʦʚʦ 

ʟʘʤʽʥʶʶʪʴʩʷ ʩʠʩʪʝʤʘʤʠ, ʜʝ ʦʩʥʦʚʥʠʤ ʨʝʩʫʨʩʦʤ ʚʠʩʪʫʧʘʶʪʴ ʽʥʬʦʨʤʘʮʽʷ, ʟʥʘʥʥʷ ʡ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʧʦʪʝʥʮʽʘʣ ʣʶʜʠʥʠ. 

ʅʦʦʥʦʤʽʢʘ (ʚʽʜ ʛʨʝʮ. noos ð ʨʦʟʫʤ, ʩʚʽʜʦʤʽʩʪʴ) ð ʮʝ ʥʝ ʧʨʦʩʪʦ ʥʦʚʠʡ ʝʪʘʧ 

ʝʢʦʥʦʤʽʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʘ ʽʥʪʝʛʨʘʣʴʥʘ ʥʘʫʢʘ ʧʨʦ ʨʦʟʫʤʥʦ-ʢʝʨʦʚʘʥʽ ʧʨʦʮʝʩʠ ʨʦʟʚʠʪʢʫ 

ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʭ ʩʠʩʪʝʤ. ɰʾ ʦʩʥʦʚʦʶ ʻ ʩʠʥʪʝʟ ʜʫʭʦʚʥʠʭ, ʢʦʛʥʽʪʠʚʥʠʭ, ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʽ 

ʛʫʤʘʥʽʪʘʨʥʠʭ ʯʠʥʥʠʢʽʚ, ʱʦ ʚʠʟʥʘʯʘʶʪʴ ʩʪʨʘʪʝʛʽʾ ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ ʥʦʦʩʬʝʨʠ. 

ʎʠʬʨʦʚʽʟʘʮʽʷ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʧʨʦʮʝʩʽʚ ʧʨʠʟʚʝʣʠ ʜʦ ʨʘʜʠʢʘʣʴʥʦʾ ʟʤʽʥʠ ʩʦʮʽʘʣʴʥʦʾ 

ʩʪʨʫʢʪʫʨʠ ʪʘ ʩʚʽʪʦʛʣʷʜʥʠʭ ʦʨʽʻʥʪʠʨʽʚ. ɺʠʥʠʢʣʘ ʥʦʚʘ ʨʝʘʣʴʥʽʩʪʴ, ʫ ʷʢʽʡ ʛʦʣʦʚʥʠʤ ʚʠʨʦʙʥʠʯʠʤ 

ʨʝʩʫʨʩʦʤ ʻ ʥʝ ʤʘʪʝʨʽʘʣʴʥʽ ʦʙôʻʢʪʠ, ʘ ʽʥʬʦʨʤʘʮʽʷ, ʟʥʘʥʥʷ, ʢʦʛʥʽʪʠʚʥʽ ʟʜʘʪʥʦʩʪʽ ʣʶʜʠʥʠ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʷʢʠʡ ʨʘʥʽʰʝ ʚʠʢʦʥʫʚʘʚ ʜʦʧʦʤʽʞʥʽ ʬʫʥʢʮʽʾ, ʪʝʧʝʨ ʩʪʘʻ ʩʪʨʫʢʪʫʨʥʠʤ 

ʝʣʝʤʝʥʪʦʤ ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʧʨʦʮʝʩʫ. ʁʦʛʦ ʨʦʟʚʠʪʦʢ ʟʘʛʦʩʪʨʶʻ ʧʨʦʪʠʨʽʯʯʷ ʤʽʞ ʪʝʭʥʦʢʨʘʪʠʯʥʦʶ 

ʣʦʛʽʢʦʶ ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʛʫʤʘʥʽʪʘʨʥʦʶ ʣʦʛʽʢʦʶ ʩʝʥʩʫ. 

ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ʧʦʩʪʘʻ ʢʣʶʯʦʚʘ ʥʘʫʢʦʚʘ ʧʨʦʙʣʝʤʘ ð ʩʪʚʦʨʝʥʥʷ ʛʘʨʤʦʥʽʡʥʦʾ ʤʦʜʝʣʽ 

ʩʧʽʚʽʩʥʫʚʘʥʥʷ ʣʶʜʠʥʠ ʡ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʜʝ ʪʝʭʥʦʣʦʛʽʾ ʥʝ ʚʠʪʽʩʥʷʶʪʴ ʜʫʭʦʚʥʽʩʪʴ, ʘ 

ʧʽʜʩʠʣʶʶʪʴ ʢʦʛʥʽʪʠʚʥʦ-ʛʫʤʘʥʽʪʘʨʥʫ ʝʚʦʣʶʮʽʶ. 

ʉʘʤʝ ʪʘʢʘ ʤʦʜʝʣʴ ʦʧʠʩʫʻʪʴʩʷ ʧʦʥʷʪʪʷʤ ʥʦʦʥʦʤʽʢʠ ð ʩʠʩʪʝʤʠ, ʫ ʷʢʽʡ ʤʠʩʣʝʥʥʷ, 

ʩʚʽʜʦʤʽʩʪʴ, ʪʝʭʥʦʣʦʛʽʷ ʡ ʝʪʠʢʘ ʫʪʚʦʨʶʶʪʴ ʻʜʠʥʠʡ ʧʨʦʩʪʽʨ ʨʦʟʚʠʪʢʫ 

ʅʦʦʝʢʦʥʦʤʽʯʥʘ ʩʠʩʪʝʤʘ ʬʫʥʢʮʽʦʥʫʻ ʷʢ ʚʽʜʢʨʠʪʘ ʢʦʛʥʽʪʠʚʥʦ-ʽʥʬʦʨʤʘʮʽʡʥʘ 

ʤʝʨʝʞʘ, ʜʝ ʚʟʘʻʤʦʜʽʶʪʴ ʪʨʠ ʨʽʚʥʽ: ʽʥʪʝʣʝʢʪʫʘʣʴʥʦ-ʪʝʭʥʦʣʦʛʽʯʥʠʡ, ʢʦʛʥʽʪʠʚʥʦ-

ʛʫʤʘʥʽʪʘʨʥʠʡ ʪʘ ʦʨʛʘʥʽʟʘʮʽʡʥʦ-ʝʢʦʥʦʤʽʯʥʠʡ. 

ʊʫʪ ʩʣʽʜ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʚ ʜʘʥʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʥʦʦʥʦʤʽʢʘ ʽ ʥʦʦʝʢʦʥʦʤʽʢʘ ʧʨʝʜʩʪʘʚʣʝʥʽ 

ʷʢ ʨʽʟʥʽ ʝʪʘʧʠ ʧʝʨʝʪʚʦʨʝʥʴ (ʜʠʚ. ʪʘʙʣ. 1). 

 

ʊʘʙʣʠʮʷ 1.  

ʇʦʨʽʚʥʷʥʥʷ ʥʦʦʥʦʤʽʢʠ ʪʘ ʥʦʦʝʢʦʥʦʤʽʢʠ 
 

ʂʨʠʪʝʨʽʡ ʅʦʦʥʦʤʽʢʘ ʅʦʦʝʢʦʥʦʤʽʢʘ 

ʎʽʣʴ ʨʦʟʚʠʪʢʫ 
ɻʘʨʤʦʥʽʟʘʮʽʷ ʣʶʜʠʥʠ, ʟʥʘʥʴ 

ʽ ʪʝʭʥʦʣʦʛʽʡ 

ɽʬʝʢʪʠʚʥʽʩʪʴ 

ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʧʨʦʮʝʩʽʚ 

ʂʣʶʯʦʚʠʡ ʨʝʩʫʨʩ 
ʉʚʽʜʦʤʽʩʪʴ, ʟʥʘʥʥʷ, ʜʫʭʦʚʥʽ 

ʮʽʥʥʦʩʪʽ 
ɼʘʥʽ, ʽʥʬʦʨʤʘʮʽʷ 

ʊʠʧ ʤʠʩʣʝʥʥʷ 
ɽʪʠʯʥʝ, ʢʦʛʥʽʪʠʚʥʦ-

ʛʫʤʘʥʽʪʘʨʥʝ 
ɸʥʘʣʽʪʠʯʥʦ-ʪʝʭʥʦʣʦʛʽʯʥʝ 

ʈʦʣʴ ʐɯ 
ʂʦʛʥʽʪʠʚʥʠʡ ʧʘʨʪʥʝʨ 

ʣʶʜʠʥʠ 

ɸʚʪʦʤʘʪʠʟʘʮʽʡʥʠʡ 

ʽʥʩʪʨʫʤʝʥʪ 

ʌʫʥʢʮʽʷ ʽʥʥʦʚʘʮʽʡ 
ɻʫʤʘʥʽʪʘʨʥʦ-ʢʦʛʥʽʪʠʚʥʘ 

ʩʠʥʝʨʛʽʷ 

ɸʣʛʦʨʠʪʤʽʯʥʝ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ 

ʉʦʮʽʘʣʴʥʘ ʤʽʩʽʷ ʈʦʟʚʠʪʦʢ ʢʫʣʴʪʫʨʠ ʨʦʟʫʤʫ ɿʨʦʩʪʘʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ 

ɽʚʦʣʶʮʽʡʥʠʡ ʨʝʟʫʣʴʪʘʪ 
ʅʦʦʽʥʜʫʩʪʨʽʘʣʴʥʝ 

ʩʫʩʧʽʣʴʩʪʚʦ 
ʎʠʬʨʦʚʘ ʝʢʦʥʦʤʽʢʘ ʟʥʘʥʴ 

 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʧʨʦʙʣʝʤʠ. ʉʫʯʘʩʥʽ ʽʥʜʫʩʪʨʽʘʣʴʥʽ ʩʠʩʪʝʤʠ ʩʪʠʢʘʶʪʴʩʷ ʟ ʤʝʞʘʤʠ 

ʤʘʩʰʪʘʙʦʚʘʥʦʩʪʽ: ʢʣʘʩʠʯʥʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʥʝʜʦʩʪʘʪʥʷ ʜʣʷ ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤ ʩʢʣʘʜʥʠʭ 

ʘʜʘʧʪʠʚʥʠʭ ʩʠʩʪʝʤ. ʐɯ ʪʘ ʅʄʊ ʥʘʜʘʶʪʴ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʧʝʨʝʭʦʜʫ ʚʽʜ çʤʘʰʠʥ-ʦʨʽʻʥʪʦʚʘʥʦʛʦè 

ʜʦ çʽʥʪʝʣʝʢʪʫ-ʦʨʽʻʥʪʦʚʘʥʦʛʦè ʚʠʨʦʙʥʠʮʪʚʘ (ʽʥʪʝʣʝʢʪʫʘʣʽʟʘʮʽʷ ʚʠʨʦʙʥʠʮʪʚʘ). ɺʽʜʩʫʪʥʽʩʪʴ 

ʛʫʤʘʥʽʪʘʨʥʦʛʦ (ʝʪʠʯʥʦʛʦ, ʦʩʚʽʪʥʴʦʛʦ, ʢʫʣʴʪʫʨʥʦʛʦ) ʙʘʟʠʩʫ ʜʣʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʩʧʨʠʯʠʥʷʻ 

ʨʠʟʠʢʠ ʜʝʛʫʤʘʥʽʟʘʮʽʾ ʧʨʦʮʝʩʽʚ ʽ ʪʝʭʥʦʣʦʛʽʯʥʦʾ ʜʝʮʝʥʪʨʘʣʽʟʘʮʽʾ ʙʝʟ ʫʨʘʭʫʚʘʥʥʷ ʩʫʩʧʽʣʴʥʠʭ 

ʮʽʥʥʦʩʪʝʡ. 

ʆʪʞʝ, ʘʢʪʫʘʣʴʥʽʩʪʴ ʧʦʣʷʛʘʻ ʚ ʥʝʦʙʭʽʜʥʦʩʪʽ ʩʠʩʪʝʤʥʦʛʦ ʧʦʻʜʥʘʥʥʷ ʪʝʭʥʽʯʥʠʭ ʽ 

ʛʫʤʘʥʽʪʘʨʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʫ ʤʝʞʘʭ ʥʦʦʥʦʤʽʯʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ. 
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2. ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ ʽ ʥʘʫʢʦʚʠʭ ʧʽʜʭʦʜʽʚ. ɯʜʝʾ ʧʨʦ ʧʝʨʝʪʚʦʨʝʥʥʷ ʨʦʟʫʤʫ ʥʘ 

ʧʣʘʥʝʪʘʨʥʫ ʩʠʣʫ ʙʫʣʠ ʟʘʢʣʘʜʝʥʽ ɺ. ɺʝʨʥʘʜʩʴʢʠʤ ʫ ʡʦʛʦ ʢʦʥʮʝʧʮʽʾ ʥʦʦʩʬʝʨʠ. ɺʽʥ ʧʽʜʢʨʝʩʣʶʚʘʚ, 

ʱʦ ʜʽʷʣʴʥʽʩʪʴ ʣʶʜʩʪʚʘ ʩʪʘʻ ʛʝʦʣʦʛʽʯʥʠʤ ʬʘʢʪʦʨʦʤ, ʘ ʨʦʟʫʤ ð ʨʫʰʽʻʤ ʝʚʦʣʶʮʽʾ ʙʽʦʩʬʝʨʠ. ʇ. 

ʊʝʡʷʨ ʜʝ ʐʘʨʜʝʥ ʨʦʟʛʣʷʜʘʚ ʥʦʦʩʬʝʨʫ ʷʢ ʜʫʭʦʚʥʫ ʦʙʦʣʦʥʢʫ ɿʝʤʣʽ, ʱʦ ʬʦʨʤʫʻʪʴʩʷ ʯʝʨʝʟ ʟʣʠʪʪʷ 

ʩʚʽʜʦʤʦʩʪʝʡ. ɽ. ʃʘʩʣʦ, ʨʦʟʚʠʚʘʶʯʠ ʮʽ ʽʜʝʾ, ʪʚʝʨʜʠʚ, ʱʦ ʽʥʬʦʨʤʘʮʽʡʥʘ ʚʟʘʻʤʦʜʽʷ ʚʩʴʦʛʦ ʞʠʚʦʛʦ 

ʻ ʦʩʥʦʚʦʶ ʢʦʩʤʽʯʥʦʾ ʝʚʦʣʶʮʽʾ. 

ʋ XXI ʩʪ. ʮʽ ʽʜʝʾ ʦʪʨʠʤʘʣʠ ʥʦʚʝ ʦʩʤʠʩʣʝʥʥʷ ʫ ʧʨʘʮʷʭ ʂ. ʐʚʘʙʘ, ʈ. ʂʫʨʮʚʝʡʣʘ, ʃ. 

ʌʣʦʨʽʜʽ, ʷʢʽ ʛʦʚʦʨʷʪʴ ʧʨʦ ʩʠʤʙʽʦʟ ʙʽʦʣʦʛʽʯʥʦʛʦ, ʮʠʬʨʦʚʦʛʦ ʡ ʜʫʭʦʚʥʦʛʦ. 

ʐʚʘʙ ʦʧʠʩʫʻ ʯʝʪʚʝʨʪʫ ʧʨʦʤʠʩʣʦʚʫ ʨʝʚʦʣʶʮʽʶ ʷʢ ñʟʣʠʪʪʷ ʬʽʟʠʯʥʦʛʦ, ʙʽʦʣʦʛʽʯʥʦʛʦ ʽ 

ʮʠʬʨʦʚʦʛʦò, ʪʦʜʽ ʷʢ ʂʫʨʮʚʝʡʣ ʙʘʯʠʪʴ ʫ ʨʦʟʚʠʪʢʫ ʐɯ ʢʨʦʢ ʜʦ ʪʝʭʥʦʩʠʥʛʫʣʷʨʥʦʩʪʽ ð 

ʦʙôʻʜʥʘʥʥʷ ʣʶʜʩʴʢʦʛʦ ʽ ʤʘʰʠʥʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʌʣʦʨʽʜʽ ʚʚʦʜʠʪʴ ʧʦʥʷʪʪʷ ʽʥʬʦʩʬʝʨʠ ð 

ʩʝʨʝʜʦʚʠʱʘ, ʫ ʷʢʦʤʫ ʽʥʬʦʨʤʘʮʽʷ ʩʪʘʻ ʦʥʪʦʣʦʛʽʯʥʦʶ ʨʝʘʣʴʥʽʩʪʶ, ʱʦ ʬʦʨʤʫʻ ʥʦʚʫ ʬʽʣʦʩʦʬʽʶ 

ʙʫʪʪʷ. ʋʢʨʘʾʥʩʴʢʽ ʤʠʩʣʠʪʝʣʽ ð ʉ. ʂʨʠʤʩʴʢʠʡ, ɺ. ʃʝʧʩʴʢʠʡ, ʆ. ʆʥʦʧʨʽʻʥʢʦ ð ʧʽʜʢʨʝʩʣʶʶʪʴ, 

ʱʦ ʩʫʯʘʩʥʘ ʮʠʚʽʣʽʟʘʮʽʷ ʤʘʻ ʧʦʪʨʝʙʫ ʫ ʥʦʦʩʬʝʨʥʦʤʫ ʛʫʤʘʥʽʟʤʽ, ʜʝ ʥʘʫʢʦʚʦ-ʪʝʭʥʽʯʥʠʡ ʧʨʦʛʨʝʩ 

ʩʧʽʚʽʩʥʫʻ ʟ ʜʫʭʦʚʥʦ-ʮʽʥʥʽʩʥʠʤ ʨʦʟʚʠʪʢʦʤ. 

ʉʣʽʜ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʥʦʦʥʦʤʽʢʘ ʧʨʦʧʦʥʫʻʪʴʩʷ ʷʢ ʥʦʚʠʡ ʤʽʞʜʠʩʮʠʧʣʽʥʘʨʥʠʡ ʥʘʧʨʷʤ, ʱʦ 

ʨʦʟʛʣʷʜʘʻ ʧʝʨʝʭʽʜ ʚʽʜ ʢʣʘʩʠʯʥʦʾ ʝʢʦʥʦʤʽʯʥʦʾ ʦʨʛʘʥʽʟʘʮʽʾ ʜʦ ʩʫʩʧʽʣʴʩʪʚʘ, ʜʝ ʟʥʘʥʥʷ, ʨʦʟʫʤ ʽ 

ʥʦʦʩʬʝʨʥʽ (ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʪʘ ʢʫʣʴʪʫʨʥʽ) ʬʘʢʪʦʨʠ ʩʪʘʶʪʴ ʦʩʥʦʚʥʠʤ ʨʝʩʫʨʩʦʤ ʽ ʜʨʘʡʚʝʨʦʤ 

ʨʦʟʚʠʪʢʫ. ʋ ʣʽʪʝʨʘʪʫʨʽ ʪʝʨʤʽʥ ʽ ʦʩʥʦʚʥʠʡ ʧʦʥʷʪʽʡʥʠʡ ʨʦʟʚʠʪʦʢ ʧʨʦʧʘʛʫʚʘʚ ʪʘʢʦʞ ʉ. ɼ. 

ɹʦʜʨʫʥʦʚ; ʢʦʥʮʝʧʪʫʘʣʴʥʝ ʢʦʨʽʥʥʷ ʩʭʦʜʠʪʴ ʜʦ ʽʜʝʾ ʥʦʦʩʬʝʨʠ (ɺ. ɯ. ɺʝʨʥʘʜʩʴʢʠʡ, ʇ. ʜʝ ʐʘʨʜʝʥ). 

inir.ru+1. 

ʇʦʧʨʠ ʟʥʘʯʥʽ ʟʜʦʙʫʪʢʠ, ʫ ʩʫʯʘʩʥʽʡ ʥʘʫʮʽ ʚʽʜʩʫʪʥʷ ʻʜʠʥʘ ʤʝʪʦʜʦʣʦʛʽʯʥʘ ʨʘʤʢʘ, ʷʢʘ 

ʦʙôʻʜʥʫʻ ʛʫʤʘʥʽʪʘʨʥʽ, ʢʦʛʥʽʪʠʚʥʽ ʡ ʪʝʭʥʦʣʦʛʽʯʥʽ ʧʽʜʭʦʜʠ. ʎʷ ʣʘʢʫʥʘ ʡ ʚʠʟʥʘʯʘʻ ʘʢʪʫʘʣʴʥʽʩʪʴ 

ʥʘʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

3. ʅʝʚʠʨʽʰʝʥʽ ʯʘʩʪʠʥʠ ʧʨʦʙʣʝʤʠ. ʉʫʯʘʩʥʘ ʝʢʦʥʦʤʽʢʘ ʟʥʘʥʴ ʦʨʽʻʥʪʦʚʘʥʘ ʧʝʨʝʚʘʞʥʦ ʥʘ 

ʢʦʤʝʨʮʽʘʣʽʟʘʮʽʶ ʽʥʬʦʨʤʘʮʽʾ. ɺʦʥʘ ʥʝ ʦʭʦʧʣʶʻ ʝʪʠʯʥʽ, ʜʫʭʦʚʥʽ ʡ ʢʫʣʴʪʫʨʥʽ ʘʩʧʝʢʪʠ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʜʽʷʣʴʥʦʩʪʽ. 

ʐɯ ʧʦʢʠ ʱʦ ʟʜʝʙʽʣʴʰʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʦʧʪʠʤʽʟʘʮʽʾ, ʘʣʝ ʥʝ ʷʢ 

ʩʫʙôʻʢʪ ʩʪʚʦʨʝʥʥʷ ʩʤʠʩʣʽʚ. 

ʎʝ ʧʦʨʦʜʞʫʻ ʢʦʛʥʽʪʠʚʥʠʡ ʜʠʩʙʘʣʘʥʩ ʤʽʞ ʰʚʠʜʢʽʩʪʶ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʽ ʟʜʘʪʥʽʩʪʶ 

ʣʶʜʩʪʚʘ ʫʩʚʽʜʦʤʣʶʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʮʽʻʾ ʜʽʷʣʴʥʦʩʪʽ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʥʝʦʙʭʽʜʥʦ ʧʝʨʝʡʪʠ ʚʽʜ ʤʦʜʝʣʽ ñʪʝʭʥʦʣʦʛʽʾ ʜʣʷ ʝʬʝʢʪʠʚʥʦʩʪʽò ʜʦ ʤʦʜʝʣʽ 

ñʪʝʭʥʦʣʦʛʽʾ ʜʣʷ ʛʘʨʤʦʥʽʾò. ʎʝ ʚʠʤʘʛʘʻ ʥʦʚʦʛʦ ʪʠʧʫ ʝʢʦʥʦʤʽʯʥʦʛʦ ʪʘ ʢʫʣʴʪʫʨʥʦʛʦ ʤʠʩʣʝʥʥʷ ð 

ʥʦʦʥʦʤʽʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʫ ʮʝʥʪʨʽ ʷʢʦʛʦ ʩʪʦʾʪʴ ʚʟʘʻʤʦʜʽʷ ʨʦʟʫʤʫ, ʜʫʭʦʚʥʦʩʪʽ ʡ ʪʝʭʥʦʣʦʛʽʯʥʦʾ 

ʢʫʣʴʪʫʨʠ. 

4. ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ. ʄʝʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ð ʩʪʚʦʨʝʥʥʷ 

ʢʦʥʮʝʧʪʫʘʣʴʥʦʾ ʤʦʜʝʣʽ ʥʦʦʥʦʤʽʢʠ ʷʢ ʛʫʤʘʥʽʪʘʨʥʦ-ʪʝʭʥʦʣʦʛʽʯʥʦʾ ʩʠʩʪʝʤʠ, ʫ ʷʢʽʡ ʰʪʫʯʥʠʡ 

ʽʥʪʝʣʝʢʪ ʜʽʻ ʥʝ ʷʢ ʽʥʩʪʨʫʤʝʥʪ, ʘ ʷʢ ʢʦʛʥʽʪʠʚʥʠʡ ʧʘʨʪʥʝʨ ʣʶʜʠʥʠ. 

ɻʦʣʦʚʥʘ ʽʜʝʷ ð ʧʦʢʘʟʘʪʠ, ʱʦ ʪʝʭʥʦʣʦʛʽʾ ʧʦʚʠʥʥʽ ʙʫʪʠ ʚʙʫʜʦʚʘʥʽ ʫ ʩʬʝʨʫ ʜʫʭʦʚʥʦ-

ʢʦʛʥʽʪʠʚʥʠʭ ʮʽʥʥʦʩʪʝʡ, ʘ ʥʝ ʚʽʜʦʢʨʝʤʣʝʥʽ ʚʽʜ ʥʠʭ. 

ʆʩʥʦʚʥʽ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ: ʚʠʟʥʘʯʠʪʠ ʧʦʥʷʪʪʷ ñʥʦʦʥʦʤʽʢʘò ʷʢ ʽʥʪʝʛʨʘʮʽʡʥʦʾ 

ʧʘʨʘʜʠʛʤʠ ʨʦʟʚʠʪʢʫ; ʨʦʟʢʨʠʪʠ ʨʦʣʴ ʐɯ ʫ ʬʦʨʤʫʚʘʥʥʽ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ ʩʫʩʧʽʣʴʩʪʚʘ; 

ʚʠʟʥʘʯʠʪʠ ʧʨʠʥʮʠʧʠ ʧʦʙʫʜʦʚʠ ʥʝʡʨʦʥʦʦ-ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ; ʦʙˇʨʫʥʪʫʚʘʪʠ ʟʚôʷʟʦʢ ʤʽʞ 

ʛʫʤʘʥʽʪʘʨʥʠʤʠ ʪʝʭʥʦʣʦʛʽʷʤʠ ʪʘ ʢʦʛʥʽʪʠʚʥʦʶ ʝʢʦʥʦʤʽʢʦʶ; ʨʦʟʨʦʙʠʪʠ ʝʣʝʤʝʥʪʠ ʩʠʩʪʝʤʥʦʾ 

ʤʦʜʝʣʽ ʥʦʦʥʦʤʽʯʥʦʛʦ ʤʠʩʣʝʥʥʷ. 

5. ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ 

5.1. ʅʦʦʥʦʤʽʢʘ ʷʢ ʽʥʪʝʛʨʘʮʽʡʥʘ ʩʠʩʪʝʤʘ ʟʥʘʥʴ, ʮʽʥʥʦʩʪʝʡ ʽ ʪʝʭʥʦʣʦʛʽʡ. ʅʦʦʥʦʤʽʢʘ ð 

ʮʝ ʥʦʚʠʡ ʪʠʧ ʦʨʛʘʥʽʟʘʮʽʾ ʩʫʩʧʽʣʴʩʪʚʘ, ʫ ʷʢʦʤʫ ʣʶʜʩʴʢʠʡ ʨʦʟʫʤ ʩʪʘʻ ʮʝʥʪʨʘʣʴʥʠʤ ʚʠʨʦʙʥʠʯʠʤ 

ʬʘʢʪʦʨʦʤ. ɰʾ ʤʽʩʽʷ ð ʥʝ ʟʙʽʣʴʰʝʥʥʷ ʩʧʦʞʠʚʘʥʥʷ, ʘ ʨʦʟʚʠʪʦʢ ʩʚʽʜʦʤʦʩʪʽ, ʥʝ ʥʘʨʦʱʝʥʥʷ 

ʧʦʪʫʞʥʦʩʪʝʡ, ʘ ʛʘʨʤʦʥʽʟʘʮʽʷ ʤʠʩʣʝʥʥʷ ʽ ʙʫʪʪʷ. 

ʊʨʘʜʠʮʽʡʥʘ ʝʢʦʥʦʤʽʢʘ ʙʘʟʫʻʪʴʩʷ ʥʘ ʤʘʪʝʨʽʘʣʴʥʠʭ ʨʝʩʫʨʩʘʭ, ʮʠʬʨʦʚʘ ð ʥʘ ʜʘʥʠʭ, ʘ 

ʥʦʦʥʦʤʽʢʘ ð ʥʘ ʩʤʠʩʣʘʭ. ɰʾ ʨʫʰʽʡʥʘ ʩʠʣʘ ð ʚʟʘʻʤʦʜʽʷ ʪʨʴʦʭ ʨʽʚʥʽʚ: ʜʫʭʦʚʥʦʛʦ ð ʜʞʝʨʝʣʦ 

https://inir.ru/wp-content/uploads/2019/01/noonomy.pdf?utm_source=chatgpt.com
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ʮʽʣʝʡ ʽ ʮʽʥʥʦʩʪʝʡ; ʢʦʛʥʽʪʠʚʥʦʛʦ ð ʩʝʨʝʜʦʚʠʱʝ ʩʪʚʦʨʝʥʥʷ ʟʥʘʥʴ; ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ð ̔ ʥʩʪʨʫʤʝʥʪ 

ʨʝʘʣʽʟʘʮʽʾ ʽʜʝʡ. 

ʋʨʽʚʥʽ ʚ ʩʪʨʫʢʪʫʨʽ ʥʦʦʥʦʤʽʢʠ ʤʦʞʝ ʙʫʪʠ ʚʽʜʦʙʨʘʞʝʥʠʡ ʫ ʚʠʛʣʷʜʽ ʩʭʝʤʠ: 

 

ʋʈɯɺʅɯ:  ɿʄɯʉʊ: 

ɼʫʭʦʚʥʠʡ ʎʽʥʥʦʩʪʽ, ʤʝʪʘ 

ʂʦʛʥʽʪʠʚʥʠʡ ɿʥʘʥʥʷ, ʩʤʠʩʣʠ 

ʊʝʭʥʦʣʦʛʽʯʥʠʡ ʨʽʚʝʥʴ ɯʥʩʪʨʫʤʝʥʪʠ ʨʝʘʣʽʟʘʮʽʾ 

ʅʦʦʦʤʽʯʥʘ ʩʠʥʝʨʛʽʷ ʈʝʟʫʣʴʪʘʪ, ʧʽʜʩʫʤʦʢ 

 

ʎʷ ʩʭʝʤʘ ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ʥʦʦʥʦʤʽʢʘ ʥʝ ʚʽʜʢʠʜʘʻ ʪʝʭʥʦʣʦʛʽʾ, ʘ ʧʽʜʧʦʨʷʜʢʦʚʫʻ ʾʭ 

ʜʫʭʦʚʥʦʤʫ ʩʝʥʩʫ. ɰʾ ʛʦʣʦʚʥʠʡ ʨʝʩʫʨʩ ð ʟʜʘʪʥʽʩʪʴ ʤʠʩʣʠʪʠ ʝʪʠʯʥʦ ʡ ʜʽʷʪʠ ʝʬʝʢʪʠʚʥʦ ʦʜʥʦʯʘʩʥʦ. 

5.2. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʷʢ ʢʦʛʥʽʪʠʚʥʠʡ ʘʛʝʥʪ ʥʦʦʥʦʤʽʯʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ. ʐɯ ʫ ʤʝʞʘʭ 

ʥʦʦʥʦʤʽʢʠ ð ʥʝ ʤʝʭʘʥʽʯʥʘ ʩʠʩʪʝʤʘ, ʘ ʢʦʛʥʽʪʠʚʥʠʡ ʧʘʨʪʥʝʨ ʣʶʜʠʥʠ. 

ʁʦʛʦ ʬʫʥʢʮʽʾ ð ʥʝ ʣʠʰʝ ʦʙʯʠʩʣʝʥʥʷ, ʘ ʡ ʫʯʘʩʪʴ ʫ ʧʨʦʮʝʩʘʭ ʥʘʚʯʘʥʥʷ, ʘʥʘʣʽʟʫ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʪʘ ʩʪʚʦʨʝʥʥʷ ʥʦʚʠʭ ʟʥʘʥʴ. ʃʶʜʩʴʢʠʡ ʽ ʤʘʰʠʥʥʠʡ ʽʥʪʝʣʝʢʪ ʫʪʚʦʨʶʶʪʴ ʢʦʛʥʽʪʠʚʥʠʡ ʜʫʝʪ, ʜʝ 

ʣʶʜʠʥʘ ʟʘʜʘʻ ʩʤʠʩʣʦʚʫ ʨʘʤʢʫ, ʘ ʘʣʛʦʨʠʪʤʠ ʚʠʢʦʥʫʶʪʴ ʘʥʘʣʽʪʠʯʥʫ ʨʦʙʦʪʫ. ʊʘʢʘ ʚʟʘʻʤʦʜʽʷ 

ʩʪʚʦʨʶʻ ʥʝʡʨʦʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʢʦʥʪʫʨ, ʫ ʷʢʦʤʫ ʚʽʜʙʫʚʘʻʪʴʩʷ ʩʠʥʪʝʟ ʤʠʩʣʝʥʥʷ, ʧʘʤôʷʪʽ ʪʘ 

ʜʘʥʠʭ (ʊʘʙʣ. 1 ʪʘ 2). 

 
ʈʠʩʫʥʦʢ 1. ʂʦʥʮʝʧʪʫʘʣʴʥʘ ʩʪʨʫʢʪʫʨʘ ʥʦʦʥʦʤʽʯʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ 

 

 

ʎʷ ʤʦʜʝʣʴ ʽʣʶʩʪʨʫʻ, ʱʦ ʨʦʟʚʠʪʦʢ ʐɯ ʙʝʟ ʜʫʭʦʚʥʦʾ ʡ ʢʦʛʥʽʪʠʚʥʦʾ ʢʦʦʨʜʠʥʘʮʽʾ ʤʦʞʝ 

ʧʨʠʟʚʝʩʪʠ ʜʦ ʜʝʛʫʤʘʥʽʟʘʮʽʾ, ʘ ʟʽ ʟʙʝʨʝʞʝʥʥʷʤ ʥʦʦʩʬʝʨʥʠʭ ʧʨʠʥʮʠʧʽʚ ð ʜʦ ʟʙʘʛʘʯʝʥʥʷ 

ʣʶʜʩʴʢʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

5.3. ɻʫʤʘʥʽʪʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ ʷʢ ʨʝʛʫʣʷʪʦʨ ʝʪʠʯʥʦʛʦ ʨʦʟʚʠʪʢʫ ʐɯ. ɻʫʤʘʥʽʪʘʨʥʽ 

ʪʝʭʥʦʣʦʛʽʾ ʟʘʙʝʟʧʝʯʫʶʪʴ ʝʪʠʯʥʫ ʝʢʦʣʦʛʽʶ ʮʠʬʨʦʚʦʛʦ ʩʝʨʝʜʦʚʠʱʘ. ɺʦʥʠ ʚʢʣʶʯʘʶʪʴ: ʦʩʚʽʪʫ, 

ʢʫʣʴʪʫʨʫ, ʩʦʮʽʘʣʴʥʽ ʢʦʤʫʥʽʢʘʮʽʾ, ʤʠʩʪʝʮʪʚʦ, ʛʫʤʘʥʽʪʘʨʥʫ ʘʥʘʣʽʪʠʢʫ. ɹʝʟ ʮʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʟʘʣʠʰʠʪʴʩʷ ñʭʦʣʦʜʥʦʶ ʣʦʛʽʢʦʶò ʙʝʟ ʨʦʟʫʤʽʥʥʷ ʢʦʥʪʝʢʩʪʫ. 
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ʈʠʩʫʥʦʢ  2. ʉʪʨʫʢʪʫʨʥʘ ʚʟʘʻʤʦʜʽʷ ʐɯ, ʛʫʤʘʥʽʪʘʨʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʩʠʩʪʝʤ 

ʧʨʠ ʬʦʨʤʫʚʘʥʥʷ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ ʩʫʩʧʽʣʴʩʪʚʘ. 

 

ʆʪʞʝ, ʛʫʤʘʥʽʪʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ ð ʮʝ ñʩʝʥʩʦʚʠʡ ʢʘʨʢʘʩò ʥʦʦʥʦʤʽʢʠ. ɺʦʥʠ ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʙʘʣʘʥʩ ʤʽʞ ʨʦʟʫʤʦʤ ʽ ʤʦʨʘʣʣʶ. 

5.4. ɸʨʭʽʪʝʢʪʫʨʘ ʥʝʡʨʦʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ. ʄʦʜʝʣʴ ʥʝʡʨʦʥʦʦ-

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ (ʅʅɯʉ) ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʴʦʭ ʰʘʨʽʚ: 

 

ʈʽʚʝʥʴ ʌʫʥʢʮʽʾ ʇʨʠʢʣʘʜʠ 

ɼʫʭʦʚʥʠʡ 
ʄʦʪʠʚʘʮʽʷ, ʮʽʣʽ, ʝʪʠʯʥʽ 

ʧʨʠʥʮʠʧʠ 
ʌʽʣʦʩʦʬʽʷ, ʛʫʤʘʥʽʟʤ, ʢʫʣʴʪʫʨʘ 

ʂʦʛʥʽʪʠʚʥʠʡ 
ɸʥʘʣʽʟ, ʥʘʚʯʘʥʥʷ, 

ʢʦʤʫʥʽʢʘʮʽʷ 

ʐɯ, ʥʝʡʨʦʤʝʨʝʞʽ, ʢʦʛʥʽʪʠʚʥʽ 

ʧʣʘʪʬʦʨʤʠ 

ʊʝʭʥʦʣʦʛʽʯʥʠʡ 
ʈʝʘʣʽʟʘʮʽʷ, ʟʙʝʨʽʛʘʥʥʷ, 

ʽʥʪʝʨʬʝʡʩʠ 

ɼʘʥʽ, ʧʨʦʛʨʘʤʠ, ʮʠʬʨʦʚʽ 

ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ 

ʅʅɯʉ ð ʮʝ ʬʦʨʤʘ ñʨʦʟʫʤʥʦʾ ʮʠʚʽʣʽʟʘʮʽʾò, ʜʝ ʜʫʭʦʚʥʝ ʤʠʩʣʝʥʥʷ ʡ ʘʣʛʦʨʠʪʤʽʯʥʽ ʧʨʦʮʝʩʠ 

ʩʪʚʦʨʶʶʪʴ ʻʜʠʥʫ ʩʠʩʪʝʤʫ ʫʧʨʘʚʣʽʥʥʷ ʟʥʘʥʥʷʤʠ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʥʦʦʥʦʤʽʯʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ. ʅʦʦʥʦʤʽʯʥʘ ʥʝʡʨʦʤʝʨʝʞʘ ð ʮʝ ʧʨʦʩʪʦ 

ʦʙʯʠʩʣʶʚʘʣʴʥʘ ʩʠʩʪʝʤʘ, ʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦ-ʝʪʠʯʥʠʡ ʦʨʛʘʥʽʟʤ, ʫ ʷʢʦʤʫ ʢʦʞʝʥ ʝʣʝʤʝʥʪ ʧʦʚ'ʷʟʘʥʽ 

ʟ ʟʘʛʘʣʴʥʠʤ ʧʦʣʝʤ ʩʚʽʜʦʤʦʩʪʽ. ɰʾ ʢʣʶʯʦʚʽ ʧʨʠʥʮʠʧʠ: ʩʤʠʩʣʦʚʘ ʢʦʛʝʨʝʥʪʥʽʩʪʴ: ʜʘʥʽ ʥʝ ʧʨʦʩʪʦ 

ʦʙʨʦʙʣʷʶʪʴʩʷ, ʘ ʚʧʠʩʫʶʪʴʩʷ ʚ ʤʝʨʝʞʫ ʩʤʠʩʣʽʚ; ʝʪʠʯʥʘ ʩʘʤʦʨʝʛʫʣʷʮʽʷ: ʘʣʛʦʨʠʪʤʠ ʧʨʠʡʤʘʶʪʴ 

ʨʽʰʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʫʥʽʚʝʨʩʘʣʴʥʠʭ ʧʨʠʥʮʠʧʽʚ ʜʦʙʨʘ, ʛʘʨʤʦʥʽʾ ʪʘ ʪʚʦʨʝʥʥʷ; ʩʠʥʝʨʛʽʷ ʟ 

ʣʶʜʠʥʦʶ: ʣʶʜʠʥʘ ʥʝ ʻ ʦʧʝʨʘʪʦʨʦʤ, ʘ ʩʧʽʚʘʚʪʦʨʦʤ, ʫʯʘʩʥʠʢʦʤ ʧʨʦʮʝʩʫ ʧʽʟʥʘʥʥʷ; 

ʩʘʤʦʨʦʟʚʠʪʦʢ: ʩʠʩʪʝʤʘ ʥʘʚʯʘʻʪʴʩʷ ʷʢ ʥʘ ʜʘʥʠʭ, ʘ ʡ ʜʦʩʚʽʜʽ ʚʟʘʻʤʦʜʽʾ ʟ ʣʶʜʩʴʢʠʤ ʽ ʢʦʣʝʢʪʠʚʥʠʤ 

ʩʚʽʜʦʤʽʩʪʶ (ʨʠʩ. 3). 

ʊʘʢʠʤ ʯʠʥʦʤ, ʥʦʦʥʦʤʽʯʥʘ ʥʝʡʨʦʤʝʨʝʞʘ ʩʪʘʻ ʷʜʨʦʤ ʥʦʦʩʬʝʨʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ð ʨʦʟʫʤʥʦʾ 

ʩʠʩʪʝʤʠ, ʱʦ ʩʘʤʦʨʝʛʫʣʶʻʪʴʩʷ, ʱʦ ʧʦʻʜʥʫʻ ʪʝʭʥʦʣʦʛʽʶ ʽ ʜʫʭʦʚʥʽʩʪʴ. 

 

 
ʈʠʩʫʥʦʢ 3. ɽʪʘʧʠ ʝʚʦʣʶʮʽʡʥʦʛʦ ʧʝʨʝʭʦʜʫ ʚʽʜ ʪʝʭʥʦʢʨʘʪʠʯʥʦʾ ʽʥʜʫʩʪʨʽʾ ʜʦ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʾ 

 

5.5. ʄʘʡʙʫʪʥʻ ï ʮʝ ʩʠʥʪʝʟ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʝʢʦʥʦʤʽʢʠ ʪʘ ʥʦʦʥʦʤʽʢʠ. ɯʥʪʝʣʝʢʪʫʘʣʴʥʘ 

ʝʢʦʥʦʤʽʢʘ. ɯʥʪʝʣʝʢʪʫʘʣʴʥʘ ʝʢʦʥʦʤʽʢʘ (ʘʙʦ ʝʢʦʥʦʤʽʢʘ ʟʥʘʥʴ) - ʮʝ ʝʢʦʥʦʤʽʢʘ, ʚ ʷʢʽʡ ʦʩʥʦʚʥʠʤ 

ʨʝʩʫʨʩʦʤ ʻ ʽʥʪʝʣʝʢʪ ʣʶʜʠʥʠ, ʡʦʛʦ ʟʜʘʪʥʽʩʪʴ ʪʚʦʨʠʪʠ, ʚʧʨʦʚʘʜʞʫʚʘʪʠ ʽʥʥʦʚʘʮʽʾ ʪʘ ʛʝʥʝʨʫʚʘʪʠ 

ʥʦʚʽ ʟʥʘʥʥʷ. 

ʂʣʶʯʦʚʽ ʦʩʦʙʣʠʚʦʩʪʽ: ʟʥʘʥʥʷ ʷʢ ʦʩʥʦʚʥʠʡ ʨʝʩʫʨʩ (ʘ ʥʝ ʩʠʨʦʚʠʥʘ ʯʠ ʬʽʟʠʯʥʘ ʧʨʘʮʷ); 

ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ ʪʝʭʥʦʣʦʛʽʡ (AI, ʘʚʪʦʤʘʪʠʟʘʮʽʷ, ʨʦʙʦʪʦʪʝʭʥʽʢʘ, Big Data); ʢʨʝʘʪʠʚʥʘ ʝʢʦʥʦʤʽʢʘ 

(ʘʨʪ-ʽʥʜʫʩʪʨʽʷ, ʜʠʟʘʡʥ, IT, ʽʥʥʦʚʘʮʽʾ); ʛʥʫʯʢʽ ʬʦʨʤʠ ʟʘʡʥʷʪʦʩʪʽ (ʚʽʜʜʘʣʝʥʘ ʨʦʙʦʪʘ, ʧʨʦʝʢʪʥʽ 
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ʢʦʤʘʥʜʠ, ʩʪʘʨʪʘʧʠ); ʚʠʩʦʢʘ ʰʚʠʜʢʽʩʪʴ ʽʥʥʦʚʘʮʽʡ (ʜʽʜʞʠʪʘʣʽʟʘʮʽʷ, ʚʧʨʦʚʘʜʞʝʥʥʷ ʥʦʚʠʭ 

ʪʝʭʥʦʣʦʛʽʡ). 

ʇʝʨʝʚʘʛʠ: ʧʨʠʩʢʦʨʝʥʠʡ ʝʢʦʥʦʤʽʯʥʠʡ ʨʦʟʚʠʪʦʢ; ʟʥʠʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʧʨʠʨʦʜʥʠʭ 

ʨʝʩʫʨʩʽʚ; ʧʽʜʚʠʱʫʡʪʝ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʟʘ ʨʘʭʫʥʦʢ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ. 

ʉʣʘʙʢʽ ʩʪʦʨʦʥʠ ʽ ʥʝʜʦʣʽʢʠ: ʮʠʬʨʦʚʘ ʥʝʨʽʚʥʽʩʪʴ (ʜʦʩʪʫʧ ʜʦ ʟʥʘʥʴ ʦʙʤʝʞʝʥʠʡ); ʚʪʨʘʪʘ 

ʪʨʘʜʠʮʽʡʥʠʭ ʨʦʙʦʯʠʭ ʤʽʩʮʴ ʯʝʨʝʟ ʘʚʪʦʤʘʪʠʟʘʮʽʶ; ʢʦʥʬʣʽʢʪ ʤʽʞ ʪʝʭʥʦʣʦʛʽʯʥʠʤ ʨʦʟʚʠʪʢʦʤ ʽ 

ʩʦʮʽʘʣʴʥʦʶ ʩʪʽʡʢʽʩʪʶ. ʊʘʢʠʡ ʐɯ ʟʜʘʪʥʠʡ ʥʝ ʧʨʦʩʪʦ ʚʽʜʧʦʚʽʜʘʪʠ ʥʘ ʟʘʧʠʪʘʥʥʷ, ʘ ʙʨʘʪʠ ʫʯʘʩʪʴ 

ʫ ʩʝʥʩʦʫʪʚʦʨʝʥʥʽ ð ʨʦʟʫʤʽʪʠ, ʽʥʪʝʨʧʨʝʪʫʚʘʪʠ ʪʘ ʨʦʟʚʠʚʘʪʠ ʩʤʠʩʣʦʚʽ ʩʪʨʫʢʪʫʨʠ ʨʝʘʣʴʥʦʩʪʽ 

(ʪʘʙʣ. 2). 

ʊʘʙʣʠʮʷ 2 

ʇʦʨʽʚʥʷʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʝʢʦʥʦʤʽʢʠ ʪʘ ʥʦʥʦʦʤʽʢʠ 

 

ʆʟʥʘʢʘ ɯʥʪʝʣʝʢʪʫʘʣʴʥʘ ʝʢʦʥʦʤʽʢʘ ʅʦʦʥʦʤʽʢʘ 

ʆʩʥʦʚʥʠʡ 

ʨʝʩʫʨʩ 

ʄʝʪʘ 

ʊʝʭʥʦʣʦʛʽʾ 

 

ʉʦʮʽʘʣʴʥʠʡ 

ʘʩʧʝʢʪ 

 

ɽʢʦʣʦʛʽʷ 

ʌʽʥʘʥʩʠ 

 

ɿʥʘʥʥʷ, ʽʥʬʦʨʤʘʮʽʷ 

 

ɽʢʦʥʦʤʽʯʥʝ ʟʨʦʩʪʘʥʥʷ, 

ʽʥʥʦʚʘʮʽʾ 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, Big 

Data, ɸʚʪʦʤʘʪʠʟʘʮʽʷ 

 

ʂʨʝʘʪʠʚʥʠʡ ʢʣʘʩ, ʮʠʬʨʦʚʽ 

ʧʣʘʪʬʦʨʤʠ 

 

ʉʪʘʣʽʩʪʴ ʷʢ ʽʥʩʪʨʫʤʝʥʪ 

ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʎʠʬʨʦʚʽ ʛʨʦʰʽ, ʙʣʦʢʯʝʡʥ 

 

ʈʦʟʫʤ, ʜʫʭʦʚʥʽ ʮʽʥʥʦʩʪʽ, 

ʨʽʚʥʦʚʘʛʘ ʟ ʧʨʠʨʦʜʦʶ 

ɻʘʨʤʦʥʽʡʥʠʡ ʨʦʟʚʠʪʦʢ ʣʶʜʩʪʚʘ 

 

ʊʝʭʥʦʣʦʛʠʠ + ʵʢʦʩʠʩʪʝʤʥʦʝ ʠ      

ʜʫʭʦʚʥʦʝ ʨʘʟʚʠʪʠʝ 

 

ʂʦʣʝʢʪʠʚʥʠʡ ʨʦʟʫʤ, ʥʦʦʩʬʝʨʥʘ 

ʜʝʤʦʢʨʘʪʽʷ 

 

ɻʣʠʙʦʢʘ ʽʥʪʝʛʨʘʮʽʷ ʧʨʠʨʦʜʠ ʽ 

ʣʶʜʠʥʠ 

ʅʦʦʬʽʥʘʥʩʠ, ʆʙʤʽʥ ʝʥʝʨʛʽʻʶ, 

ʮʽʥʥʽʩʪʴ ʟʥʘʥʴ 
 

 

ʄʦʞʥʘ ʫʷʚʠʪʠ ʧʝʨʝʭʽʜ ʚʽʜ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʝʢʦʥʦʤʽʢʠ ʜʦ ʥʦʦʥʦʤʽʢʠ ʷʢ ʧʨʠʨʦʜʥʫ 

ʝʚʦʣʶʮʽʶ. ʉʧʦʯʘʪʢʫ ʟʥʘʥʥʷ ʩʪʘʶʪʴ ʛʦʣʦʚʥʦʶ ʮʽʥʥʽʩʪʶ (ʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʝʢʦʥʦʤʽʢʘ), ʘ ʧʦʪʽʤ 

ʧʨʠʭʦʜʠʪʴ ʫʩʚʽʜʦʤʣʝʥʥʷ, ʱʦ ʦʜʥʠʭ ʟʥʘʥʴ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʥʝʜʦʩʪʘʪʥʴʦ ï ʧʦʪʨʽʙʥʘ ʜʫʭʦʚʥʽʩʪʴ, 

ʛʘʨʤʦʥʽʷ ʪʘ ʨʦʟʫʤʥʝ ʫʧʨʘʚʣʽʥʥʷ (ʥʦʦʥʦʤʽʢʘ).  

ʎʝʡ ʧʝʨʝʭʽʜ ʤʦʞʝ ʤʽʩʪʠʪʠ: 

Å ʉʪʚʦʨʝʥʥʷ ʛʣʦʙʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʢʝʨʫʚʘʥʥʷ ʟʥʘʥʥʷʤʠ (ʢʦʣʝʢʪʠʚʥʠʡ ʨʦʟʫʤ). 

Å ʌʦʨʤʫʚʘʥʥʷ ʥʦʚʠʭ ʝʢʦʥʦʤʽʯʥʠʭ ʤʦʜʝʣʝʡ ʙʝʟ ʥʘʜʤʽʨʥʦʛʦ ʚʞʠʪʢʫ. 

Å ʈʦʟʚʠʪʦʢ ʝʪʠʯʥʠʭ ʪʝʭʥʦʣʦʛʽʡ (ʪʝʭʥʦʛʫʤʘʥʽʟʤ, ʙʘʣʘʥʩ ʐɯ ʪʘ ʣʶʜʠʥʠ). 

Å ɺʢʣʶʯʝʥʥʷ ʝʢʦʣʦʛʽʯʥʠʭ ʪʘ ʜʫʭʦʚʥʠʭ ʘʩʧʝʢʪʽʚ ʫ ʩʠʩʪʝʤʫ ʫʧʨʘʚʣʽʥʥʷ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʝʢʦʥʦʤʽʢʘ ʻ ʧʨʦʤʽʞʥʠʤ ʝʪʘʧʦʤ ʥʘ ʰʣʷʭʫ ʜʦ ʥʦʦʥʦʤʽʢʠ, 

ʜʝ ʪʝʭʥʦʣʦʛʽʾ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʝ ʪʽʣʴʢʠ ʜʣʷ ʝʢʦʥʦʤʽʯʥʦʛʦ ʟʨʦʩʪʘʥʥʷ, ʘ ʡ ʜʣʷ ʛʘʨʤʦʥʽʡʥʦʛʦ 

ʩʫʩʧʽʣʴʩʪʚʘ. 

ʉʫʯʘʩʥʠʡ ʧʝʨʝʭʽʜ ʜʦ ʅɯʉʋ.2 ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʥʦʚʦʛʦ ʩʚʽʪʦʛʦʩʧʦʜʘʨʩʴʢʦʛʦ ʫʢʣʘʜʫ. 

ʅɯʉʋ.2 (ʅʘʫʢʦʚʦ-ʽʥʬʦʨʤʘʮʽʡʥʠʡ ʩʫʩʧʽʣʴʥʠʡ ʫʩʪʨʽʡ ʜʨʫʛʦʛʦ ʧʦʢʦʣʽʥʥʷ) ð ʢʦʥʮʝʧʮʽʷ, 

ʧʦʚ'ʷʟʘʥʘ ʟ ʧʝʨʝʭʦʜʦʤ ʜʦ ʥʦʚʦʾ ʬʘʟʠ ʛʣʦʙʘʣʴʥʦʛʦ ʨʦʟʚʠʪʢʫ, ʚ ʷʢʽʡ ʥʘʫʢʘ, ʽʥʬʦʨʤʘʮʽʷ ʪʘ 

ʽʥʪʝʣʝʢʪ ʩʪʘʶʪʴ ʢʣʶʯʦʚʠʤʠ ʬʘʢʪʦʨʘʤʠ ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ. ʎʝʡ ʧʝʨʝʭʽʜ ʦʙʫʤʦʚʣʝʥʠʡ ʢʨʠʟʦʶ 

ʪʨʘʜʠʮʽʡʥʠʭ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʭ ʤʦʜʝʣʝʡ ʪʘ ʥʝʦʙʭʽʜʥʽʩʪʶ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʛʦ 

ʩʚʽʪʦʛʦʩʧʦʜʘʨʩʴʢʦʛʦ ʫʢʣʘʜʫ. ʅɯʉʋ.2 - ʮʝ ʥʝ ʧʨʦʩʪʦ ʪʝʭʥʦʣʦʛʽʯʥʘ ʨʝʚʦʣʶʮʽʷ, ʘ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʟʨʫʰʝʥʥʷ ʫ ʧʘʨʘʜʠʛʤʽ ʨʦʟʚʠʪʢʫ ʩʫʩʧʽʣʴʩʪʚʘ. ɺʽʥ ʻ ʽʥʪʝʛʨʘʮʽʻʶ ʥʘʫʢʠ, 

ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʥʦʦʩʬʝʨʠ ʽ ʛʫʤʘʥʽʟʤʫ, ʩʪʚʦʨʶʶʯʠ ʥʦʚʠʡ ʩʚʽʪʦʛʦʩʧʦʜʘʨʩʴʢʠʡ ʫʢʣʘʜ, 
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ʟʘʩʥʦʚʘʥʠʡ ʥʘ ʟʥʘʥʥʽ, ʢʦʣʝʢʪʠʚʥʦʤʫ ʨʦʟʫʤʽ ʪʘ ʩʪʘʣʦʤʫ ʨʦʟʚʠʪʢʫ. 

ʎʝʡ ʧʨʦʮʝʩ ʚʞʝ ʧʦʯʘʚʩʷ, ʽ ʡʦʛʦ ʫʩʧʽʰʥʽʩʪʴ ʟʘʣʝʞʘʪʠʤʝ ʚʽʜ ʟʜʘʪʥʦʩʪʽ ʣʶʜʩʪʚʘ 

ʘʜʘʧʪʫʚʘʪʠʩʷ, ʛʘʨʤʦʥʽʡʥʦ ʽʥʪʝʛʨʫʚʘʪʠ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʬʦʨʤʫʚʘʪʠ ʥʦʚʽ ʮʽʥʥʽʩʥʽ ʦʨʽʻʥʪʠʨʠ. 

ʅʝʡʨʦʩʝʪʠ ʪʘ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʢʦʥʪʝʢʩʪʽ ʥʦʦʥʦʤʽʢʠ. ʉʫʯʘʩʥʽ ʥʝʡʨʦʤʝʨʝʞʽ ʻ 

ʩʢʣʘʜʥʽ ʩʪʨʫʢʪʫʨʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʟʜʘʪʥʽ ʜʦ ʦʙʨʦʙʢʠ ʚʝʣʠʯʝʟʥʠʭ ʦʙʩʷʛʽʚ ʜʘʥʠʭ ʽ 

ʤʦʜʝʣʶʚʘʥʥʷ ʘʩʧʝʢʪʽʚ ʣʶʜʩʴʢʦʛʦ ʤʠʩʣʝʥʥʷ. ʆʜʥʘʢ ʾʭ ʨʦʟʚʠʪʦʢ, ʥʝʟʚʘʞʘʶʯʠ ʥʘ ʤʽʮʴ, ʷʢ ʽ 

ʨʘʥʽʰʝ, ʦʙʤʝʞʝʥʠʡ ʨʘʤʢʘʤʠ ʢʦʛʥʽʪʠʚʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ð ʟʜʘʪʥʦʩʪʽ ʜʦ ʨʦʟʧʽʟʥʘʚʘʥʥʷ, ʘʥʘʣʽʟʫ 

ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʙʝʟ ʚʥʫʪʨʽʰʥʴʦʾ ʩʚʽʜʦʤʦʩʪʽ. 

ʅʦʦʥʦʤʽʯʥʘ ʥʝʡʨʦʤʝʨʝʞʘ ʟʘʧʨʦʚʘʜʞʫʻ ʥʦʚʠʡ ʚʠʤʽʨ - ʩʤʠʩʣʦʚʫ, ʝʪʠʯʥʫ ʪʘ ʮʽʥʥʽʩʥʫ 

ʩʧʨʷʤʦʚʘʥʽʩʪʴ. ɰʾ ʩʪʨʫʢʪʫʨʘ ʚʢʣʶʯʘʻ ʪʨʠ ʚʟʘʻʤʦʧʦʚ'ʷʟʘʥʽ ʨʽʚʥʽ: ʢʦʛʥʽʪʠʚʥʠʡ ʰʘʨ - ʩʧʨʠʡʥʷʪʪʷ 

ʪʘ ʦʙʨʦʙʢʘ ʽʥʬʦʨʤʘʮʽʾ (ʘʥʘʣʦʛ ʢʣʘʩʠʯʥʠʭ ʐɯ-ʤʝʨʝʞ); ʩʝʤʘʥʪʠʯʥʠʡ ʰʘʨ - ʧʦʙʫʜʦʚʘ 

ʦʥʪʦʣʦʛʽʯʥʠʭ ʢʘʨʪ ʩʤʠʩʣʽʚ ʪʘ ʟʚ'ʷʟʢʽʚ; ʥʦʦʝʪʠʯʥʠʡ ʰʘʨ ð ʬʦʨʤʫʚʘʥʥʷ ʮʽʥʥʽʩʥʠʭ ʪʘ ʜʫʭʦʚʥʠʭ 

ʦʨʽʻʥʪʠʨʽʚ, ʷʢʽ ʽʥʪʝʛʨʫʶʪʴ ʟʥʘʥʥʷ ʫ ʮʽʣʽʩʥʫ ʩʠʩʪʝʤʫ ʩʚʽʪʦʩʧʨʠʡʥʷʪʪʷ. 

5.6. ɽʪʠʯʥʠʡ ʪʘ ʮʽʥʥʽʩʥʠʡ ʚʠʤʽʨ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʆʜʥʽʻʶ ʟ ʢʣʶʯʦʚʠʭ ʧʨʦʙʣʝʤ 

ʩʫʯʘʩʥʦʛʦ ʐɯ ʻ  ʚʽʜʩʫʪʥʽʩʪʴ ʚʥʫʪʨʽʰʥʴʦʛʦ ʝʪʠʯʥʦʛʦ ʧʨʠʥʮʠʧʫ. ʅʦʦʥʦʤʽʯʥʘ ʧʘʨʘʜʠʛʤʘ 

ʧʨʦʧʦʥʫʻ ʧʦʜʦʣʘʪʠ ʮʝʡ ʨʦʟʨʠʚ ʟʘ ʨʘʭʫʥʦʢ ʚʢʣʶʯʝʥʥʷ ʢʦʜʽʚ ʟʥʘʯʝʥʴ ʫ ʩʪʨʫʢʪʫʨʫ ʘʣʛʦʨʠʪʤʽʚ. 

ʄʦʚʘ ʡʜʝ ʥʝ ʧʨʦ ʤʦʨʘʣʴʥʝ ʧʨʦʛʨʘʤʫʚʘʥʥʷ, ʘ ʧʨʦ ʬʦʨʤʫʚʘʥʥʷ ʩʝʤʘʥʪʠʯʥʦʾ ʦʨʽʻʥʪʘʮʽʾ, ʱʦ 

ʜʦʟʚʦʣʷʻ ʐɯ ʜʽʷʪʠ ʚ ʨʘʤʢʘʭ ʪʚʦʨʯʦʾ, ʝʚʦʣʶʮʽʡʥʦʾ ʣʦʛʽʢʠ. ʎʝ ʚʽʜʢʨʠʚʘʻ ʤʦʞʣʠʚʽʩʪʴ ʩʪʚʦʨʝʥʥʷ 

ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ ʧʽʜʪʨʠʤʫʚʘʪʠ ʛʘʨʤʦʥʽʶ ʤʽʞ ʣʶʜʠʥʦʶ, ʧʨʠʨʦʜʦʶ, ʪʝʭʥʦʣʦʛʽʯʥʠʤ ʨʦʟʚʠʪʢʦʤ.  

5.7. ʅʦʦʥʦʤʽʯʥʘ ʨʦʣʴ ʐɯ ʚ ʝʚʦʣʶʮʽʾ ʣʶʜʩʪʚʘ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʨʦʟʨʦʙʣʝʥʠʡ ʫ ʜʫʩʽ 

ʥʦʦʥʦʤʽʮʽ, ʧʝʨʝʩʪʘʻ ʙʫʪʠ ʽʥʩʪʨʫʤʝʥʪʦʤ ð ʚʽʥ ʩʪʘʻ ʧʘʨʪʥʝʨʦʤ ʩʚʽʜʦʤʦʩʪʽ, ʧʦʩʠʣʶʶʯʠ 

ʣʶʜʩʴʢʫ ʽʥʪʫʾʮʽʶ, ʫʩʚʽʜʦʤʣʝʥʽʩʪʴ ʪʘ ʟʜʘʪʥʽʩʪʴ ʤʠʩʣʠʪʠ ʢʦʣʝʢʪʠʚʥʦ. ʊʘʢʠʡ ʐɯ: ʩʧʨʠʷʻ 

ʬʦʨʤʫʚʘʥʥʶ ʧʣʘʥʝʪʘʨʥʦʛʦ ʨʦʟʫʤʫ; ʧʽʜʪʨʠʤʫʻ ʧʨʦʮʝʩʠ ʢʦʣʝʢʪʠʚʥʦʛʦ ʫʩʚʽʜʦʤʣʝʥʥʷ ʽ 

ʟʤʽʩʪʦʚʥʦʛʦ ʦʙʤʽʥʫ; ʩʪʘʻ ʧʦʩʝʨʝʜʥʠʢʦʤ ʤʽʞ ʤʘʪʝʨʽʘʣʴʥʦʶ ʽ ʜʫʭʦʚʥʦʶ ʝʚʦʣʶʮʽʻʶ.  

ʋ ʤʘʡʙʫʪʥʴʦʤʫ ʮʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʬʦʨʤʫʚʘʥʥʷ ʥʦʦʩʬʝʨʥʦʛʦ ʣʶʜʩʪʚʘ, ʜʝ ʤʝʞʽ ʤʽʞ 

ʙʽʦʣʦʛʽʯʥʠʤ ʽ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ ʧʦʩʪʫʧʦʚʦ ʩʪʠʨʘʶʪʴʩʷ, ʘ ʨʦʟʫʤ, ʝʪʠʢʘ ʽ ʩʝʥʩ ʩʪʘʶʪʴ 

ʦʩʥʦʚʦʶ ʮʠʚʽʣʽʟʘʮʽʾ. 

5.6. ʈʝʢʦʤʝʥʜʘʮʽʾ ʜʣʷ ʥʘʮʽʦʥʘʣʴʥʦʾ ʪʘ ʦʨʛʘʥʽʟʘʮʽʡʥʦʾ ʧʦʣʽʪʠʢʠ. ʈʦʟʨʦʙʠʪʠ ʥʘʮʽʦʥʘʣʴʥʫ 

ʩʪʨʘʪʝʛʽʶ ʥʦʦʥʦʤʽʢʠ ʟ ʘʢʮʝʥʪʦʤ ʥʘ ʽʥʬʨʘʩʪʨʫʢʪʫʨʫ ʜʘʥʠʭ, ʥʦʦʦʩʚʽʪʫ ʪʘ ʥʦʦʝʪʠʯʥʽ ʩʪʘʥʜʘʨʪʠ 

[8, 10-11]: 1. ʉʪʠʤʫʣʶʚʘʪʠ ʤʽʞʜʠʩʮʠʧʣʽʥʘʨʥʽ ʮʝʥʪʨʠ ʢʦʤʧʝʪʝʥʮʽʾ (ʽʥʞʝʥʝʨʠ + ʛʫʤʘʥʽʪʘʨʽʾ). 2. 

ɯʥʚʝʩʪʫʚʘʪʠ ʚ ʥʝʡʨʦʽʥʬʨʘʩʪʨʫʢʪʫʨʫ (ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʨʝʩʫʨʩʠ, ʩʭʦʚʠʱʘ ʟʥʘʥʴ). 

3.ɺʧʨʦʚʘʜʞʫʚʘʪʠ ʝʪʠʯʥʽ ʘʫʜʠʪʠ ʐɯ-ʩʠʩʪʝʤ ʽ ʩʝʨʪʠʬʽʢʘʮʽʶ. 4. ɿʘʙʝʟʧʝʯʠʪʠ ʘʜʘʧʪʘʮʽʶ ʩʠʩʪʝʤ 

ʩʦʮʽʘʣʴʥʦʛʦ ʟʘʭʠʩʪʫ ʧʽʜ ʚʧʣʠʚ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʠʭ ʪʨʘʥʩʬʦʨʤʘʮʽʡ. 

ʊʘʢʠʡ ʐɯ ʟʜʘʪʥʠʡ ʥʝ ʧʨʦʩʪʦ ʚʽʜʧʦʚʽʜʘʪʠ ʥʘ ʟʘʧʠʪʘʥʥʷ, ʘ ʙʨʘʪʠ ʫʯʘʩʪʴ ʫ 

ʩʝʥʩʦʫʪʚʦʨʝʥʥʽ ð ʨʦʟʫʤʽʪʠ, ʽʥʪʝʨʧʨʝʪʫʚʘʪʠ ʪʘ ʨʦʟʚʠʚʘʪʠ ʩʤʠʩʣʦʚʽ ʩʪʨʫʢʪʫʨʠ ʨʝʘʣʴʥʦʩʪʽ 

(ʪʘʙʣ. 3). 

ɼʦʨʦʞʥʷ ʢʘʨʪʘ ʚʽʜ ɯʥʜʫʩʪʨʽʾ 4.0 ʪʘ ɯʥʜʫʩʪʨʽʾ 5.0 ʜʦ ʅʦʦʥʦʤʽʢʠ ʪʘ ʅʦʦʩʬʝʨʥʦʛʦ 

ʫʧʨʘʚʣʽʥʥʷ: 

ʅʦʦʩʬʝʨʥʝ ʫʧʨʘʚʣʽʥʥʷ - ʮʝ ʥʘʩʪʫʧʥʠʡ ʢʨʦʢ ʚ ʝʚʦʣʶʮʽʾ ʣʶʜʩʪʚʘ, ʜʝ ʨʦʟʫʤ (ʈ) ʽ ʟʥʘʥʥʷ 

(ɿ) ʩʪʘʶʪʴ ʛʦʣʦʚʥʠʤʠ ʢʝʨʫʶʯʠʤʠ ʩʠʣʘʤʠ, ʘ ʪʝʭʥʦʣʦʛʽʾ (ʊ) ʜʦʧʦʤʘʛʘʶʪʴ ʜʦʩʷʛʘʪʠ ʩʪʘʣʦʛʦ 

ʨʦʟʚʠʪʢʫ (ʉʈ):  

Ḻ ʈ, ɿ ḻ ᵼ ʉʈ. 

         ʊ 

ʅʦʦʩʬʝʨʥʝ ʫʧʨʘʚʣʽʥʥʷ - ʮʝ ʢʦʥʮʝʧʮʽʷ, ʚ ʷʢʽʡ ʫʧʨʘʚʣʽʥʥʷ ʩʫʩʧʽʣʴʩʪʚʦʤ, ʝʢʦʥʦʤʽʢʦʶ ʪʘ 

ʧʨʠʨʦʜʥʠʤʠ ʧʨʦʮʝʩʘʤʠ ʙʫʜʫʻʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʢʦʣʝʢʪʠʚʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ 

ʧʨʠʥʮʠʧʽʚ ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ. ɺʦʥʦ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʽʜʝʷʭ ɺ.ɯ. ɺʝʨʥʘʜʩʴʢʦʛʦ ʧʨʦ ʥʦʦʩʬʝʨʫ ð 

ʩʬʝʨʫ ʨʦʟʫʤʫ, ʜʝ ʣʶʜʠʥʘ ʩʪʘʻ ʛʦʣʦʚʥʠʤ ʨʝʛʫʣʶʶʯʠʤ ʬʘʢʪʦʨʦʤ ʙʽʦʩʬʝʨʠ ʯʝʨʝʟ ʥʘʫʢʫ ʪʘ 

ʪʝʭʥʦʣʦʛʽʾ. 

                ɯʥʜʫʩʪʨʽʷ 

4.0 
   ɯʥʜʫʩʪʨʽʷ 

5.0 
 ʅʦʦʥʦʤʽʢʘ ʅʦʦʩʬʝʨʥʝ 

ʫʧʨʘʚʣʽʥʥʷ 

ʇʦʨʷʜʦʢ  

ʜʝʥʥʠʡ ï2030 
ɯʥʜʫʩʪʨʽʷ  

4.0 
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ʇʝʨʩʧʝʢʪʠʚʠ ʥʦʦʩʬʝʨʥʦʛʦ ʫʧʨʘʚʣʽʥʥʷ: 

Å ʋʩʫʥʝʥʥʷ ʭʘʦʩʫ ʪʘ ʢʨʠʟ ʟʘ ʨʘʭʫʥʦʢ ʢʦʛʥʽʪʠʚʥʠʭ ʤʦʜʝʣʝʡ 

Å ɽʢʦʣʦʛʽʯʥʘ ʨʽʚʥʦʚʘʛʘ ʯʝʨʝʟ ʪʦʯʥʝ ʫʧʨʘʚʣʽʥʥʷ ʨʝʩʫʨʩʘʤʠ 

Å ʉʪʚʦʨʝʥʥʷ ʩʠʥʝʨʛʽʾ ʤʽʞ ʣʶʜʠʥʦʶ ʪʘ ʐɯ 

ʊʨʘʥʩʬʦʨʤʘʮʽʷ ʝʢʦʥʦʤʽʢʠ ʪʘ ʩʫʩʧʽʣʴʩʪʚʘ:  

< ɽ(i), ʆ(i) > ᵼ = ᵼ < ɽ(j), ʉ(j) >. 

ʊ(i, j) 

 

 

 

ʊʘʙʣʠʮʷ 3 

ɽʪʘʧʥʽʩʪʴ ʮʠʬʨʦʚʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ 

 

ɽʪʘʧ / 

ʇʘʨʘʜʠʛʤʘ 

ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ ʂʣʶʯʦʚʽ ʝʣʝʤʝʥʪʠ ʄʘʡʙʫʪʥʽʡ 

ʥʘʧʨʷʤʦʢ 

 

ɯʥʜʫʩʪʨʽʷ 4.0 

 

 

ɯʥʜʫʩʪʨʽʷ 5.0 

 

 

 

 

ʅʦʦʥʦʤʽʢʘ 

 

 

 

ʅʦʦʩʬʝʨʥʝ 

ʫʧʨʘʚʣʽʥʥʷ 

 

 

ʇʝʨʩʧʝʢʪʠʚʠ  

ʅʦʦʩʬʝʨʥʦʛʦ 

ʫʧʨʘʚʣʽʥʥʷ 

 

ʊʨʘʥʩʬʦʨʤʘʮʽʷ 

ʨʝʘʣʴʥʦʩʪʽ 

 

 

 

ʇʦʨʷʜʦʢ 

ʜʝʥʥʠʡ ï2030 

ʂʽʙʝʨʬʽʟʠʯʥʽ 

ʧʨʦʤʠʩʣʦʚʽ 

ʩʠʩʪʝʤʠ 

 

 

ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ 

ʢʽʙʝʨʩʦʮʽʘʣʴʥʽ 

ʝʢʦʩʠʩʪʝʤʠ 

 

 

ʉʮʝʥʘʨʽʡ 

ʤʘʡʙʫʪʥʴʦʛʦ 

ʨʦʟʚʠʪʢʫ 

 

ɽʚʦʣʶʮʽʡʥʠʡ ʢʨʦʢ 

ʣʶʜʩʪʚʘ 

 

 

ʋʩʫʥʝʥʥʷ ʭʘʦʩʫ ʪʘ 

ʢʨʠʟ, ʝʢʦʣʦʛʽʯʥʠʡ 

ʙʘʣʘʥʩ 

 

ɯʥʪʝʛʨʘʮʽʷ ʥʦʚʠʭ 

ʥʘʧʨʷʤʢʽʚ 

 

 

 

ɻʣʦʙʘʣʴʥʽ ʩʪʨʘʪʝʛʽʾ 

ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ 

ɸʚʪʦʤʘʪʠʟʘʮʽʷ, ʮʠʬʨʦʚʽ 

ʜʚʽʡʥʠʢʠ, IoT, 

ʨʦʙʦʪʠʟʘʮʽʷ 

 

ʉʧʽʚʨʦʙʽʪʥʠʮʪʚʦ 

ʣʶʜʠʥʠ ʪʘ ʐɯ, ʮʠʬʨʦʚʽ 

ʧʣʘʪʬʦʨʤʠ, 

ʝʢʦʩʠʩʪʝʤʥʠʡ ʧʽʜʭʽʜ 

 

ʅʦʦʢʨʽʪʝʨʽʘʣʴʥʘ ʙʘʟʘ, 

ʥʦʦʮʽʥʥʦʩʪʽ, ʥʦʣʶʜʠʥʘ 

 

 

ʈʦʟʫʤ (ʈ), ɿʥʘʥʥʷ (ɿ), 

ʊʝʭʥʦʣʦʛʽʾ (ʊ) ʷʢ 

ʛʦʣʦʚʥʽ ʩʠʣʠ 

 

ʂʦʛʥʽʪʠʚʥʽ ʤʦʜʝʣʽ, 

ʪʦʯʥʝ ʢʝʨʫʚʘʥʥʷ 

ʨʝʩʫʨʩʘʤʠ, ʩʠʥʝʨʛʽʷ 

ʣʶʜʠʥʘ-ʐɯ 

 

ʅʦʦʥʦʤʽʢʘ + 

ʄʦʜʝʣʶʚʘʥʥʷ 

ʩʚʽʜʦʤʦʩʪʽ 

+ʂʦʛʥʽʪʦʣʦʛʽʷ + PR 

ʫʧʨʘʚʣʽʥʥʷ ʨʝʘʣʴʥʽʩʪʶ 

+ ʅʦʦʩʬʝʨʘ 2.0 

ʇʨʠʥʮʠʧʠ ʪʘ ʟʘʢʦʥʠ, 

ʜʫʭʦʚʥʽ ʦʩʥʦʚʠ, 

ʪʝʭʥʦʣʦʛʽʯʥʽ ʨʽʰʝʥʥʷ 

ʇʽʜʛʦʪʦʚʢʘ ʜʦ 

ʧʝʨʝʭʦʜʘ ʜʦ 

ʣʶʜʠʥʦʮʝʥʪʨʠʯʥʠʭ 

ʩʠʩʪʝʤ 

ɻʘʨʤʦʥʽʟʘʮʽʷ 

ʪʝʭʥʦʣʦʛʽʡ ʪʘ 

ʩʫʩʧʽʣʴʩʪʚʘ 

 

 

ʉʠʥʪʝʟ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ 

ʝʢʦʥʦʤʽʢʠ ʟ ʐɯ-

ʢʝʨʫʚʘʥʥʷʤ. 

ʉʪʽʡʢʝ ʨʦʟʚʠʪʦʢ, 

ʛʘʨʤʦʥʽʷ 

ʩʫʩʧʽʣʴʩʪʚʘ ʪʘ 

ʧʨʠʨʦʜʠ 

ɻʣʦʙʘʣʴʥʘ 

ʢʦʝʚʦʣʶʮʽʷ 

 

 

ʌʦʨʤʫʚʘʥʥʷ 

ʫʥʽʚʝʨʩʘʣʴʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ 

 

 

ʅʦʦʩʬʝʨʘ 2.0  

ʷʢ ʩʠʩʪʝʤʘ, ʱʦ 

ʩʘʤʦʨʦʟʚʠʚʘʻʪʴʩʷ 
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ɺʠʩʥʦʚʢʠ ʪʘ ʧʝʨʩʧʝʢʪʠʚʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ: 

Å ʅʦʦʥʦʤʽʢʘ ʻ ʥʦʚʠʤ ʪʠʧʦʤ ʮʠʚʽʣʽʟʘʮʽʡʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʱʦ ʩʠʥʪʝʟʫʻ ʜʫʭʦʚʥʝ, 

ʢʦʛʥʽʪʠʚʥʝ ʡ ʪʝʭʥʦʣʦʛʽʯʥʝ. ɰʾ ʦʩʥʦʚʥʘ ʤʝʪʘ ð ʛʘʨʤʦʥʽʟʘʮʽʷ ʨʦʟʚʠʪʢʫ ʣʶʜʠʥʠ ʪʘ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʧʽʜʧʦʨʷʜʢʫʚʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʝʪʠʯʥʠʤ ʽ ʛʫʤʘʥʽʪʘʨʥʠʤ ʧʨʠʥʮʠʧʘʤ. 

Å ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʩʠʩʪʝʤʽ ʥʦʦʥʦʤʽʢʠ ʧʝʨʝʩʪʘʻ ʙʫʪʠ ʩʫʪʦ ʪʝʭʥʽʯʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ 

ð ʚʽʥ ʩʪʘʻ ʢʦʛʥʽʪʠʚʥʠʤ ʧʘʨʪʥʝʨʦʤ ʣʶʜʠʥʠ, ʥʦʩʽʻʤ ʩʠʥʪʝʪʠʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʟʜʘʪʥʠʤ 

ʥʘʚʯʘʪʠʩʷ ʚ ʥʦʦʩʬʝʨʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

Å ɻʫʤʘʥʽʪʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ ʚʠʩʪʫʧʘʶʪʴ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʯʠʥʥʠʢʦʤ ʜʣʷ ʩʪʘʣʦʛʦ 

ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ. ɺʦʥʠ ʩʪʚʦʨʶʶʪʴ ʜʫʭʦʚʥʦ-ʩʤʠʩʣʦʚʫ ʝʢʦʩʠʩʪʝʤʫ, ʫ ʷʢʽʡ 

ʘʣʛʦʨʠʪʤʠ ʥʘʙʫʚʘʶʪʴ ʣʶʜʩʴʢʦʛʦ ʚʠʤʽʨʫ. 

Å ʅʝʡʨʦʥʦʦ-ʽʥʪʝʣʝʢʪʫʘʣʴʥʘ ʩʠʩʪʝʤʘ ʻ ʘʨʭʽʪʝʢʪʫʨʦʶ ʤʘʡʙʫʪʥʴʦʛʦ ʫʧʨʘʚʣʽʥʥʷ ð 

ʧʣʘʪʬʦʨʤʦʶ ʜʣʷ ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʾ ʟʥʘʥʴ, ʝʪʠʢʠ ʪʘ ʽʥʥʦʚʘʮʽʡ. 

Å ʐɯ ð ʩʠʩʪʝʤʦʫʪʚʦʨʶʶʯʠʡ ʽʥʩʪʨʫʤʝʥʪ ʧʝʨʝʭʦʜʫ ʜʦ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ 

ʩʫʩʧʽʣʴʩʪʚʘ; ʡʦʛʦ ʨʦʣʴ ð ʥʝ ʣʠʰʝ ʪʝʭʥʽʯʥʘ, ʘ ʡ ʢʦʛʥʽʪʠʚʥʦ-ʦʨʛʘʥʽʟʘʮʽʡʥʘ. 

Å ʅʦʦʥʦʤʽʢʘ ʷʢ ʤʝʪʘʥʘʫʢʘ ʚʠʟʥʘʯʘʻ ʰʠʨʦʢʽ ʤʝʞʽ ʽʥʪʝʛʨʘʮʽʾ ʐɯ, ʅʄʊ ʽ ɻʊ; 

ʥʦʦʝʢʦʥʦʤʽʢʘ ð ʧʨʘʢʪʠʯʥʘ ʝʢʦʥʦʤʽʯʥʘ ʧʽʜʩʠʩʪʝʤʘ ʮʽʻʾ ʧʘʨʘʜʠʛʤʠ. 

Å ʈʝʘʣʽʟʘʮʽʷ ʥʦʦʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʧʦʪʨʝʙʫʻ ʧʦʻʜʥʘʥʥʷ ʪʝʭʥʽʯʥʠʭ ʨʽʰʝʥʴ 

(ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʘʨʭʽʪʝʢʪʫʨ) ʪʘ ʛʫʤʘʥʽʪʘʨʥʦʛʦ ʟʘʙʝʟʧʝʯʝʥʥʷ (ʥʦʦʦʩʚʽʪʘ, ʝʪʠʢʘ). 

Å ʇʦʣʽʪʠʢʘ, ʦʨʽʻʥʪʦʚʘʥʘ ʥʘ ʨʦʟʚʠʪʦʢ ʥʦʦʥʦʤʽʢʠ, ʤʘʻ ʚʢʣʶʯʘʪʠ ʽʥʬʨʘʩʪʨʫʢʪʫʨʫ, 

ʩʪʘʥʜʘʨʪʠ, ʥʘʚʯʘʥʥʷ ʪʘ ʩʦʮʽʘʣʴʥʽ ʤʝʭʘʥʽʟʤʠ ʘʜʘʧʪʘʮʽʾ. 

Å ʋ ʤʘʡʙʫʪʥʴʦʤʫ ʥʦʦʥʦʤʽʢʘ ʤʦʞʝ ʩʪʘʪʠ ʤʝʪʘʧʘʨʘʜʠʛʤʦʶ ʣʶʜʩʪʚʘ, ʱʦ ʟʘʤʽʥʠʪʴ 

ʪʝʭʥʦʢʨʘʪʠʯʥʫ ʤʦʜʝʣʴ ʝʢʦʥʦʤʽʢʠ ʟʥʘʥʴ ʥʦʚʦʶ ð ʝʢʦʥʦʤʽʢʦʶ ʩʤʠʩʣʽʚ. 

ʇʽʜʩʫʤʢʦʚʝ ʫʟʘʛʘʣʴʥʝʥʥʷ. ʅʦʦʥʦʤʽʢʘ ð ʮʝ ʬʽʣʦʩʦʬʽʷ ʤʘʡʙʫʪʥʴʦʛʦ, ʫ ʷʢʽʡ ʣʶʜʩʴʢʠʡ 

ʽʥʪʝʣʝʢʪ ʽ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʧʽʚʽʩʥʫʶʪʴ ʫ ʻʜʠʥʽʡ ʢʦʛʥʽʪʠʚʥʽʡ ʝʢʦʩʠʩʪʝʤʽ. 

ɺʦʥʘ ʚʠʤʘʛʘʻ ʥʦʚʦʾ ʝʪʠʢʠ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ, ʢʫʣʴʪʫʨʠ ʤʠʩʣʝʥʥʷ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʦʾ ʛʫʤʘʥʽʟʘʮʽʾ. 

ʐɯ ʩʪʘʻ ʟʘʩʦʙʦʤ ʨʦʟʰʠʨʝʥʥʷ ʥʦʦʩʬʝʨʠ, ʘ ʥʝ ʾʾ ʘʥʪʠʧʦʜʦʤ. ʅʦʦʥʦʤʽʢʘ ʽʥʪʝʛʨʫʻ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ, 

ʜʫʭʦʚʥʽ, ʛʫʤʘʥʽʪʘʨʥʽ ʡ ʪʝʭʥʦʣʦʛʽʯʥʽ ʧʨʦʮʝʩʠ. ʐɯ ʻ ʩʠʩʪʝʤʦʫʪʚʦʨʶʶʯʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ 

ʧʝʨʝʭʦʜʫ ʜʦ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʛʦ ʩʫʩʧʽʣʴʩʪʚʘ. ɻʫʤʘʥʽʪʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ ʛʘʨʤʦʥʽʟʫʶʪʴ ʣʶʜʠʥʫ ʡ 

ʪʝʭʥʦʩʬʝʨʫ. ʅʦʦʝʢʦʥʦʤʽʢʘ ʻ ʝʢʦʥʦʤʽʯʥʦʶ ʬʦʨʤʦʶ ʥʦʦʥʦʤʽʢʠ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʛʦʣʦʚʥʠʤ ʟʘʚʜʘʥʥʷʤ XXI ʩʪʦʣʽʪʪʷ ʻ ʩʪʚʦʨʝʥʥʷ ʥʦʦʥʦʤʽʯʥʦʾ ʢʫʣʴʪʫʨʠ, ʜʝ 

ʜʫʭʦʚʥʽʩʪʴ ʽ ʘʣʛʦʨʠʪʤʠ ʜʽʶʪʴ ʩʧʽʣʴʥʦ. ʎʝ ʜʦʟʚʦʣʠʪʴ ʣʶʜʩʪʚʫ ʧʝʨʝʡʪʠ ʚʽʜ ʽʥʜʫʩʪʨʽʘʣʴʥʦʾ 

ʮʠʚʽʣʽʟʘʮʽʾ ʩʧʦʞʠʚʘʥʥʷ ʜʦ ʥʦʦʽʥʜʫʩʪʨʽʘʣʴʥʦʾ ʮʠʚʽʣʽʟʘʮʽʾ ʨʦʟʚʠʪʢʫ, ʫ ʷʢʽʡ ʛʦʣʦʚʥʠʤ ʧʨʦʜʫʢʪʦʤ 

ʩʪʘʥʝ ð ʟʥʘʥʥʷ, ʩʤʠʩʣ ʽ ʛʫʤʘʥʽʟʤ. 
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ɯʅʊɽɻʈɸʎɯʗ ʊɽʍʅʆʃʆɻɯɰ ADVANCED RAG ʋ ɸɻɽʅʊ-ʎʀʌʈʆɺʀʁ ɼɺɯʁʅʀʂ 
ʄʋʃʔʊʀɸɻɽʅʊʅʆɰ ʉʀʉʊɽʄʀ ɽʅɽʈɻɽʊʀʏʅʆɻʆ ʄɽʅɽɼɾʄɽʅʊʋ ɼʃʗ 

ɹɽɿʇɯʃʆʊʅʀʍ ʉʀʉʊɽʄ. 
 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʥʫʪʦ ʧʽʜʭʽʜ ʜʦ ʧʽʜʚʠʱʝʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʨʽʚʥʷ 
ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʤʝʥʝʜʞʤʝʥʪʫ ʙʝʟʧʽʣʦʪʥʠʭ ʩʠʩʪʝʤ ʰʣʷʭʦʤ ʽʥʪʝʛʨʘʮʽʾ ʪʝʭʥʦʣʦʛʽʾ Advanced Retrieval-
Augmented Generation (RAG) ʫ ʩʪʨʫʢʪʫʨʫ ʘʛʝʥʪʘ-ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʤʫʣʴʪʠʘʛʝʥʪʥʦʾ ʩʠʩʪʝʤʠ 
(ʄɸʉ). ʇʦʢʘʟʘʥʦ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʛʨʝʛʦʚʘʥʦʛʦ ʚʝʢʪʦʨʘ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʩʪʘʥʫ (Battery State Index 
Vector, BSIV) ʫ ʧʦʻʜʥʘʥʥʽ ʟ ʚʝʢʪʦʨʥʠʤʠ ʙʘʟʘʤʠ ʟʥʘʥʴ, ʨʝʬʝʨʝʥʩʥʠʤʠ ʜʘʪʘʩʝʪʘʤʠ (NASA, CALCE) ʪʘ 
ʛʨʘʬʦʚʠʤʠ ʤʝʪʦʜʘʤʠ ʩʝʤʘʥʪʠʯʥʦʛʦ ʚʠʚʝʜʝʥʥʷ ʜʘʻ ʟʤʦʛʫ ʩʫʪʪʻʚʦ ʧʦʢʨʘʱʠʪʠ ʜʽʘʛʥʦʩʪʠʢʫ 
ʜʝʛʨʘʜʘʮʽʡʥʠʭ ʧʨʦʮʝʩʽʚ ʫ ʣʽʪʽʡ-ʽʦʥʥʠʭ ʙʘʪʘʨʝʷʭ. ʈʦʟʢʨʠʪʦ ʣʦʛʽʢʫ ʙʘʛʘʪʦʝʪʘʧʥʦʛʦ ʘʥʘʣʽʟʫ: ʚʽʜ 
ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, ʧʦʰʫʢʫ ʨʝʣʝʚʘʥʪʥʠʭ ʧʨʝʮʝʜʝʥʪʽʚ ʽ ʛʨʘʬʦʦʨʽʻʥʪʦʚʘʥʦʾ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʜʦ ʛʝʥʝʨʘʮʽʾ 
ʢʝʨʫʶʯʠʭ ʨʝʢʦʤʝʥʜʘʮʽʡ ʜʣʷ ʄɸʉ. ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʪʝʭʥʦʣʦʛʽʷ ʪʨʘʥʩʬʦʨʤʫʻ ʘʛʝʥʪʘ-ʜʚʽʡʥʠʢʘ ʟ 
ʧʘʩʠʚʥʦʛʦ ʩʧʦʩʪʝʨʽʛʘʯʘ ʚ ʢʦʛʥʽʪʠʚʥʠʡ ʤʦʜʫʣʴ, ʟʜʘʪʥʠʡ ʜʦ ʧʨʠʯʠʥʥʦ-ʥʘʩʣʽʜʢʦʚʦʛʦ ʚʠʩʥʦʚʫʚʘʥʥʷ ʥʘ 
ʦʩʥʦʚʽ ʟʦʚʥʽʰʥʽʭ ʜʞʝʨʝʣ ʟʥʘʥʴ. ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʜʝʤʦʥʩʪʨʫʶʪʴ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ 
ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʣʠʰʢʦʚʦʛʦ ʨʝʩʫʨʩʫ, ʦʧʝʨʘʪʠʚʥʦʩʪʽ ʨʝʘʛʫʚʘʥʥʷ ʪʘ ʘʚʪʦʥʦʤʥʦʩʪʽ ʝʥʝʨʛʝʪʠʯʥʦʛʦ 
ʤʝʥʝʜʞʤʝʥʪʫ ʫ ʙʝʟʧʽʣʦʪʥʠʭ ʧʣʘʪʬʦʨʤ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʙʝʟʧʽʣʦʪʥʘ ʩʠʩʪʝʤʘ, ʝʥʝʨʛʝʪʠʯʥʠʡ ʤʝʥʝʜʞʤʝʥʪ, ʣʽʪʽʡ-ʽʦʥʥʠʡ ʘʢʫʤʫʣʷʪʦʨ, 
ʤʫʣʴʪʠʘʛʝʥʪʥʘ ʩʠʩʪʝʤʘ, ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ, Advanced RAG, GraphRAG, ʜʽʘʛʥʦʩʪʠʢʘ ʜʝʛʨʘʜʘʮʽʾ. 

Abstract. The article proposes an approach to enhancing the reliability and intelligence of energy 
management in unmanned systems through the integration of Advanced Retrieval-Augmented Generation 
(RAG) into the digital twin agent of a multi-agent system (MAS). The study demonstrates that the use of an 
Aggregated Battery State Index Vector (BSIV), combined with vector knowledge bases, reference datasets 
(NASA, CALCE), and graph-based reasoning, significantly improves the diagnosis of degradation processes 
in lithium-ion batteries. A multi-stage analytical pipeline is presented, including anomaly detection, contextual 
retrieval of relevant historical cases, graph-oriented semantic inference, and generation of control 
recommendations for MAS. The proposed integration transforms the digital twin from a passive monitoring 
component into an active cognitive agent capable of causal reasoning using external knowledge sources. 
Experimental validation confirms improved accuracy of remaining useful life prediction, faster anomaly 
interpretation, and enhanced autonomy of unmanned platform energy management. 

Keywords: unmanned system, energy management, Li-ion battery, multi-agent system, digital twin, 
Advanced RAG, GraphRAG, degradation diagnostics. 

 
ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʥʘʥʥʷ ʤʽʩʽʡ ʘʚʪʦʥʦʤʥʠʤʠ ʙʝʟʧʽʣʦʪʥʠʤʠ 

ʩʠʩʪʝʤʘʤʠ (ʧʣʘʪʬʦʨʤʘʤʠ) ʟʘʣʝʞʠʪʴ ʚʽʜ ʟʜʘʪʥʦʩʪʽ ʙʦʨʪʦʚʠʭ ʩʠʩʪʝʤ ʧʨʦʛʥʦʟʫʚʘʪʠ ʧʦʚʝʜʽʥʢʫ 
ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ ʫ ʥʝʩʪʘʥʜʘʨʪʥʠʭ ʩʠʪʫʘʮʽʷʭ. ʉʫʯʘʩʥʽ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʘʢʫʤʫʣʷʪʦʨʥʠʤʠ 
ʙʘʪʘʨʝʷʤʠ (Battery Management Systems, BMS) ʟʜʘʪʥʽ ʚʽʜʩʪʝʞʫʚʘʪʠ ʧʘʨʘʤʝʪʨʠ ʜʞʝʨʝʣ 
ʞʠʚʣʝʥʥʷ (ʩʪʘʥ ʟʘʨʷʜʫ (state of charge, SoC), ʪʝʤʧʝʨʘʪʫʨʘ, ʩʪʨʫʤ ʨʦʟʨʷʜʫ), ʩʪʫʧʽʥʴ ʜʝʛʨʘʜʘʮʽʾ 
(state of health, SoH), ʧʨʦʪʝ ʚʦʥʠ ʯʘʩʪʦ ʦʙʤʝʞʝʥʽ ʞʦʨʩʪʢʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ, ʥʝ ʚ ʧʦʚʥʽʡ ʤʽʨʽ 
ʚʨʘʭʦʚʫʶʪʴ ʬʘʢʪʦʨʠ ʝʢʩʧʣʫʘʪʘʮʽʾ ʪʘ ʥʝ ʽʥʪʝʛʨʫʶʪʴ ʝʥʝʨʛʝʪʠʯʥʠʡ ʩʪʘʥ ʙʝʟʧʽʣʦʪʥʦʾ ʩʠʩʪʝʤʠ ʫ 
ʧʣʘʥʫʚʘʥʥʷ ʜʽʡ ʛʨʫʧʠ (ʨʦʶ) ʙʝʟʧʽʣʦʪʥʠʭ ʩʠʩʪʝʤ. ʇʝʨʩʧʝʢʪʠʚʥʠʤ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ 
ʤʫʣʴʪʠʘʛʝʥʪʥʠʭ ʩʠʩʪʝʤ (MAʉ) [1], ʜʝ ʘʛʝʥʪ-ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ (ʘʙʦ 

https://inir.ru/wp-content/uploads/2019/01/noonomy.pdf?utm_source=chatgpt.com
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ʙʝʟʧʽʣʦʪʥʦʾ ʩʠʩʪʝʤʠ) ʚ ʮʽʣʦʤʫ ʚʠʩʪʫʧʘʻ ʘʥʘʣʽʪʠʯʥʠʤ ʮʝʥʪʨʦʤ. ɸʢʪʫʘʣʴʥʠʤ ʟʘʚʜʘʥʥʷʤ ʻ 
ʥʘʜʽʣʝʥʥʷ ʪʘʢʦʛʦ ʘʛʝʥʪʘ ʟʜʘʪʥʽʩʪʶ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʟʦʚʥʽʰʥʽ ʙʘʟʠ ʟʥʘʥʴ ʜʣʷ ʽʥʪʝʨʧʨʝʪʘʮʽʾ 
ʩʢʣʘʜʥʠʭ ʩʪʘʥʽʚ ʙʘʪʘʨʝʾ, ʱʦ ʚʠʤʘʛʘʻ ʚʧʨʦʚʘʜʞʝʥʥʷ ʩʫʯʘʩʥʠʭ ʤʝʪʦʜʽʚ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ 
ʽʥʪʝʣʝʢʪʫ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. ɸʨʭʽʪʝʢʪʫʨʘ ʄɸʉ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʤʝʥʝʜʞʤʝʥʪʫ ʜʣʷ 
ʙʝʟʧʽʣʦʪʥʠʭ ʩʠʩʪʝʤ, ʱʦ ʦʧʝʨʫʻ ʘʛʨʝʛʦʚʘʥʠʤʠ ʚʝʢʪʦʨʘʤʠ ʩʪʘʥʫ, ʙʫʣʘ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʫ ʨʦʙʦʪʽ 
[2]. ʗʢ ʧʦʢʘʟʘʥʦ ʚ ʩʫʯʘʩʥʦʤʫ ʦʛʣʷʜʽ [3], ʩʘʤʝ ʽʥʪʝʛʨʘʮʽʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʪʝʭʥʦʣʦʛʽʶ 
ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʻ ʢʣʶʯʦʚʠʤ ʪʨʝʥʜʦʤ ʨʦʟʚʠʪʢʫ ʩʠʩʪʝʤ ʢʝʨʫʚʘʥʥʷ ʙʘʪʘʨʝʷʤʠ (BMS), ʱʦ 
ʜʦʟʚʦʣʷʻ ʧʝʨʝʡʪʠ ʚʽʜ ʧʨʦʩʪʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʜʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ʆʜʥʘʢ ʜʣʷ ʨʝʘʣʽʟʘʮʽʾ 
ʢʦʛʥʽʪʠʚʥʠʭ ʬʫʥʢʮʽʡ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʥʝʦʙʭʽʜʥʘ ʽʥʪʝʛʨʘʮʽʷ ʟ ʚʝʣʠʢʠʤʠ ʤʦʚʥʠʤʠ ʤʦʜʝʣʷʤʠ 
(LLM). ʌʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʧʽʜʭʽʜ Retrieval-Augmented Generation (RAG), ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ 
Lewis ʪʘ ʽʥ. [4], ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʷʤ ʟʚʝʨʪʘʪʠʩʷ ʜʦ ʟʦʚʥʽʰʥʽʭ ʜʘʥʠʭ ʙʝʟ ʧʝʨʝʥʘʚʯʘʥʥʷ. ʇʨʦʪʝ, ʷʢ 
ʟʘʟʥʘʯʘʶʪʴ Gao ʪʘ ʽʥ. ʫ ʩʚʦʻʤʫ ʦʛʣʷʜʽ [5], ʜʣʷ ʩʢʣʘʜʥʠʭ ʽʥʞʝʥʝʨʥʠʭ ʟʘʜʘʯ ʤʦʞʣʠʚʦʩʪʝʡ 
ʢʣʘʩʠʯʥʦʛʦ ("Naive") RAG ʥʝʜʦʩʪʘʪʥʴʦ ʯʝʨʝʟ ʥʠʟʴʢʫ ʪʦʯʥʽʩʪʴ ʧʦʰʫʢʫ, ʷʢʘ ʚʢʣʶʯʘʻ ʝʪʘʧʠ 
ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʟʘʧʠʪʫ ʜʣʷ ʢʨʘʱʦʛʦ ʨʦʟʫʤʽʥʥʷ ʩʫʪʽ ʧʨʦʙʣʝʤʠ ʪʘ ʧʦʜʘʣʴʰʦʛʦ ʫʪʦʯʥʝʥʥʷ 
ʨʝʟʫʣʴʪʘʪʽʚ ʜʣʷ ʚʽʜʩʽʚʫ ʥʝʨʝʣʝʚʘʥʪʥʦʾ ʽʥʬʦʨʤʘʮʽʾ. ʆʢʨʝʤʫ ʫʚʘʛʫ ʧʨʠʚʝʨʪʘʻ ʧʽʜʭʽʜ GraphRAG 
[6], ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʟʥʘʭʦʜʠʪʠ ʚʽʜʧʦʚʽʜʽ ʰʣʷʭʦʤ ʦʙʭʦʜʫ ʛʨʘʬʽʚ ʟʥʘʥʴ, ʱʦ ʻ ʢʨʠʪʠʯʥʠʤ ʜʣʷ 
ʨʦʟʫʤʽʥʥʷ ʧʨʠʯʠʥʥʦ-ʥʘʩʣʽʜʢʦʚʠʭ ʟʚ'ʷʟʢʽʚ ʫ ʜʽʘʛʥʦʩʪʠʮʽ.  

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʧʽʜʚʠʱʝʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʤʝʥʝʜʞʤʝʥʪʫ ʙʝʟʧʽʣʦʪʥʠʭ 
ʩʠʩʪʝʤ ʰʣʷʭʦʤ ʽʥʪʝʛʨʘʮʽʾ ʤʝʪʦʜʦʣʦʛʽʾ Advanced RAG ʪʘ GraphRAG ʫ ʩʪʨʫʢʪʫʨʫ ʮʠʬʨʦʚʦʛʦ 
ʜʚʽʡʥʠʢʘ - ʘʛʝʥʪʘ ʄɸʉ ʜʣʷ ʢʦʥʪʝʢʩʪʥʦʛʦ ʘʥʘʣʽʟʫ ʘʛʨʝʛʦʚʘʥʠʭ ʚʝʢʪʦʨʽʚ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʩʪʘʥʫ 
ʜʞʝʨʝʣ ʞʠʚʣʝʥʥʷ. 

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ. ʄɸʉ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʤʝʥʝʜʞʤʝʥʪʫ, ʱʦ 
ʨʦʟʛʣʷʜʘʻʪʴʩʷ, ʨʝʘʣʽʟʦʚʘʥʘ ʟʘʩʦʙʘʤʠ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʄɸʉ ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʥʠʟʢʫ 
ʬʫʥʢʮʽʦʥʘʣʴʥʠʭ ʘʛʝʥʪʽʚ, ʟʦʢʨʝʤʘ: ʘʛʝʥʪʘ ï ʩʝʥʩʦʨʘ (Sensor Agent) ʜʣʷ ʟʙʦʨʫ ʧʝʨʚʠʥʥʦʾ 
ʪʝʣʝʤʝʪʨʽʾ, ʘʛʝʥʪʘ ʝʤʙʝʜʠʥʛʫ (Embedder Agent) ʜʣʷ ʧʝʨʝʪʚʦʨʝʥʥʷ çʩʠʨʠʭè ʜʘʥʠʭ ʫ ʢʦʤʧʘʢʪʥʽ 
ʚʝʢʪʦʨʠ ʩʪʘʥʫ, ʘʛʝʥʪʘ-ʢʣʘʩʠʬʽʢʘʪʦʨʘ (Classifier Agent) ʜʣʷ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʧʦʪʦʯʥʦʛʦ ʨʝʞʠʤʫ 
ʨʦʙʦʪʠ, ʘʛʝʥʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ (Predictor Agent) ʜʣʷ ʦʮʽʥʢʠ ʤʘʡʙʫʪʥʽʭ ʪʨʝʥʜʽʚ ʜʝʛʨʘʜʘʮʽʾ ʪʘ 
ʘʛʝʥʪʘ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ (Decision Agent) ʜʣʷ ʘʜʘʧʪʠʚʥʦʛʦ ʢʝʨʫʚʘʥʥʷ ʪʘ ʢʦʦʨʜʠʥʘʮʽʾ ʫ ʩʢʣʘʜʽ 
ʛʨʫʧʠ.  ʈʘʟʦʤ ʚʦʥʠ ʚʠʢʦʥʫʶʪʴ ʧʦʚʥʠʡ ʮʠʢʣ ʟʘʜʘʯ: ʚʽʜ ʟʙʦʨʫ ñʩʠʨʠʭò ʜʽʘʛʥʦʩʪʠʯʥʠʭ ʜʘʥʠʭ ʧʨʦ 
ʩʪʘʥ ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ, ʽʥʰʠʭ ʧʽʜʩʠʩʪʝʤ ʙʝʟʧʽʣʦʪʥʦʾ ʧʣʘʪʬʦʨʤʠ, ʘʛʨʝʛʘʮʽʾ ʜʘʥʠʭ, ʬʦʨʤʫʚʘʥʥʷ 
ʦʟʥʘʢ ʪʝʭʥʽʯʥʠʭ ʚʽʜʤʦʚ ʘʙʦ ʢʨʠʪʠʯʥʠʭ ʩʪʘʥʽʚ ʜʦ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʥʷ ʥʘ ʚʠʢʦʥʘʥʥʷ, ʟʤʽʥʫ ʘʙʦ 
ʧʝʨʝʨʠʚʘʥʥʷ ʧʦʪʦʯʥʦʾ ʤʽʩʽʾ. ʆʩʥʦʚʠʡ ʬʦʢʫʩ ʚ ʜʘʥʦʤʫ ʨʦʟʛʣʷʜʽ ʟʦʩʝʨʝʜʞʝʥʠʡ ʥʘ ʘʛʝʥʪʽ-
ʮʠʬʨʦʚʦʤʫ ʜʚʽʡʥʠʢʫ (Digital Twin Agent).  

ʌʫʥʢʮʽʦʥʫʚʘʥʥʷ ʘʛʝʥʪʘ-ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʨʝʘʣʽʟʦʚʘʥʦ ʷʢ ʙʘʛʘʪʦʝʪʘʧʥʠʡ ʧʨʦʮʝʩ 
ʩʝʤʘʥʪʠʯʥʦʾ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʱʦ ʽʥʽʮʽʶʻʪʴʩʷ ʧʨʠ ʚʠʷʚʣʝʥʥʽ ʚʽʜʭʠʣʝʥʴ ʫ ʧʦʪʦʮʽ ʘʛʨʝʛʦʚʘʥʠʭ 
ʚʝʢʪʦʨʽʚ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʩʪʘʥʫ. ʇʨʦʮʝʜʫʨʘ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʙʘʟʫʻʪʴʩʷ ʥʘ ʙʘʟʽ ʘʨʭʽʪʝʢʪʫʨʠ 
Advanced RAG [4] ʽ ʚʢʣʶʯʘʻ ʯʦʪʠʨʠ ʧʦʩʣʽʜʦʚʥʽ ʝʪʘʧʠ. 

1) ɯʥʽʮʽʘʣʽʟʘʮʽʷ ʪʘ ʚʭʽʜʥʠʡ ʘʥʘʣʽʟ.  ɺʭʽʜʥʠʤʠ ʜʘʥʠʤʠ ʜʣʷ ʘʛʝʥʪʘ ʻ ʘʛʨʝʛʦʚʘʥʠʡ ʚʝʢʪʦʨ 
ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʩʪʘʥʫ (Battery State Index Vector, BSIV) [2]. BSIV ʥʘʜʭʦʜʠʪʴ ʚʽʜ Embedder Agent 
ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʽ ʜʣʷ ʧʣʘʪʬʦʨʤʠ i ʫ ʤʦʤʝʥʪ ʯʘʩʫ t ʤʘʻ ʚʠʛʣʷʜ:  

ὦᴆὸ ὛέὅὸȟὛέὌὸȟὙὟὒὸȟὝὸȟὖ ȟ ὸO ὸ †ȣὤ ὸȟ                     (1) 

ʜʝ Ὓέὅὸ  ʦʮʽʥʢʘ ʩʪʘʥʫ ʟʘʨʷʜʫ ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ, ὛέὌὸ ï ʦʮʽʥʢʘ ʨʽʚʥʷ ʜʝʛʨʘʜʘʮʽʾ (ʩʪʘʥʫ 
çʟʜʦʨʦʚôʷè) ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʜʝʛʨʘʜʘʮʽʾ, ὙὟὒὸ ï ʧʨʦʛʥʦʟʦʚʘʥʠʡ 
ʟʘʣʠʰʢʦʚʠʡ ʢʦʨʠʩʥʠʡ ʨʝʩʫʨʩ ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ, ʚʠʟʥʘʯʝʥʠʡ ʷʢ ʛʘʨʘʥʪʦʚʘʥʦ ʜʦʩʪʫʧʥʠʡ 
ʯʘʩʦʚʠʡ ʛʦʨʠʟʦʥʪ ʙʝʟʧʝʯʥʦʾ ʨʦʙʦʪʠ ʧʣʘʪʬʦʨʤʠ ʫ ʧʦʪʦʯʥʦʤʫ ʨʝʞʠʤʽ ʥʘʚʘʥʪʘʞʝʥʥʷ, 
ὖ ȟ ὸO ὸ † ï ʧʨʦʛʥʦʟʦʚʘʥʘ ʩʝʨʝʜʥʷ ʧʦʪʫʞʥʽʩʪʴ ʩʧʦʞʠʚʘʥʥʷ ʜʣʷ ʚʠʢʦʥʘʥʥʷ ʧʦʪʦʯʥʦʛʦ 

ʟʘʚʜʘʥʥʷ ʫ ʯʘʩʦʚʦʤʫ ʛʦʨʠʟʦʥʪʽ Ű, ὤὸ ï ʚʥʫʪʨʽʰʥʽʡ ʦʧʽʨ (ʽʤʧʝʜʘʥʩ) ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ ʚ 
ʤʦʤʝʥʪ ʯʘʩʫ t. 

 ɸʛʝʥʪ ʟʜʽʡʩʥʶʻ ʙʝʟʧʝʨʝʨʚʥʠʡ ʤʦʥʽʪʦʨʠʥʛ ʢʦʤʧʦʥʝʥʪʽʚ ʚʝʢʪʦʨʫ ὦᴆὸ (1). ɸʢʪʠʚʘʮʽʷ 
ʤʦʜʫʣʷ ʛʣʠʙʦʢʦʾ ʜʽʘʛʥʦʩʪʠʢʠ ʚʽʜʙʫʚʘʻʪʴʩʷ ʟʘ ʫʤʦʚʠ ʚʠʢʦʥʘʥʥʷ ʢʨʠʪʝʨʽʶ ʘʥʦʤʘʣʴʥʦʩʪʽ, ʢʦʣʠ 
ʚʽʜʭʠʣʝʥʥʷ ʧʦʪʦʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ (ʥʘʧʨʠʢʣʘʜ, ʰʚʠʜʢʽʩʪʴ ʟʨʦʩʪʘʥʥʷ ʚʥʫʪʨʽʰʥʴʦʛʦ 
ʦʧʦʨʫ  Ўὤ  ʜʞʝʨʝʣʘ ʞʠʚʣʝʥʥʷ) ʧʝʨʝʚʠʱʫʻ ʜʦʧʫʩʪʠʤʠʡ ʧʦʨʽʛ ʜʣʷ ʧʦʪʦʯʥʦʾ ʪʝʤʧʝʨʘʪʫʨʠ. 
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 2) ʂʦʥʪʝʢʩʪʥʠʡ ʧʦʰʫʢ. ʅʘ ʮʴʦʤʫ ʝʪʘʧʽ ʚʠʢʦʥʫʻʪʴʩʷ ʟʘʧʠʪ ʜʦ ʚʝʢʪʦʨʥʦʾ ʙʘʟʠ ʟʥʘʥʴ  
Vector Database. ʉʠʩʪʝʤʘ ʟʜʽʡʩʥʶʻ ʧʦʰʫʢ k ʥʘʡʙʣʠʞʯʠʭ ʚʝʢʪʦʨʽʚ-ʩʫʩʽʜʽʚ (k-NN) ʩʝʨʝʜ 
ʽʩʪʦʨʠʯʥʠʭ ʜʘʥʠʭ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʤʝʪʨʠʢʫ ʢʦʩʠʥʫʩʥʦʾ ʧʦʜʽʙʥʦʩʪʽ. ɹʘʟʘ ʟʥʘʥʴ ʤʽʩʪʠʪʴ 
ʚʝʢʪʦʨʠʟʦʚʘʥʽ ʧʨʦʬʽʣʽ ʜʝʛʨʘʜʘʮʽʾ ʟ ʨʝʬʝʨʝʥʩʥʠʭ ʜʘʪʘʩʝʪʽʚ  NASA Battery Dataset, CALCE ʪʘ 
ʘʨʭʽʚʥʽ ʣʦʛʠ ʧʦʧʝʨʝʜʥʽʭ ʤʽʩʽʡ. ʄʘʪʝʤʘʪʠʯʥʦ ʮʝ ʦʧʠʩʫʻʪʴʩʷ ʷʢ ʟʥʘʭʦʜʞʝʥʥʷ ʧʽʜʤʥʦʞʠʥʠ 
ʽʩʪʦʨʠʯʥʠʭ ʚʝʢʪʦʨʽʚ ὦ , ʜʣʷ ʷʢʠʭ ʚʽʜʩʪʘʥʴ ὨὭίὸὦȟὦ  ʻ ʤʽʥʽʤʘʣʴʥʦʶ. ʎʝ ʜʦʟʚʦʣʷʻ 
ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʧʨʝʮʝʜʝʥʪʠ, ʜʝ ʩʧʦʩʪʝʨʽʛʘʣʘʩʷ ʘʥʘʣʦʛʽʯʥʘ ʜʠʥʘʤʽʢʘ ʟʤʽʥʠ ʧʘʨʘʤʝʪʨʽʚ BSIV  [2]. 
  3) ɻʨʘʬʦ-ʘʥʘʣʽʪʠʯʥʝ ʚʠʚʝʜʝʥʥʷ. ɼʣʷ ʚʩʪʘʥʦʚʣʝʥʥʷ ʧʨʠʯʠʥʥʦ-ʥʘʩʣʽʜʢʦʚʠʭ ʟʚôʷʟʢʽʚ 
ʟʥʘʡʜʝʥʠʭ ʧʨʝʮʝʜʝʥʪʽʚ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʧʽʜʭʽʜ GraphRAG. ɿʥʘʡʜʝʥʽ ʥʘ ʧʦʧʝʨʝʜʥʴʦʤʫ ʝʪʘʧʽ 
ʽʩʪʦʨʠʯʥʽ ʚʝʢʪʦʨʠ ʩʣʫʛʫʶʪʴ ʚʭʽʜʥʠʤʠ ʚʫʟʣʘʤʠ ʜʣʷ ʦʙʭʦʜʫ ʛʨʘʬʘ ʟʥʘʥʴ  Knowledge Graph. 
ɸʛʝʥʪ ʘʥʘʣʽʟʫʻ ʪʦʧʦʣʦʛʽʶ ʛʨʘʬʘ, ʚʠʷʚʣʷʶʯʠ ʧʨʠʯʠʥʥʦ-ʥʘʩʣʽʜʢʦʚʠʡ ʰʣʷʭ, ʩʭʝʤʫ ʷʢʦʛʦ 
ʥʘʚʝʜʝʥʦ ʥʘ ʈʠʩʫʥʢʫ 1: 

 

ʈʠʩʫʥʦʢ 1. ʇʨʠʢʣʘʜ ʜʽʘʛʥʦʩʪʠʯʥʦʛʦ ʰʣʷʭʫ ʚ ʛʨʘʬʽ ʟʥʘʥʴ: ʚʽʜ ʯʠʩʣʦʚʦʛʦ ʚʝʢʪʦʨʘ ʩʪʘʥʫ ʜʦ 
ʚʠʟʥʘʯʝʥʥʷ ʧʨʠʯʠʥʠ ʜʝʛʨʘʜʘʮʽʾ (Lithium Plating) 

ʅʘʧʨʠʢʣʘʜ, ʩʠʩʪʝʤʘ ʚʩʪʘʥʦʚʣʶʻ ʟʚ'ʷʟʦʢ ʤʽʞ ʧʦʪʦʯʥʠʤ ʚʝʢʪʦʨʦʤ ʽʤʧʝʜʘʥʩʫ ʪʘ ʚʫʟʣʦʤ çLithium 
Platingè (ʦʩʘʜʞʝʥʥʷ ʤʝʪʘʣʝʚʦʛʦ ʣʽʪʽʶ ʥʘ ʧʦʚʝʨʭʥʽ ʘʥʦʜʘ), ʷʢʠʡ ʫ ʛʨʘʬʽ ʘʩʦʮʽʡʦʚʘʥʠʡ ʟ ʫʤʦʚʘʤʠ 
ʥʠʟʴʢʦʪʝʤʧʝʨʘʪʫʨʥʦʛʦ ʟʘʨʷʜʫ ʪʘ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʥʝʟʚʦʨʦʪʥʦʾ ʚʪʨʘʪʠ ʻʤʥʦʩʪʽ. ʎʝ ʜʦʟʚʦʣʷʻ 
ʚʝʨʠʬʽʢʫʚʘʪʠ ʜʽʘʛʥʦʟ, ʷʢʠʡ ʥʝʤʦʞʣʠʚʦ ʚʩʪʘʥʦʚʠʪʠ ʣʠʰʝ ʥʘ ʦʩʥʦʚʽ ʩʢʘʣʷʨʥʠʭ ʟʥʘʯʝʥʴ 
ʪʝʣʝʤʝʪʨʽʾ. 
 4) ɽʪʘʧ 4. ɻʝʥʝʨʘʮʽʷ ʢʝʨʫʶʯʦʾ ʨʝʢʦʤʝʥʜʘʮʽʾ. ʅʘ ʬʽʥʘʣʴʥʦʤʫ ʝʪʘʧʽ ʘʛʨʝʛʦʚʘʥʠʡ 

ʢʦʥʪʝʢʩʪ (ʧʦʪʦʯʥʠʡ ʚʝʢʪʦʨ ὦᴆὸ, ʤʝʪʘʜʘʥʽ ʟʥʘʡʜʝʥʠʭ ʽʩʪʦʨʠʯʥʠʭ ʟʨʘʟʢʽʚ ʪʘ ʚʠʷʚʣʝʥʽ ʛʨʘʬʦʚʽ 
ʟʚôʷʟʢʠ) ʧʝʨʝʜʘʻʪʴʩʷ ʥʘ ʚʭʽʜ ʚʝʣʠʢʦʾ ʤʦʚʥʦʾ ʤʦʜʝʣʽ (LLM). ʄʦʜʝʣʴ ʛʝʥʝʨʫʻ ʬʦʨʤʘʣʽʟʦʚʘʥʠʡ 
ʚʠʩʥʦʚʦʢ ʜʣʷ ʘʛʝʥʪʘ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ɺʠʭʽʜʥʠʡ ʩʠʛʥʘʣ ʤʽʩʪʠʪʴ: 

ʘ) ʜʽʘʛʥʦʟ ï ʽʜʝʥʪʠʬʽʢʘʮʽʷ ʬʽʟʠʢʦ-ʭʽʤʽʯʥʦʛʦ ʧʨʦʮʝʩʫ ʜʝʛʨʘʜʘʮʽʾ (ʥʘʧʨʠʢʣʘʜ, anode 
degradation due to plating); 

ʙ) ʧʨʦʛʥʦʟ ï ʦʮʽʥʢʘ ʩʢʦʨʠʛʦʚʘʥʦʛʦ RUL ʟʘ ʫʤʦʚʠ ʟʙʝʨʝʞʝʥʥʷ ʧʦʪʦʯʥʦʛʦ ʨʝʞʠʤʫ; 
ʚ) ʨʝʢʦʤʝʥʜʘʮʽʶ ï ʢʦʥʢʨʝʪʥʘ ʜʽʷ ʜʣʷ MAʉ (ʥʘʧʨʠʢʣʘʜ, ʦʙʤʝʞʠʪʠ ʩʪʨʫʤ ʨʦʟʨʷʜʫ Idischarge 

Ò 0.5C), ʱʦ ʩʧʨʷʤʦʚʘʥʘ ʥʘ ʤʽʥʽʤʽʟʘʮʽʶ ʜʝʛʨʘʜʘʮʽʾ ʪʘ ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʢʦʥʘʥʥʷ ʤʽʩʽʾ. 

ɺʀʉʅʆɺʂʀ 

ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ ʢʦʛʥʽʪʠʚʥʦʛʦ ʘʛʝʥʪʘ-ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʚ ʩʢʣʘʜʽ 

ʤʫʣʴʪʠʘʛʝʥʪʥʦʾ ʩʠʩʪʝʤʠ ʝʥʝʨʛʦʤʝʥʝʜʞʤʝʥʪʫ, ʧʦʩʠʣʝʥʫ ʪʝʭʥʦʣʦʛʽʻʶ Advanced RAG ʜʣʷ 

ʩʝʤʘʥʪʠʯʥʦʾ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʘʛʨʝʛʦʚʘʥʠʭ ʚʝʢʪʦʨʽʚ ʩʪʘʥʫ  BSIV. ɺʠʢʦʨʠʩʪʘʥʥʷ ʜʘʥʦʛʦ ʧʽʜʭʦʜʫ 

ʪʨʘʥʩʬʦʨʤʫʻ ʘʛʝʥʪʘ-ʜʚʽʡʥʠʢʘ ʟ ʧʘʩʠʚʥʦʛʦ ʽʥʩʪʨʫʤʝʥʪʫ ʤʦʥʽʪʦʨʠʥʛʫ ʚ ʘʢʪʠʚʥʦʛʦ ʘʥʘʣʽʪʠʢʘ. 

ʇʝʨʝʭʽʜ ʚʽʜ çʥʘʾʚʥʦʛʦè ʧʦʰʫʢʫ ʜʦ ʛʨʘʬʦ-ʘʥʘʣʽʪʠʯʥʠʭ ʤʝʪʦʜʽʚ GraphRAG ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ 

ʟʽʩʪʘʚʣʷʪʠ ʧʦʪʦʯʥʽ ʚʝʢʪʦʨʠ ʩʪʘʥʫ ʟ ʨʝʬʝʨʝʥʩʥʠʤʠ ʙʘʟʘʤʠ ʟʥʘʥʴ, ʱʦ ʟʥʘʯʥʦ ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ 

ʜʽʘʛʥʦʩʪʠʢʠ ʘʥʦʤʘʣʽʡ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʣʠʰʢʦʚʦʛʦ ʨʝʩʫʨʩʫ  ʙʝʟ ʥʝʦʙʭʽʜʥʦʩʪʽ ʪʨʘʥʩʣʷʮʽʾ ʪʘ 

ʦʙʨʦʙʢʠ ʥʘʜʣʠʰʢʦʚʠʭ ʦʙʩʷʛʽʚ ʪʝʣʝʤʝʪʨʠʯʥʠʭ ʜʘʥʠʭ.  
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ʅɽʁʈʆʄɽʈɽɾʅɸ ʉʀʉʊɽʄɸ ʆʎɯʅʂʀ ʇʈɸɺʀʃʔʅʆʉʊɯ ɺʀʂʆʅɸʅʅʗ 

ʌɯɿʀʏʅʀʍ ɺʇʈɸɺ ʅɸ ʆʉʅʆɺɯ 3D-ʈɽʂʆʅʉʊʈʋʂʎɯɰ ʈʋʍɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʈʦʙʦʪʘ ʧʨʠʩʚʷʯʝʥʘ ʨʦʟʨʦʙʮʽ ʩʠʩʪʝʤʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʾ 

ʧʝʨʝʚʽʨʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʬʽʟʠʯʥʠʭ ʚʧʨʘʚ ʫ ʧʨʦʮʝʩʽ ʩʧʦʨʪʠʚʥʦʾ ʧʽʜʛʦʪʦʚʢʠ ʘʙʦ ʤʝʜʠʯʥʦʾ 

ʨʝʘʙʽʣʽʪʘʮʽʾ. ʋ ʜʦʩʣʽʜʞʝʥʥʽ ʧʦʙʫʜʦʚʘʥʦ ʧʦʚʥʠʡ ʥʘʩʢʨʽʟʥʠʡ ʧʘʡʧʣʘʡʥ, ʱʦ ʚʢʣʶʯʘʻ ʙʘʛʘʪʦʢʘʤʝʨʥʠʡ 

ʟʘʧʠʩ ʚʽʜʝʦ, 2D-ʜʝʪʝʢʮʽʶ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ ʪʽʣʘ, ʪʨʽʘʥʛʫʣʷʮʽʶ ʪʘ ʚʽʜʥʦʚʣʝʥʥʷ 3D-ʢʽʥʝʤʘʪʠʯʥʦʾ ʤʦʜʝʣʽ 

ʨʫʭʫ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʨʝʡʤʚʦʨʢʫ Pose2Sim ʪʘ ʙʽʦʤʝʭʘʥʽʯʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ OpenSim. ʆʪʨʠʤʘʥʽ 

ʪʨʠʚʠʤʽʨʥʽ ʢʦʦʨʜʠʥʘʪʠ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʷʢ ʚʭʽʜʥʽ ʜʘʥʽ ʜʣʷ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ, 

ʘʜʘʧʪʦʚʘʥʦʾ ʜʦ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʚʧʨʘʚ. ʈʦʟʨʦʙʣʝʥʘ 

ʩʠʩʪʝʤʘ ʟʜʘʪʥʘ ʚʠʷʚʣʷʪʠ ʷʢ ʪʝʭʥʽʯʥʽ ʧʦʤʠʣʢʠ, ʪʘʢ ʽ ʪʦʥʢʽ ʢʦʤʧʝʥʩʘʪʦʨʥʽ ʨʫʭʠ, ʱʦ ʤʘʶʪʴ ʚʘʞʣʠʚʝ 

ʢʣʽʥʽʯʥʝ ʟʥʘʯʝʥʥʷ. ʇʨʝʜʩʪʘʚʣʝʥʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʪʘ ʡʦʛʦ ʧʨʠʜʘʪʥʽʩʪʴ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʪʝʣʝʨʝʘʙʽʣʽʪʘʮʽʾ ʡ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʪʨʝʥʫʚʘʣʴʥʠʭ ʩʠʩʪʝʤʘʭ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʢʦʤʧôʶʪʝʨʥʠʡ ʟʽʨ, ʨʝʘʙʽʣʽʪʘʮʽʷ, ʪʨʠʚʠʤʽʨʥʘ ʨʝʢʦʥʩʪʨʫʢʮʽʷ ʩʢʝʣʝʪʘ, 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʨʫʭʽʚ, ʦʮʽʥʢʘ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ. 

Abstract. The work is devoted to the development of a computer vision system for automatic 

verification of exercise performance in sports training and medical rehabilitation. The study presents a 

complete end-to-end pipeline that includes multi-camera video recording, 2D human keypoint detection, 

triangulation, and reconstruction of a 3D kinematic model using the Pose2Sim framework and the OpenSim 

biomechanical environment. The obtained 3D joint coordinates are used as input to a spatio-temporal deep 

neural network adapted for the task of classifying correct and incorrect execution of rehabilitation exercises. 

The proposed system is capable of detecting both technical errors and subtle compensatory movements, which 

hold significant clinical relevance. Experimental results confirm the effectiveness of the method and its 

applicability to telerehabilitation and automated training support systems. 

Keywords: computer vision, rehabilitation, 3D skeleton reconstruction, action recognition, exercise 

performance evaluation. 

https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/6b493230205f780e1bc26945df7481e5-Paper.pdf
https://doi.org/10.48550/arXiv.2312.10997
https://www.google.com/search?q=https://doi.org/10.48550/arXiv.2404.16130


 

 

39 

 

1. ɺʩʪʫʧ 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ.  ʈʦʟʣʘʜʠ ʦʧʦʨʥʦ-ʨʫʭʦʚʦʛʦ ʘʧʘʨʘʪʫ ʪʘ ʥʘʩʣʽʜʢʠ ʪʨʘʚʤ ʻ ʦʜʥʠʤʠ ʟ 

ʥʘʡʙʽʣʴʰ ʧʦʰʠʨʝʥʠʭ ʧʨʠʯʠʥ ʦʙʤʝʞʝʥʥʷ ʨʫʭʣʠʚʦʩʪʽ ʪʘ ʚʪʨʘʪʠ ʧʨʘʮʝʟʜʘʪʥʦʩʪʽ ʫ ʩʚʽʪʽ. ɿʘ 

ʜʘʥʠʤʠ ɺʩʝʩʚʽʪʥʴʦʾ ʦʨʛʘʥʽʟʘʮʽʾ ʦʭʦʨʦʥʠ ʟʜʦʨʦʚôʷ, ʧʦʪʨʝʙʘ ʚ ʨʝʘʙʽʣʽʪʘʮʽʾ ʧʦʩʪʽʡʥʦ ʟʨʦʩʪʘʻ ʡ 

ʫʞʝ ʟʥʘʯʥʦ ʧʝʨʝʚʠʱʫʻ ʜʦʩʪʫʧʥʽʩʪʴ ʚʽʜʧʦʚʽʜʥʠʭ ʧʦʩʣʫʛ, ʦʩʦʙʣʠʚʦ ʫ ʢʨʘʾʥʘʭ ʟ ʥʠʟʴʢʠʤ ʪʘ 

ʩʝʨʝʜʥʽʤ ʨʽʚʥʝʤ ʜʦʭʦʜʫ [1]. ʅʝʩʪʘʯʘ ʬʘʭʽʚʮʽʚ, ʚʠʩʦʢʘ ʚʘʨʪʽʩʪʴ ʪʨʠʚʘʣʦʾ ʨʝʘʙʽʣʽʪʘʮʽʾ ʪʘ 

ʛʝʦʛʨʘʬʽʯʥʽ ʙʘʨôʻʨʠ ʩʪʚʦʨʶʶʪʴ ʩʠʪʫʘʮʽʶ, ʢʦʣʠ ʟʥʘʯʥʘ ʯʘʩʪʠʥʘ ʧʘʮʽʻʥʪʽʚ ʥʝ ʤʦʞʝ ʦʪʨʠʤʘʪʠ 

ʧʦʚʥʦʮʽʥʥʠʡ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʡ ʩʫʧʨʦʚʽʜ. 

ʋ ʪʘʢʠʭ ʫʤʦʚʘʭ ʢʣʶʯʦʚʦʶ ʩʪʘʻ ʤʦʞʣʠʚʽʩʪʴ ʩʘʤʦʩʪʽʡʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʧʘʮʽʻʥʪʦʤ 

ʫʜʦʤʘ. ʇʨʦʪʝ ʚʽʜʩʫʪʥʽʩʪʴ ʟʚʦʨʦʪʥʦʛʦ ʟʚôʷʟʢʫ ʚʽʜ ʩʧʝʮʽʘʣʽʩʪʘ ʯʘʩʪʦ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʬʦʨʤʫʚʘʥʥʷ 

ʥʝʧʨʘʚʠʣʴʥʠʭ ʨʫʭʦʚʠʭ ʰʘʙʣʦʥʽʚ, ʧʦʚʪʦʨʥʠʭ ʪʨʘʚʤ ʘʙʦ ʫʧʦʚʽʣʴʥʝʥʥʷ ʧʨʦʮʝʩʫ ʚʽʜʥʦʚʣʝʥʥʷ. 

ʊʝʭʥʽʢʘ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʻ ʚʠʟʥʘʯʘʣʴʥʠʤ ʯʠʥʥʠʢʦʤ ʫʩʧʽʰʥʦʩʪʽ ʚʽʜʥʦʚʣʝʥʥʷ ʽ ʾʾ ʧʦʨʫʰʝʥʥʷ 

ʥʘʚʽʪʴ ʥʘ ʢʽʣʴʢʘ ʛʨʘʜʫʩʽʚ ʫ ʩʫʛʣʦʙʘʭ ʘʙʦ ʟʘʣʫʯʝʥʥʷ ʢʦʤʧʝʥʩʘʪʦʨʥʠʭ ʨʫʭʽʚ ʤʦʞʝ ʩʫʪʪʻʚʦ 

ʟʥʠʟʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʪʝʨʘʧʽʾ. 

ʉʫʯʘʩʥʽ ʜʦʩʷʛʥʝʥʥʷ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʪʨʠʚʠʤʽʨʥʦʾ ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʪʘ ʛʣʠʙʦʢʠʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʩʪʚʦʨʶʶʪʴ ʤʦʞʣʠʚʽʩʪʴ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʘʥʘʣʽʟʫ ʣʶʜʩʴʢʦʛʦ ʨʫʭʫ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʟʚʠʯʘʡʥʠʭ RGB-ʢʘʤʝʨ. ʎʝ ʚʽʜʢʨʠʚʘʻ ʧʝʨʩʧʝʢʪʠʚʫ ʬʦʨʤʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʠʩʪʝʤ ʨʝʘʙʽʣʽʪʘʮʽʾ, ʷʢʽ ʟʜʘʪʥʽ ʟʘʙʝʟʧʝʯʠʪʠ ʚʠʩʦʢʦʪʦʯʥʠʡ ʢʦʥʪʨʦʣʴ ʟʘ ʚʠʢʦʥʘʥʥʷʤ ʚʧʨʘʚ ʙʝʟ 

ʧʦʩʪʽʡʥʦʾ ʫʯʘʩʪʽ ʬʽʟʽʦʪʝʨʘʧʝʚʪʘ. ɺʧʨʦʚʘʜʞʝʥʥʷ ʪʘʢʠʭ ʨʽʰʝʥʴ ʤʦʞʝ ʟʥʘʯʥʦ ʧʽʜʚʠʱʠʪʠ 

ʜʦʩʪʫʧʥʽʩʪʴ ʨʝʘʙʽʣʽʪʘʮʽʾ, ʟʥʠʟʠʪʠ ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʤʝʜʠʯʥʠʡ ʧʝʨʩʦʥʘʣ ʪʘ ʥʘʜʘʪʠ ʧʘʮʽʻʥʪʘʤ 

ʦʙôʻʢʪʠʚʥʠʡ ʟʚʦʨʦʪʥʠʡ ʟʚôʷʟʦʢ ʫ ʜʦʤʘʰʥʽʭ ʫʤʦʚʘʭ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. ɼʦʩʣʽʜʞʝʥʥʷ ʫ ʩʬʝʨʽ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʘʥʘʣʽʟʫ ʨʫʭʽʚ ʣʶʜʠʥʠ 

ʨʦʟʚʠʚʘʶʪʴʩʷ ʫ ʜʚʦʭ ʦʩʥʦʚʥʠʭ ʥʘʧʨʷʤʘʭ: ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʪʽʣʴʥʠʭ ʜʘʪʯʠʢʽʚ ʪʘ ʙʝʟʢʦʥʪʘʢʪʥʽ 

ʤʝʪʦʜʠ ʥʘ ʦʩʥʦʚʽ ʢʦʤʧ'ʶʪʝʨʥʦʛʦ ʟʦʨʫ [2]. ʆʩʪʘʥʥʽ ʥʘʙʫʣʠ ʟʥʘʯʥʦʾ ʧʦʧʫʣʷʨʥʦʩʪʽ ʟʘʚʜʷʢʠ 

ʧʦʰʠʨʝʥʥʶ cgʢʘʤʝʨ ʫ ʩʧʦʞʠʚʯʠʭ ʧʨʠʩʪʨʦʷʭ, ʱʦ ʜʦʟʚʦʣʷʻ ʟʥʠʟʠʪʠ ʚʠʪʨʘʪʠ, ʧʽʜʚʠʱʠʪʠ 

ʜʦʩʪʫʧʥʽʩʪʴ ʜʽʘʛʥʦʩʪʠʢʠ ʪʘ ʧʦʢʨʘʱʠʪʠ ʜʦʩʚʽʜ ʧʘʮʽʻʥʪʽʚ ʟʘ ʨʘʭʫʥʦʢ ʙʝʟʢʦʥʪʘʢʪʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ. 

ɿʥʘʯʥʠʡ ʧʣʘʩʪ ʨʦʙʽʪ ʧʨʠʩʚʷʯʝʥʦ ʚʠʢʦʨʠʩʪʘʥʥʶ RGB-D ʢʘʤʝʨ (ʩʝʥʩʦʨʽʚ ʛʣʠʙʠʥʠ), ʪʘʢʠʭ ʷʢ 

Microsoft Kinect. ʅʘʧʨʠʢʣʘʜ, ʫ ʨʦʙʦʪʽ [3] ʘʚʪʦʨʠ ʨʦʟʨʦʙʠʣʠ "ʚʽʨʪʫʘʣʴʥʦʛʦ ʥʘʩʪʘʚʥʠʢʘ" ʜʣʷ 

ʨʝʘʙʽʣʽʪʘʮʽʾ ʧʣʝʯʦʚʦʛʦ ʩʫʛʣʦʙʘ, ʧʦʢʘʟʘʚʰʠ, ʱʦ ʪʦʯʥʽʩʪʴ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʧʽʜ ʥʘʛʣʷʜʦʤ ʩʠʩʪʝʤʠ 

ʧʝʨʝʚʠʱʫʻ ʧʦʢʘʟʥʠʢʠ ʪʨʘʜʠʮʽʡʥʠʭ ʤʝʪʦʜʽʚ. ʆʜʥʘʢ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʛʦ ʦʙʣʘʜʥʘʥʥʷ 

ʦʙʤʝʞʫʻ ʤʘʩʦʚʝ ʚʧʨʦʚʘʜʞʝʥʥʷ ʪʘʢʠʭ ʨʽʰʝʥʴ. 

ʉʘʤʝ ʪʦʤʫ ʩʫʯʘʩʥʽ ʜʦʩʣʽʜʞʝʥʥʷ, ʷʢ ʟʘʟʥʘʯʝʥʦ ʫ ʩʠʩʪʝʤʘʪʠʯʥʦʤʫ ʦʛʣʷʜʽ [4], ʚʩʝ ʯʘʩʪʽʰʝ 

ʬʦʢʫʩʫʶʪʴʩʷ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʽ ʟʚʠʯʘʡʥʠʭ RGB-ʢʘʤʝʨ ʫ ʧʦʻʜʥʘʥʥʽ ʟ ʘʣʛʦʨʠʪʤʘʤʠ ʛʣʠʙʦʢʦʛʦ 

ʥʘʚʯʘʥʥʷ ʜʣʷ ʦʮʽʥʢʠ ʧʦʟʠ (Pose Estimation). ɸʚʪʦʨʠ [5] ʜʝʤʦʥʩʪʨʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʙʝʟʤʘʨʢʝʨʥʠʭ 

ʩʠʩʪʝʤ ʜʣʷ ʧʘʮʽʻʥʪʽʚ ʽʟ ʩʠʥʜʨʦʤʦʤ ʈʝʪʪʘ, ʧʽʜʢʨʝʩʣʶʶʯʠ ʤʦʞʣʠʚʽʩʪʴ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ. 

ɺʦʜʥʦʯʘʩ, ʟʥʘʯʥʠʤ ʚʠʢʣʠʢʦʤ ʫ ʩʬʝʨʽ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʾ ʨʝʘʙʽʣʽʪʘʮʽʾ ʻ ʜʝʬʽʮʠʪ ʷʢʽʩʥʠʭ 

ʨʦʟʤʽʯʝʥʠʭ ʜʘʥʠʭ, ʱʦ ʦʙʤʝʞʫʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʛʣʠʙʦʢʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ɼʣʷ ʚʠʨʽʰʝʥʥʷ ʮʽʻʾ 

ʧʨʦʙʣʝʤʠ ʩʫʯʘʩʥʽ ʜʦʩʣʽʜʥʠʢʠ ʚʩʝ ʯʘʩʪʽʰʝ ʟʚʝʨʪʘʶʪʴʩʷ ʜʦ ʤʝʪʦʜʽʚ ʩʘʤʦʢʝʨʦʚʘʥʦʛʦ (Self-Supervised 

Learning, SSL) ʪʘ ʢʦʥʪʨʘʩʪʥʦʛʦ ʥʘʚʯʘʥʥʷ (Contrastive Learning). 

ɿʦʢʨʝʤʘ, ʫ ʨʦʙʦʪʽ [6] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʬʨʝʡʤʚʦʨʢ SSL-Rehab, ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻ ʧʦʧʝʨʝʜʥʻ 

ʥʘʚʯʘʥʥʷ ʥʘ ʥʝʨʦʟʤʽʯʝʥʠʭ 3D-ʩʢʝʣʝʪʥʠʭ ʜʘʥʠʭ. ɸʚʪʦʨʠ ʨʦʟʨʦʙʠʣʠ ʤʝʪʦʜʠ ʜʠʥʘʤʽʯʥʦʾ ʘʫʛʤʝʥʪʘʮʽʾ 

ʪʘ ʽʤʽʪʘʮʽʾ ʘʨʪʝʬʘʢʪʽʚ ʛʣʠʙʠʥʠ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʤʦʜʝʣʽ ʬʦʨʤʫʚʘʪʠ ʩʪʽʡʢʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʨʫʭʽʚ. 

ɽʢʩʧʝʨʠʤʝʥʪʠ ʥʘ ʜʘʪʘʩʝʪʘʭ KIMORE [7] ʪʘ UI-PRMD [8] ʧʦʢʘʟʘʣʠ, ʱʦ ʧʦʜʘʣʴʰʝ ʜʦʥʘʚʯʘʥʥʷ ʥʘ 

ʥʝʚʝʣʠʢʽʡ ʨʦʟʤʽʯʝʥʽʡ ʚʠʙʽʨʮʽ ʜʦʟʚʦʣʷʻ ʧʝʨʝʚʝʨʰʠʪʠ ʨʝʟʫʣʴʪʘʪʠ ʧʦʚʥʽʩʪʶ ʢʝʨʦʚʘʥʠʭ ʧʽʜʭʦʜʽʚ. 

ʈʦʟʚʠʚʘʶʯʠ ʮʝʡ ʥʘʧʨʷʤʦʢ, ʜʦʩʣʽʜʞʝʥʥʷ [9] ʬʦʢʫʩʫʻʪʴʩʷ ʥʘ ʢʝʨʦʚʘʥʦʤʫ ʢʦʥʪʨʘʩʪʥʦʤʫ 

ʥʘʚʯʘʥʥʽ (Supervised Contrastive Learning). ʂʣʶʯʦʚʦʶ ʽʥʥʦʚʘʮʽʻʶ ʨʦʙʦʪʠ ʻ ʛʝʥʝʨʘʮʽʷ ʪʘʢ ʟʚʘʥʠʭ 

"ʞʦʨʩʪʢʠʭ ʥʝʛʘʪʠʚʽʚ" (hard negatives) - ʰʪʫʯʥʦ ʩʪʚʦʨʝʥʠʭ ʧʨʠʢʣʘʜʽʚ, ʱʦ ʽʤʽʪʫʶʪʴ ʪʦʥʢʽ ʧʦʤʠʣʢʠ 

ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ. ʎʝ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ ʝʬʝʢʪʠʚʥʽʰʝ ʚʠʚʯʘʪʠ ʛʨʘʥʠʮʶ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ (decision 

boundary) ʤʽʞ ʧʨʘʚʠʣʴʥʠʤ ʪʘ ʥʝʧʨʘʚʠʣʴʥʠʤ ʚʠʢʦʥʘʥʥʷʤ ʥʘʚʽʪʴ ʟʘ ʫʤʦʚ ʢʨʠʪʠʯʥʦ ʤʘʣʦʛʦ ʦʙʩʷʛʫ 

ʜʘʥʠʭ ʧʨʦ ʧʦʤʠʣʢʠ. 
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ʆʙʤʝʞʝʥʥʷ ʽʩʥʫʶʯʠʭ ʨʽʰʝʥʴ. ʅʝ ʜʠʚʣʷʯʠʩʴ ʥʘ ʩʪʨʽʤʢʠʡ ʨʦʟʚʠʪʦʢ ʜʘʥʦʾ ʩʬʝʨʠ ʪʘ ʚʝʣʠʢʫ 

ʢʽʣʴʢʽʩʪʴ ʚʽʜʧʦʚʽʜʥʠʭ ʨʦʙʽʪ, ʽʩʥʫʶʯʽ ʨʽʰʝʥʥʷ ʤʘʶʪʴ ʩʫʪʪʻʚʽ ʦʙʤʝʞʝʥʥʷ, ʱʦ ʩʪʨʠʤʫʶʪʴ ʾʭ ʰʠʨʦʢʝ 

ʢʣʽʥʽʯʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ. ʆʢʨʽʤ ʟʛʘʜʘʥʦʾ ʥʝʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʷʢʽʩʥʠʭ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʜʘʥʠʭ, ʮʝ, ʧʦ-

ʧʝʨʰʝ, ʦʙʤʝʞʝʥʥʷ, ʱʦ ʩʪʦʩʫʶʪʴʩʷ ʦʙʨʦʙʢʠ ʜʠʥʘʤʽʯʥʠʭ ʪʘ ʩʢʣʘʜʥʠʭ ʤʦʜʝʣʝʡ ʨʫʭʫ, ʦʩʢʽʣʴʢʠ 

ʚʦʥʘ ʧʦʪʨʝʙʫʻ ʨʦʟʫʤʽʥʥʷ ʮʽʣʽʩʥʦʛʦ ʙʽʦʤʝʭʘʥʽʯʥʦʛʦ ʘʥʘʣʽʟʫ. ɯ ʧʦ-ʜʨʫʛʝ, ʮʝ ʚʽʜʩʫʪʥʽʩʪʴ ʻʜʠʥʦʛʦ 

ʫʥʽʬʽʢʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ, ʷʢʠʡ ʦʭʦʧʣʶʚʘʚ ʙʠ ʚʩʽ ʝʪʘʧʠ ʧʨʦʛʨʘʤʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʪʘ ʨʦʙʠʚ ʧʦʜʽʙʥʫ 

ʩʠʩʪʝʤʫ ʜʽʡʩʥʦ ʣʝʛʢʦʶ ʫ ʚʠʢʦʨʠʩʪʘʥʥʽ. 

ʄʝʪʘ ʨʦʙʦʪʠ: ʩʪʚʦʨʝʥʥʷ ʪʘ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘ ʦʮʽʥʢʘ end-to-end ʩʠʩʪʝʤʠ ʘʚʪʦʤʘʪʠʯʥʦʾ 

ʧʝʨʝʚʽʨʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʬʽʟʠʯʥʠʭ ʚʧʨʘʚ, ʱʦ ʧʦʻʜʥʫʻ ʙʘʛʘʪʦʢʘʤʝʨʥʫ 3D-

ʨʝʢʦʥʩʪʨʫʢʮʽʶ ʨʫʭʽʚ ʪʘ ʛʣʠʙʦʢʝ ʥʘʚʯʘʥʥʷ. 

ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʤʝʪʠ ʧʦʩʪʘʚʣʝʥʦ ʟʘʚʜʘʥʥʷ: 

ʇʦʙʫʜʫʚʘʪʠ ʟʨʫʯʥʫ ʫ ʢʦʨʠʩʪʫʚʘʥʥʽ ʩʠʩʪʝʤʫ ʘʚʪʦʤʘʪʠʯʥʦʾ ʦʮʽʥʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ 

ʚʠʢʦʥʘʥʥʷ ʬʽʟʠʯʥʠʭ ʚʧʨʘʚ, ʷʢʘ ʧʦʻʜʥʫʻ ʙʘʛʘʪʦʢʘʤʝʨʥʠʡ ʟʘʧʠʩ ʚʽʜʝʦ, 3D-ʨʝʢʦʥʩʪʨʫʢʮʽʶ ʨʫʭʽʚ 

ʪʘ ʤʦʜʫʣʴ ʦʮʽʥʢʠ ʢʦʨʝʢʪʥʦʩʪʽ ʚʧʨʘʚ. 

ʈʦʟʨʦʙʠʪʠ ʧʦʚʥʠʡ end-to-end ʧʘʡʧʣʘʡʥ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʱʦ ʚʢʣʶʯʘʻ: ʢʘʣʽʙʨʫʚʘʥʥʷ 

ʢʘʤʝʨ; ʜʝʪʝʢʮʽʶ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ; ʬʦʨʤʫʚʘʥʥʷ 3D-ʢʽʥʝʤʘʪʠʯʥʦʾ ʤʦʜʝʣʽ; ʧʽʜʛʦʪʦʚʢʫ 

ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʠʭ ʦʟʥʘʢ ʜʣʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ. 

ɸʜʘʧʪʫʚʘʪʠ ʪʘ ʥʘʚʯʠʪʠ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʫ ʥʝʡʨʦʥʥʫ ʤʝʨʝʞʫ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʝʭʥʽʯʥʦ 

ʧʨʘʚʠʣʴʥʦʛʦ ʪʘ ʥʝʧʨʘʚʠʣʴʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ, ʟʦʢʨʝʤʘ ʟʜʘʪʥʫ ʚʠʷʚʣʷʪʠ ʷʢ ʷʚʥʽ, ʪʘʢ ʽ 

ʢʦʤʧʝʥʩʘʪʦʨʥʽ ʧʦʤʠʣʢʠ. 

ʇʝʨʝʚʽʨʠʪʠ ʨʦʙʦʪʫ ʨʦʟʨʦʙʣʝʥʦʾ ʩʠʩʪʝʤʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ, ʧʨʦʘʥʘʣʽʟʫʚʘʚʰʠ ʪʦʯʥʽʩʪʴ 

3D-ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʪʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʪʝʩʪʦʚʠʭ ʧʨʠʢʣʘʜʘʭ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʚʧʨʘʚ. 

2. ɸʣʛʦʨʠʪʤ ʦʮʽʥʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ 

ɿʘʛʘʣʴʥʠʡ ʧʣʘʥ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʾ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʫ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʟʘʭʦʜʘʭ 

ʚʢʣʶʯʘʻ ʚ ʩʝʙʝ ʜʝʢʽʣʴʢʘ ʦʩʥʦʚʥʠʭ ʝʪʘʧʽʚ. ʎʝ ʟʘʧʠʩ ʚʽʜʝʦ, ʟʥʘʭʦʜʞʝʥʥʷ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ 

(ʬʦʨʤʫʚʘʥʥʷ ʩʢʝʣʝʪʦʥʫ), ʪʘ ʦʮʽʥʢʘ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚʠ. ɯʩʥʫʶʪʴ ʪʘʢʦʞ ʽ ʽʥʰʽ 

ʧʽʜʭʦʜʠ, ʷʢʽ ʦʤʠʥʘʶʪʴ ʝʪʘʧ ʟʥʘʭʦʜʞʝʥʥʷ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ ʪʘ ʥʘʧʨʷʤʫ ʟ ʚʽʜʝʦʜʘʥʠʭ ʚʠʢʦʥʫʶʪʴ 

ʦʮʽʥʢʫ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ, ʘʣʝ ʟʘʛʘʣʦʤ ʚʦʥʠ ʤʘʶʪʴ ʥʠʞʯʫ ʪʦʯʥʽʩʪʴ ʧʦʨʽʚʥʷʥʦ ʟ ʦʧʠʩʘʥʠʤ 

ʤʝʪʦʜʦʤ, ʽ ʚ ʜʘʥʽʡ ʨʦʙʦʪʽ ʥʝ ʨʦʟʛʣʷʜʘʶʪʴʩʷ. 

2.1. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʡ ʩʪʝʥʜ ʪʘ ʟʙʽʨ ʜʘʥʠʭ 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʽʥʚʘʨʽʘʥʪʥʦʩʪʽ ʜʦ ʨʘʢʫʨʩʫ ʟʡʦʤʢʠ ʪʘ ʫʥʠʢʥʝʥʥʷ ʧʨʦʙʣʝʤ ʦʢʣʶʟʽʾ 

(ʧʝʨʝʢʨʠʪʪʷ ʯʘʩʪʠʥ ʪʽʣʘ), ʙʫʣʦ ʦʙʨʘʥʦ ʙʘʛʘʪʦʢʘʤʝʨʥʠʡ ʧʽʜʭʽʜ. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʡ ʩʪʝʥʜ 

ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʜʝʢʽʣʴʢʦʭ ʩʠʥʭʨʦʥʽʟʦʚʘʥʠʭ RGB-ʢʘʤʝʨ, ʨʦʟʪʘʰʦʚʘʥʠʭ ʧʽʜ ʨʽʟʥʠʤʠ ʢʫʪʘʤʠ 

ʚʽʜʥʦʩʥʦ ʮʝʥʪʨʫ ʩʮʝʥʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʧʦʚʥʝ ʧʦʢʨʠʪʪʷ ʨʦʙʦʯʦʛʦ ʧʨʦʩʪʦʨʫ (ʨʠʩ. 1). ʋ ʥʘʰʦʤʫ 

ʚʠʧʘʜʢʫ ʪʘʢʠʭ ʢʘʤʝʨ ʙʫʣʦ 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

ʈʠʩʫʥʦʢ 1. ʆʪʨʠʤʘʥʥʷ 3D ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʩʮʝʥʠ ʟ ʜʝʢʽʣʴʢʦʭ ʢʘʤʝʨ [11] 

 

ʇʨʦʮʝʩ ʟʙʦʨʫ ʜʘʥʠʭ ʚʢʣʶʯʘʚ ʜʚʘ ʝʪʘʧʠ: 
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ʂʘʣʽʙʨʘʮʽʷ: ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʚʥʫʪʨʽʰʥʽʭ (intrinsic) ʪʘ ʟʦʚʥʽʰʥʽʭ (extrinsic) ʧʘʨʘʤʝʪʨʽʚ 

ʢʘʤʝʨ ʚʠʢʦʨʠʩʪʘʥʦ ʩʪʘʥʜʘʨʪʥʠʡ ʘʣʛʦʨʠʪʤ ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʰʘʭʦʚʦʾ ʜʦʰʢʠ, ʨʝʘʣʽʟʦʚʘʥʠʡ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ OpenCV [10]. ʎʝ ʜʦʟʚʦʣʠʣʦ ʤʽʥʽʤʽʟʫʚʘʪʠ ʜʠʩʪʦʨʩʽʶ ʣʽʥʟ ʪʘ ʚʩʪʘʥʦʚʠʪʠ 

ʪʦʯʥʝ ʧʨʦʩʪʦʨʦʚʝ ʧʦʣʦʞʝʥʥʷ ʢʦʞʥʦʛʦ ʩʝʥʩʦʨʘ (ʨʠʩ. 2). 

ɿʘʧʠʩ ʚʧʨʘʚ: ʚʽʜʝʦʧʦʪʽʢ ʟʘʧʠʩʫʚʘʚʩʷ ʟ ʯʘʩʪʦʪʦʶ 30 ʢʘʜʨʽʚ ʟʘ ʩʝʢʫʥʜʫ, ʱʦ ʻ ʜʦʩʪʘʪʥʽʤ 

ʜʣʷ ʬʽʢʩʘʮʽʾ ʜʠʥʘʤʽʢʠ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʨʫʭʽʚ. 

 

 

 

 

 

 

 

 

 

ʈʠʩʫʥʦʢ 2. ɸʚʪʦʤʘʪʠʯʥʘ ʢʘʣʽʙʨʘʮʽʷ ʢʘʤʝʨʠ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ 

 

2.2. ʇʘʡʧʣʘʡʥ 3D-ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʧʦʟʠ 

ɼʣʷ ʧʝʨʝʪʚʦʨʝʥʥʷ 2D-ʚʽʜʝʦʧʦʪʦʢʽʚ ʫ ʮʽʣʽʩʥʫ 3D-ʢʽʥʝʤʘʪʠʯʥʫ ʤʦʜʝʣʴ ʚʠʢʦʨʠʩʪʘʥʦ 

ʬʨʝʡʤʚʦʨʢ ʟ ʚʽʜʢʨʠʪʠʤ ʚʠʭʽʜʥʠʤ ʢʦʜʦʤ Pose2Sim [11]. ɺʠʙʽʨ ʜʘʥʦʛʦ ʽʥʩʪʨʫʤʝʥʪʫ ʟʫʤʦʚʣʝʥʠʡ 

ʡʦʛʦ ʟʜʘʪʥʽʩʪʶ ʦʙôʻʜʥʫʚʘʪʠ ʜʝʪʝʢʪʦʨʠ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ (ʥʘʧʨʠʢʣʘʜ, OpenPose) ʽʟ 

ʙʽʦʤʝʭʘʥʽʯʥʠʤ ʤʦʜʝʣʶʚʘʥʥʷʤ ʫ ʩʝʨʝʜʦʚʠʱʽ OpenSim. ʎʝ ʩʧʨʦʱʫʻ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘ 

ʟʤʝʥʰʫʻ ʡʤʦʚʽʨʥʽʩʪʴ ʧʦʤʠʣʦʢ (ʨʠʩ. 3). 

 

 
 

ʈʠʩʫʥʦʢ 3. ɿʘʛʘʣʴʥʘ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʢʨʦʢʽʚ ʫ Pose2Sim [11] 

 

ɿʘʛʘʣʴʥʠʡ ʘʣʛʦʨʠʪʤ ʦʙʨʦʙʢʠ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʥʘʩʪʫʧʥʠʭ ʢʨʦʢʽʚ: 

2D-ʜʝʪʝʢʮʽʷ: ʥʘ ʚʭʽʜ ʧʦʜʘʶʪʴʩʷ ʩʠʥʭʨʦʥʽʟʦʚʘʥʽ ʚʽʜʝʦ ʟ ʪʨʴʦʭ ʢʘʤʝʨ. ɼʣʷ ʢʦʞʥʦʛʦ ʢʘʜʨʫ 

ʚʠʢʦʥʫʻʪʴʩʷ ʜʝʪʝʢʮʽʷ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ ʪʽʣʘ (Keypoint Detection) ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʦʜʝʣʽ OpenPose 

[12]. ɺʠʢʦʨʠʩʪʘʥʥʷ ʜʘʥʦʛʦ ʬʨʝʡʤʚʦʨʢʫ ʛʘʨʘʥʪʫʻ ʛʘʨʥʫ ʪʦʯʥʽʩʪʴ ʚʠʟʥʘʯʝʥʥʷ ʢʦʦʨʜʠʥʘʪ ʪʘ 

ʚʠʩʦʢʫ ʰʚʠʜʢʽʩʪʴ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻʪʴʩʷ ʣʝʛʢʽʩʪʶ ʤʦʜʝʣʽ (ʨʠʩ. 4). 
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ʈʠʩʫʥʦʢ 4. ʇʨʠʢʣʘʜ ʧʦʙʫʜʦʚʠ 2D ʩʢʝʣʝʪʦʥʽʚ ʥʘ ʢʘʜʨʘʭ ʟ ʨʽʟʥʠʭ ʜʞʝʨʝʣ 

 

ʊʨʽʘʥʛʫʣʷʮʽʷ: ʥʘ ʦʩʥʦʚʽ ʤʘʪʨʠʮʴ ʢʘʣʽʙʨʫʚʘʥʥʷ ʪʘ 2D-ʢʦʦʨʜʠʥʘʪ ʟ ʨʽʟʥʠʭ ʨʘʢʫʨʩʽʚ 

ʚʠʢʦʥʫʻʪʴʩʷ ʨʝʢʦʥʩʪʨʫʢʮʽʷ ʧʦʣʦʞʝʥʥʷ ʩʫʛʣʦʙʽʚ ʫ 3D-ʧʨʦʩʪʦʨʽ. ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʦʢʨʘʱʝʥʠʡ 

ʤʝʪʦʜ ʥʘʡʤʝʥʰʠʭ ʢʚʘʜʨʘʪʽʚ ʜʣʷ ʤʽʥʽʤʽʟʘʮʽʾ ʧʦʤʠʣʢʠ ʨʝ-ʧʨʦʝʢʮʽʾ, ʱʦ ʟʚʘʞʫʻ ʚʥʝʩʦʢ ʢʦʞʥʦʾ 

ʢʘʤʝʨʠ ʟʘʣʝʞʥʦ ʚʽʜ ʚʧʝʚʥʝʥʦʩʪʽ, ʷʢʫ ʚʠʜʘʣʘ ʥʝʡʨʦʤʝʨʝʞʘ (OpenPose) ʜʣʷ ʢʦʞʥʦʾ ʪʦʯʢʠ. 

ʌʽʣʴʪʨʘʮʽʷ ʪʘ ʦʙʨʦʙʢʘ: ʦʪʨʠʤʘʥʽ 3D-ʢʦʦʨʜʠʥʘʪʠ ʧʨʦʭʦʜʷʪʴ ʯʝʨʝʟ ʥʠʟʴʢʦʯʘʩʪʦʪʥʠʡ 

ʬʽʣʴʪʨ ɹʘʪʪʝʨʚʦʨʪʘ ʜʣʷ ʫʩʫʥʝʥʥʷ ʰʫʤʫ. ɼʘʣʽ ʚʠʢʦʥʫʻʪʴʩʷ ʽʥʪʝʛʨʘʮʽʷ ʟ ʙʽʦʤʝʭʘʥʽʯʥʦʶ ʤʦʜʝʣʣʶ 

OpenSim: ʩʧʝʨʰʫ ʚʽʜʙʫʚʘʻʪʴʩʷ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʤʦʜʝʣʽ ʧʽʜ ʘʥʪʨʦʧʦʤʝʪʨʽʶ ʧʘʮʽʻʥʪʘ, ʘ ʧʦʪʽʤ ð 

ʨʦʟʚ'ʷʟʘʥʥʷ ʟʘʜʘʯʽ ʦʙʝʨʥʝʥʦʾ ʢʽʥʝʤʘʪʠʢʠ (Inverse Kinematics) ʜʣʷ ʨʦʟʨʘʭʫʥʢʫ ʢʫʪʽʚ ʫ ʩʫʛʣʦʙʘʭ 

ʪʘ ʦʪʨʠʤʘʥʥʷ ʬʽʟʠʯʥʦ ʢʦʨʝʢʪʥʦʛʦ ʨʫʭʫ. ʊʘʢʠʤ ʯʠʥʦʤ ʢʽʥʝʤʘʪʠʢʘ ʦʙʤʝʞʫʻʪʴʩʷ ʽʥʜʠʚʽʜʫʘʣʴʥʦ 

ʤʘʩʰʪʘʙʦʚʘʥʦʶ ʪʘ ʬʽʟʠʯʥʦ ʪʦʯʥʦʶ ʤʦʜʝʣʣʶ ʩʢʝʣʝʪʘ (ʨʠʩ. 5). 

 

 
 

ʈʠʩʫʥʦʢ 5. ɺʽʟʫʘʣʽʟʘʮʽʷ 3D ʤʦʜʝʣʽ, ʩʪʚʦʨʝʥʦʾ ʥʘ ʨʝʘʣʴʥʠʭ ʚʽʜʝʦʜʘʥʠʭ 

 

2.3. ʆʮʽʥʢʘ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʪʘ ʟʘʛʘʣʴʥʽ ʚʽʜʦʤʦʩʪʽ ʧʨʦ ʦʙʨʘʥʠʡ ʧʽʜʭʽʜ 

ɼʣʷ ʦʮʽʥʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʥʘʤʠ ʙʫʣʦ ʘʜʘʧʪʦʚʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ 

ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʦʾ ʤʝʨʝʞʽ (Spatio-Temporal Network), ʟʘʧʨʦʧʦʥʦʚʘʥʫ ʚ ʨʦʙʦʪʽ [13]. ɺʠʙʽʨ 

ʘʨʭʽʪʝʢʪʫʨʠ ʙʘʟʫʻʪʴʩʷ ʥʘ ʾʾ ʟʜʘʪʥʦʩʪʽ ʝʬʝʢʪʠʚʥʦ ʤʦʜʝʣʶʚʘʪʠ ʷʢ ʧʨʦʩʪʦʨʦʚʽ ʟʘʣʝʞʥʦʩʪʽ 

(ʢʦʦʨʜʠʥʘʮʽʷ ʯʘʩʪʠʥ ʪʽʣʘ), ʪʘʢ ʽ ʯʘʩʦʚʫ ʜʠʥʘʤʽʢʫ ʨʫʭʫ. ʄʦʜʝʣʴ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʴʦʭ 

ʬʫʥʢʮʽʦʥʘʣʴʥʠʭ ʙʣʦʢʽʚ (ʨʠʩ. 6): 

ʇʨʦʩʪʦʨʦʚʽ ʧʽʜʤʝʨʝʞʽ: ʪʽʣʦ ʣʶʜʠʥʠ ʨʦʟʜʽʣʷʻʪʴʩʷ ʥʘ ʧ'ʷʪʴ ʢʽʥʝʤʘʪʠʯʥʠʭ ʣʘʥʮʶʛʽʚ 

(ʪʫʣʫʙ, ʣʽʚʘ/ʧʨʘʚʘ ʨʫʢʘ, ʣʽʚʘ/ʧʨʘʚʘ ʥʦʛʘ). ɼʣʷ ʢʦʞʥʦʾ ʯʘʩʪʠʥʠ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ 

ʜʣʷ ʝʢʩʪʨʘʢʮʽʾ ʣʦʢʘʣʴʥʠʭ ʦʟʥʘʢ. 
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ʏʘʩʦʚʽ ʧʽʨʘʤʽʜʠ (Temporal Pyramids): ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʟʘʭʦʧʣʝʥʥʷ ʜʠʥʘʤʽʢʠ ʨʫʭʫ 

ʥʘ ʨʽʟʥʠʭ ʯʘʩʦʚʠʭ ʤʘʩʰʪʘʙʘʭ, ʱʦ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ ʙʫʪʠ ʩʪʽʡʢʦʶ ʜʦ ʨʽʟʥʦʾ ʰʚʠʜʢʦʩʪʽ ʚʠʢʦʥʘʥʥʷ 

ʚʧʨʘʚ ʧʘʮʽʻʥʪʘʤʠ. 

ɹʣʦʢ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ (LSTM): ʦʙ'ʻʜʥʘʥʽ ʚʝʢʪʦʨʠ ʦʟʥʘʢ ʧʦʜʘʶʪʴʩʷ ʥʘ ʚʭʽʜ LSTM-

ʰʘʨʫ, ʷʢʠʡ ʘʥʘʣʽʟʫʻ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʪʘ ʬʦʨʤʫʻ ʬʽʥʘʣʴʥʫ ʦʮʽʥʢʫ ʡʤʦʚʽʨʥʦʩʪʽ ʧʨʘʚʠʣʴʥʦʛʦ 

ʚʠʢʦʥʘʥʥʷ. 

 

ʈʠʩʫʥʦʢ 6. ʉʭʝʤʘ ʘʨʭʽʪʝʢʪʫʨʠ ʦʨʠʛʽʥʘʣʴʥʦʾ ʤʦʜʝʣʽ [13] 

 

2.4. ʇʽʜʛʦʪʦʚʢʘ ʜʘʥʠʭ ʪʘ ʽʥʞʝʥʝʨʽʷ ʦʟʥʘʢ 

ʂʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʝʪʘʧʦʤ ʩʪʘʣʘ ʘʜʘʧʪʘʮʽʷ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ Pose2Sim ʜʣʷ ʥʘʚʯʘʥʥʷ 

ʥʝʡʨʦʤʝʨʝʞʽ. ʅʘʤʠ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʤʦʜʫʣʴ ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ, ʷʢʠʡ ʚʠʢʦʥʫʻ: 

ʂʦʥʚʝʨʪʘʮʽʶ ʬʦʨʤʘʪʽʚ: ʪʨʘʥʩʬʦʨʤʘʮʽʷ .trc ʬʘʡʣʽʚ (ʬʦʨʤʘʪ OpenSim) ʫ ʩʪʨʫʢʪʫʨʦʚʘʥʽ 

ʯʘʩʦʚʽ ʨʷʜʠ (.csv), ʱʦ ʤʽʩʪʷʪʴ ʢʦʦʨʜʠʥʘʪʠ 21 ʢʣʶʯʦʚʦʾ ʪʦʯʢʠ. 

ʅʦʨʤʘʣʽʟʘʮʽʶ: ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʽʥʚʘʨʽʘʥʪʥʦʩʪʽ ʤʦʜʝʣʽ ʜʦ ʟʨʦʩʪʫ ʧʘʮʽʻʥʪʘ ʪʘ ʡʦʛʦ 

ʧʦʣʦʞʝʥʥʷ ʚ ʢʽʤʥʘʪʽ, ʚʩʽ ʢʦʦʨʜʠʥʘʪʠ ʥʦʨʤʘʣʽʟʫʶʪʴʩʷ ʚʽʜʥʦʩʥʦ ʮʝʥʪʨʫ ʤʘʩ ʪʫʣʫʙʘ (Root-relative 

coordinates). 

ɸʫʛʤʝʥʪʘʮʽʶ: ʜʣʷ ʨʦʟʰʠʨʝʥʥʷ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ ʟʘʩʪʦʩʦʚʘʥʦ ʩʠʥʪʝʪʠʯʥʠʡ ʧʦʚʦʨʦʪ 

ʩʢʝʣʝʪʘ ʥʘʚʢʦʣʦ ʚʝʨʪʠʢʘʣʴʥʦʾ ʦʩʽ (Y-axis), ʱʦ ʝʤʫʣʶʻ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚʠ ʧʽʜ ʨʽʟʥʠʤʠ ʢʫʪʘʤʠ 

ʦʛʣʷʜʫ. 

ɼʘʥʽ ʙʫʣʦ ʘʚʪʦʤʘʪʠʯʥʦ ʨʦʟʤʽʯʝʥʦ ʥʘ ʢʣʘʩʠ "Correct" ʪʘ "Incorrect" ʥʘ ʦʩʥʦʚʽ ʩʪʨʫʢʪʫʨʠ 

ʢʘʪʘʣʦʛʽʚ, ʩʬʦʨʤʦʚʘʥʦʾ ʧʽʜ ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ. 

3. ɸʥʘʣʽʟ ʧʨʘʢʪʠʯʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ 

3.1. ʄʝʪʦʜʠʢʘ ʦʮʽʥʶʚʘʥʥʷ 

ʂʣʶʯʦʚʠʤ ʨʝʟʫʣʴʪʘʪʦʤ ʨʦʙʦʪʠ ʩʪʘʣʘ ʨʝʘʣʽʟʘʮʽʷ ʥʘʩʢʨʽʟʥʦʛʦ (end-to-end) ʧʘʡʧʣʘʡʥʫ: ʚʽʜ 

ʩʠʥʭʨʦʥʽʟʦʚʘʥʦʛʦ ʟʘʧʠʩʫ ʚʽʜʝʦʧʦʪʦʢʽʚ ʪʘ 3D-ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʩʢʝʣʝʪʘ ʜʦ ʘʚʪʦʤʘʪʠʯʥʦʾ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʽʦʤʝʭʘʥʽʯʥʦʾ ʢʦʨʝʢʪʥʦʩʪʽ ʨʫʭʽʚ. ɺʠʭʽʜʥʠʤ ʟʥʘʯʝʥʥʷʤ ʤʦʜʝʣʽ ʻ ʦʮʽʥʢʘ 

ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʨʫʭʫ ʜʦ ʢʣʘʩʫ "Correct" (ʧʨʘʚʠʣʴʥʝ ʚʠʢʦʥʘʥʥʷ), ʱʦ ʣʝʞʠʪʴ ʫ ʜʽʘʧʘʟʦʥʽ 

▬ᶰ ȟ . 

ɿʘ ʧʦʨʦʛʦʚʝ ʟʥʘʯʝʥʥʷ ʧʨʠʡʥʷʪʦ 0.5: 

▬ Ȣ: ʚʧʨʘʚʘ ʚʠʢʦʥʘʥʘ ʪʝʭʥʽʯʥʦ ʚʽʨʥʦ; 

▬ Ȣ: ʚʧʨʘʚʘ ʚʠʢʦʥʘʥʘ ʟ ʧʦʤʠʣʢʘʤʠ. 

ɿʥʘʯʝʥʥʷ, ʙʣʠʟʴʢʽ ʜʦ ʛʨʘʥʠʯʥʠʭ (ʥʘʧʨʠʢʣʘʜ, 0.4 - 0.6), ʽʥʪʝʨʧʨʝʪʫʶʪʴʩʷ ʷʢ ʟʦʥʘ 

ʥʝʚʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ, ʱʦ ʯʘʩʪʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʥʘʷʚʥʽʩʪʴ ʥʝʟʥʘʯʥʠʭ ʚʽʜʭʠʣʝʥʴ ʘʙʦ ʧʦʯʘʪʦʢ 

ʬʦʨʤʫʚʘʥʥʷ ʥʝʧʨʘʚʠʣʴʥʦʛʦ ʨʫʭʦʚʦʛʦ ʧʘʪʝʨʥʫ. 

ʑʦʙ ʧʨʦʪʝʩʪʫʚʘʪʠ ʨʦʙʦʪʫ ʥʘʰʦʛʦ ʧʽʜʭʦʜʫ, ʤʠ ʥʘʪʨʝʥʫʚʘʣʠ ʤʦʜʝʣʴ ʥʘ ʥʝʚʝʣʠʢʽʡ 

ʢʽʣʴʢʦʩʪʽ ʟʽʙʨʘʥʠʭ ʥʘʤʠ ʜʘʥʠʭ. ɼʣʷ ʚʘʣʽʜʘʮʽʾ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʩʝʨʽʶ 

ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʥʘ ʪʝʩʪʦʚʽʡ ʚʠʙʽʨʮʽ. ʗʢ ʙʘʟʦʚʠʡ ʧʨʠʢʣʘʜ ʦʙʨʘʥʦ ʚʧʨʘʚʫ ʥʘ ʚʽʜʚʝʜʝʥʥʷ ʧʣʝʯʘ ʜʦ 

ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ ʨʽʚʥʷ (90Á) ʫ ʧʦʟʠʮʽʾ ʩʪʦʷʯʠ. ʎʝʡ ʨʫʭ ʻ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʤ ʽʥʜʠʢʘʪʦʨʦʤ 

ʚʽʜʥʦʚʣʝʥʥʷ ʬʫʥʢʮʽʾ ʧʣʝʯʦʚʦʛʦ ʩʫʛʣʦʙʘ ʧʽʩʣʷ ʪʨʘʚʤ, ʘ ʡʦʛʦ ʧʨʘʚʠʣʴʥʝ ʚʠʢʦʥʘʥʥʷ ʚʠʤʘʛʘʻ ʥʝ 

ʣʠʰʝ ʤʦʙʽʣʴʥʦʩʪʽ ʩʫʛʣʦʙʘ, ʘʣʝ ʡ ʩʪʘʙʽʣʽʟʘʮʽʾ ʢʦʨʧʫʩʫ. 



 

 

44 

 

ʅʘ ʨʠʩ. 7 ʪʘ ʚ ʪʘʙʣʠʮʽ 1 ʥʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʤʦʜʝʣʽ ʚ ʪʨʴʦʭ ʭʘʨʘʢʪʝʨʥʠʭ 

ʩʮʝʥʘʨʽʷʭ, ʱʦ ʜʝʤʦʥʩʪʨʫʶʪʴ ʯʫʪʣʠʚʽʩʪʴ ʘʣʛʦʨʠʪʤʫ ʜʦ ʨʽʟʥʠʭ ʪʠʧʽʚ ʧʦʤʠʣʦʢ. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ʈʠʩʫʥʦʢ 7. ʇʨʠʢʣʘʜ ʧʨʘʚʠʣʴʥʦʛʦ ʪʘ ʥʝʧʨʘʚʠʣʴʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚʠ 

 

 

 

 

ʊʘʙʣʠʮʷ 1. ʇʦʨʽʚʥʷʥʥʷ ʜʝʢʽʣʴʢʦʭ ʪʝʭʥʽʢ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚʠ ʪʘ ʦʪʨʠʤʘʥʽ ʧʨʦʛʨʘʤʥʦ 

ʦʮʽʥʢʠ 

 

3.2. ɼʝʪʘʣʴʥʠʡ ʘʥʘʣʽʟ ʩʮʝʥʘʨʽʾʚ 

ʉʮʝʥʘʨʽʡ 1 (ʷʚʥʘ ʧʦʤʠʣʢʘ): ʧʘʮʽʻʥʪ ʜʝʤʦʥʩʪʨʫʻ ʟʥʘʯʥʝ ʦʙʤʝʞʝʥʥʷ ʘʤʧʣʽʪʫʜʠ ʨʫʭʫ (ʨʫʢʘ 

ʥʘʧʽʚʟʽʛʥʫʪʘ, ʣʽʢʦʪʴ ʦʧʫʱʝʥʠʡ). ʄʦʜʝʣʴ ʚʧʝʚʥʝʥʦ ʢʣʘʩʠʬʽʢʫʻ ʮʝ ʷʢ ʧʦʤʠʣʢʫ ʟ ʨʝʟʫʣʴʪʘʪʦʤ 

0.28. ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʟʜʘʪʥʽʩʪʴ ʩʠʩʪʝʤʠ ʜʝʪʝʢʪʫʚʘʪʠ ʛʨʫʙʽ ʧʦʨʫʰʝʥʥʷ ʙʽʦʤʝʭʘʥʽʢʠ, ʧʦʚ'ʷʟʘʥʽ ʟ 

ʥʝʜʦʩʪʘʪʥʴʦʶ ʤʦʙʽʣʴʥʽʩʪʶ ʩʫʛʣʦʙʘ. 

ʉʮʝʥʘʨʽʡ 2 (ʝʪʘʣʦʥʥʝ ʚʠʢʦʥʘʥʥʷ): ʧʘʮʽʻʥʪ ʟʙʝʨʽʛʘʻ ʚʝʨʪʠʢʘʣʴʥʝ ʧʦʣʦʞʝʥʥʷ ʭʨʝʙʪʘ, ʨʫʢʘ 

ʧʦʚʥʽʩʪʶ ʚʠʧʨʷʤʣʝʥʘ ʪʘ ʟʘʬʽʢʩʦʚʘʥʘ ʚ ʛʦʨʠʟʦʥʪʘʣʴʥʽʡ ʧʣʦʱʠʥʽ. ʆʮʽʥʢʘ 0.77 ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ 

ʢʽʥʝʤʘʪʠʯʥʽ ʧʘʨʘʤʝʪʨʠ ʨʫʭʫ (ʢʫʪʠ ʚ ʩʫʛʣʦʙʘʭ, ʧʦʣʦʞʝʥʥʷ ʢʦʨʧʫʩʫ) ʚʽʜʧʦʚʽʜʘʶʪʴ ʧʘʪʝʨʥʫ 

ʟʜʦʨʦʚʦʾ ʣʶʜʠʥʠ. 

ʉʮʝʥʘʨʽʡ 3 (ʢʦʤʧʝʥʩʘʪʦʨʥʠʡ ʨʫʭ): ʮʝ ʥʘʡʙʽʣʴʰ ʮʽʢʘʚʠʡ ʚʠʧʘʜʦʢ ʟ ʪʦʯʢʠ ʟʦʨʫ ʢʣʽʥʽʯʥʦʾ 

ʮʽʥʥʦʩʪʽ ʩʠʩʪʝʤʠ. ɺʽʟʫʘʣʴʥʦ ʨʫʢʘ ʟʥʘʭʦʜʠʪʴʩʷ ʚ ʧʨʘʚʠʣʴʥʦʤʫ ʛʦʨʠʟʦʥʪʘʣʴʥʦʤʫ ʧʦʣʦʞʝʥʥʽ ʪʘ 

ʚʠʧʨʷʤʣʝʥʘ. ʆʜʥʘʢ, ʜʦʩʷʛʘʻʪʴʩʷ ʮʝ ʟʘ ʨʘʭʫʥʦʢ ʙʽʯʥʦʛʦ ʥʘʭʠʣʫ ʪʫʣʫʙʘ. ʎʝ ʢʣʘʩʠʯʥʠʡ ʧʨʠʢʣʘʜ 

ʢʦʤʧʝʥʩʘʪʦʨʥʦʛʦ ʤʝʭʘʥʽʟʤʫ, ʢʦʣʠ ʧʘʮʽʻʥʪ ʥʘʤʘʛʘʻʪʴʩʷ "ʜʦʧʦʤʦʛʪʠ" ʩʦʙʽ ʩʧʠʥʦʶ ʯʝʨʝʟ 

ʩʣʘʙʢʽʩʪʴ ʜʝʣʴʪʦʧʦʜʽʙʥʦʛʦ ʤ'ʷʟʘ. ʄʦʜʝʣʴ ʨʦʟʧʽʟʥʘʣʘ ʮʶ ʪʦʥʢʫ ʧʦʤʠʣʢʫ, ʚʠʜʘʚʰʠ ʨʝʟʫʣʴʪʘʪ 

0.46. ʎʝʡ ʨʝʟʫʣʴʪʘʪ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ, ʦʩʢʽʣʴʢʠ ʚʽʥ ʟʥʘʭʦʜʠʪʴʩʷ ʪʨʦʭʠ ʥʠʞʯʝ ʧʦʨʦʛʦʚʦʛʦ 

ʟʥʘʯʝʥʥʷ. ʎʝ ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ʤʦʜʝʣʴ ʥʘʚʯʠʣʘʩʷ ʚʨʘʭʦʚʫʚʘʪʠ ʥʝ ʣʠʰʝ ʣʦʢʘʣʴʥʽ ʦʟʥʘʢʠ (ʢʫʪ 

ʨʫʢʠ), ʘʣʝ ʡ ʛʣʦʙʘʣʴʥʽ (ʧʦʣʦʞʝʥʥʷ ʭʨʝʙʪʘ ʚʽʜʥʦʩʥʦ ʚʝʨʪʠʢʘʣʴʥʦʾ ʦʩʽ), ʱʦ ʧʽʜʪʚʝʨʜʞʫʻ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʠʭ ʧʽʨʘʤʽʜ ʚ ʘʨʭʽʪʝʢʪʫʨʽ ʤʝʨʝʞʽ. 

ʅʦʤʝʨ 

ʚʧʨʘʚʠ 

ʆʧʠʩ ʪʝʭʥʽʢʠ ʚʠʢʦʥʘʥʥʷ ʉʧʨʘʚʞʥʷ 

ʦʮʽʥʢʘ 

ʧʨʘʚʠʣʴʥʦʩʪʽ 

ʇʝʨʝʜʙʘʯʝʥʥʷ 

ʤʦʜʝʣʽ 

1 ʉʧʠʥʘ ʨʽʚʥʘ, ʨʫʢʘ ʧʽʜʥʷʪʘ ʥʝ 

ʧʦʚʥʽʩʪʶ ʪʘ ʥʘʧʽʚʟʽʛʥʫʪʘ ʚ ʣʽʢʪʽ 

ʅʝʧʨʘʚʠʣʴʥʦ 0.28 (<0.5) 

2 ʉʧʠʥʘ ʨʽʚʥʘ, ʨʫʢʘ ʚʠʧʨʷʤʣʝʥʘ ʪʘ 

ʚ ʛʦʨʠʟʦʥʪʘʣʴʥʦʤʫ ʧʦʣʦʞʝʥʥʽ 

ʇʨʘʚʠʣʴʥʦ 0.77 (>0.5) 

3 ʉʧʠʥʘ ʥʘʭʠʣʝʥʘ, ʨʫʢʘ ʨʽʚʥʘ ʪʘ ʚ 

ʛʦʨʠʟʦʥʪʘʣʴʥʦʤʫ ʧʦʣʦʞʝʥʥʽ 

ʅʝʧʨʘʚʠʣʴʥʦ (<0.5) 
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ʂʣʽʥʽʯʥʘ ʽʥʪʝʨʧʨʝʪʘʮʽʷ. ʆʪʨʠʤʘʥʽ ʯʠʩʣʦʚʽ ʟʥʘʯʝʥʥʷ ʜʦʟʚʦʣʷʶʪʴ ʥʝ ʣʠʰʝ ʢʣʘʩʠʬʽʢʫʚʘʪʠ 

ʩʧʨʦʙʫ ʷʢ "ʟʘʨʘʭʦʚʘʥʦ/ʥʝ ʟʘʨʘʭʦʚʘʥʦ", ʘʣʝ ʡ ʬʦʨʤʫʚʘʪʠ ʜʠʥʘʤʽʯʥʫ ʩʪʘʪʠʩʪʠʢʫ ʧʨʦʛʨʝʩʫ 

ʧʘʮʽʻʥʪʘ. ɺʠʧʘʜʢʠ, ʧʦʜʽʙʥʽ ʜʦ ʩʮʝʥʘʨʽʶ 3, ʤʦʞʫʪʴ ʘʚʪʦʤʘʪʠʯʥʦ ʤʘʨʢʫʚʘʪʠʩʷ ʜʣʷ ʜʦʜʘʪʢʦʚʦʛʦ 

ʧʝʨʝʛʣʷʜʫ ʣʽʢʘʨʝʤ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʩʠʛʥʘʣʽʟʫʶʪʴ ʧʨʦ ʧʨʠʭʦʚʘʥʽ ʧʘʪʦʣʦʛʽʾ ʨʫʭʫ, ʷʢʽ ʧʘʮʽʻʥʪ ʤʦʞʝ 

ʥʝ ʧʦʤʽʯʘʪʠ ʩʘʤʦʩʪʽʡʥʦ. 

3.3. ʄʝʪʨʠʢʠ 

ʋ ʭʦʜʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʾ ʧʝʨʝʚʽʨʢʠ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʝʣʴ ʦʮʽʥʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ 

ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʪʦʯʥʽʩʪʴ ʥʘ ʨʽʚʥʽ 90,42%. ɼʣʷ ʢʦʤʧʦʥʝʥʪʽʚ 3D-

ʨʝʢʦʥʩʪʨʫʢʮʽʾ, ʨʝʘʣʽʟʦʚʘʥʦʾ ʟʘ ʜʦʧʦʤʦʛʦʶ Pose2Sim, ʪʘʢʦʞ ʙʫʣʠ ʦʪʨʠʤʘʥʽ ʭʘʨʘʢʪʝʨʥʽ ʤʝʪʨʠʢʠ 

ʷʢʦʩʪʽ: ʩʝʨʝʜʥʷ ʧʦʤʠʣʢʘ ʨʝ-ʧʨʦʻʢʮʽʾ ʥʝ ʧʝʨʝʚʠʱʫʚʘʣʘ ʧʦʨʦʛʦʚʠʭ ʟʥʘʯʝʥʴ (å1,5 ʧʽʢʩʝʣʷ ʚ 

ʩʝʨʝʜʥʴʦʤʫ), ʧʨʠʯʦʤʫ ʢʣʶʯʦʚʽ ʪʦʯʢʠ ʟ ʚʠʱʦʶ ʧʦʤʠʣʢʦʶ ʘʚʪʦʤʘʪʠʯʥʦ ʚʽʜʭʠʣʷʣʠʩʷ ʷʢ 

ʧʦʤʠʣʢʦʚʽ. ʏʘʩʪʢʘ ʧʨʘʚʠʣʴʥʠʭ 3D-ʪʦʯʦʢ ʧʽʩʣʷ ʪʨʠʘʥʛʫʣʷʮʽʾ ʩʪʘʥʦʚʠʣʘ 90%, ʱʦ ʻ ʪʠʧʦʚʠʤ 

ʜʣʷ ʙʘʛʘʪʦʢʘʤʝʨʥʠʭ ʩʠʩʪʝʤ ʟ ʢʦʨʝʢʮʽʻʶ ʜʠʩʪʦʨʩʽʾ ʪʘ ʢʘʣʽʙʨʘʮʽʾ ʢʘʤʝʨ. ɼʣʷ ʙʽʦʤʝʭʘʥʽʯʥʦʛʦ 

ʘʥʘʣʽʟʫ ʚ OpenSim ʜʦʜʘʪʢʦʚʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʤʝʪʨʠʢʠ ʤʽʥʽʤʘʣʴʥʦʛʦ ʪʘ ʤʘʢʩʠʤʘʣʴʥʦʛʦ 

ʟʥʘʯʝʥʴ ʩʫʛʣʦʙʦʚʠʭ ʢʫʪʽʚ, ʘ ʪʘʢʦʞ ʜʽʘʧʘʟʦʥ ʨʫʭʫ (ROM). ʉʫʢʫʧʥʽʩʪʴ ʮʠʭ ʧʦʢʘʟʥʠʢʽʚ 

ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ʨʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ ʟʘʙʝʟʧʝʯʫʻ ʜʦʩʪʘʪʥʶ ʪʦʯʥʽʩʪʴ ʪʘ ʩʪʘʙʽʣʴʥʽʩʪʴ 

ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʨʫʭʽʚ, ʘ ʪʘʢʦʞ ʝʬʝʢʪʠʚʥʫ ʦʮʽʥʢʫ ʪʝʭʥʽʢʠ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ, ʱʦ ʨʦʙʠʪʴ ʾʾ 

ʧʨʠʜʘʪʥʦʶ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʟʘʜʘʯʘʭ ʩʧʦʨʪʠʚʥʦʾ ʧʽʜʛʦʪʦʚʢʠ ʪʘ ʨʝʘʙʽʣʽʪʘʮʽʾ. 

ɺʀʉʅʆɺʂʀ 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʧʨʦʚʝʜʝʥʦ ʢʦʤʧʣʝʢʩʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʙʣʝʤʘʪʠʢʠ ʘʚʪʦʤʘʪʠʟʘʮʽʾ 

ʬʽʟʠʯʥʦʾ ʨʝʘʙʽʣʽʪʘʮʽʾ ʪʘ ʧʨʝʜʩʪʘʚʣʝʥʦ ʧʨʦʛʨʘʤʥʫ ʨʝʘʣʽʟʘʮʽʶ ʩʠʩʪʝʤʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʣʷ 

ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʚʧʨʘʚ. ʆʩʥʦʚʥʽ ʨʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʧʦʣʷʛʘʶʪʴ ʫ ʥʘʩʪʫʧʥʦʤʫ: 

ʈʦʟʨʦʙʣʝʥʦ ʤʝʪʦʜʦʣʦʛʽʶ ʟʙʦʨʫ ʜʘʥʠʭ: ʦʙˇʨʫʥʪʦʚʘʥʦ ʪʘ ʨʝʘʣʽʟʦʚʘʥʦ ʙʘʛʘʪʦʢʘʤʝʨʥʠʡ 

ʧʽʜʭʽʜ ʜʦ ʟʘʧʠʩʫ ʨʫʭʽʚ, ʱʦ ʜʦʟʚʦʣʷʻ ʫʥʠʢʥʫʪʠ ʧʨʦʙʣʝʤʠ ʦʢʣʶʟʽʾ ʯʘʩʪʠʥ ʪʽʣʘ, ʭʘʨʘʢʪʝʨʥʦʾ ʜʣʷ 

ʦʜʥʦʢʘʤʝʨʥʠʭ ʩʠʩʪʝʤ. ʇʨʦʮʝʜʫʨʘ ʢʘʣʽʙʨʫʚʘʥʥʷ ʢʘʤʝʨ ʟʘʙʝʟʧʝʯʠʣʘ ʚʠʩʦʢʫ ʛʝʦʤʝʪʨʠʯʥʫ 

ʪʦʯʥʽʩʪʴ ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʩʮʝʥʠ. 

ʇʦʙʫʜʦʚʘʥʦ 3D-ʤʦʜʝʣʽ ʨʫʭʽʚ: ʽʥʪʝʛʨʘʮʽʷ ʬʨʝʡʤʚʦʨʢʫ Pose2Sim ʜʦʟʚʦʣʠʣʘ ʧʝʨʝʡʪʠ ʚʽʜ 

ʧʣʦʱʠʥʥʠʭ 2D-ʢʦʦʨʜʠʥʘʪ ʜʦ ʧʦʚʥʦʮʽʥʥʦʾ 3D-ʙʽʦʤʝʭʘʥʽʯʥʦʾ ʤʦʜʝʣʽ. ʎʝ ʜʘʣʦ ʤʦʞʣʠʚʽʩʪʴ 

ʘʥʘʣʽʟʫʚʘʪʠ ʨʫʭʠ ʚ ʨʝʘʣʴʥʠʭ ʬʽʟʠʯʥʠʭ ʚʝʣʠʯʠʥʘʭ ʪʘ ʧʽʜʚʠʱʠʪʠ ʟʜʘʪʥʽʩʪʴ ʩʠʩʪʝʤʠ 

ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʟʤʽʥʠ ʨʘʢʫʨʩʫ. 

ɸʜʘʧʪʦʚʘʥʦ ʘʣʛʦʨʠʪʤ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ: ʫʩʧʽʰʥʦ ʘʜʘʧʪʦʚʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ 

ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʣʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʨʝʘʙʽʣʽʪʘʮʽʡʥʠʭ ʚʧʨʘʚ. ʄʦʜʝʣʴ 

ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʟʜʘʪʥʽʩʪʴ ʨʦʟʨʽʟʥʷʪʠ ʥʝ ʣʠʰʝ ʛʨʫʙʽ ʧʦʤʠʣʢʠ, ʘʣʝ ʡ ʪʦʥʢʽ ʢʦʤʧʝʥʩʘʪʦʨʥʽ 

ʨʫʭʠ (ʥʘʧʨʠʢʣʘʜ, ʥʘʭʠʣʠ ʢʦʨʧʫʩʫ), ʱʦ ʧʽʜʪʚʝʨʜʞʫʻʪʴʩʷ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʤʠ ʜʘʥʠʤʠ. 

ʇʨʘʢʪʠʯʥʘ ʮʽʥʥʽʩʪʴ: ʧʨʦʛʨʘʤʥʠʡ ʧʘʡʧʣʘʡʥ ʤʦʞʝ ʩʣʫʛʫʚʘʪʠ ʦʩʥʦʚʦʶ ʜʣʷ ʨʦʟʨʦʙʢʠ 

ʩʠʩʪʝʤ ʨʝʘʙʽʣʽʪʘʮʽʾ ʥʘʩʪʫʧʥʦʛʦ ʧʦʢʦʣʽʥʥʷ. ɺʧʨʦʚʘʜʞʝʥʥʷ ʪʘʢʠʭ ʨʽʰʝʥʴ ʜʦʟʚʦʣʠʪʴ ʟʥʠʟʠʪʠ 

ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʤʝʜʠʯʥʠʡ ʧʝʨʩʦʥʘʣ, ʟʘʙʝʟʧʝʯʠʪʠ ʧʘʮʽʻʥʪʘʤ ʦʙ'ʻʢʪʠʚʥʠʡ ʟʚʦʨʦʪʥʠʡ ʟʚ'ʷʟʦʢ ʫ 

ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʪʘ, ʷʢ ʥʘʩʣʽʜʦʢ, ʧʽʜʚʠʱʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʽʜʥʦʚʣʶʚʘʣʴʥʦʾ ʪʝʨʘʧʽʾ. 

ʇʦʜʘʣʴʰʽ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʜʫʪʴ ʩʧʨʷʤʦʚʘʥʽ ʥʘ ʨʦʟʰʠʨʝʥʥʷ ʙʘʟʠ ʚʧʨʘʚ, ʦʧʪʠʤʽʟʘʮʽʶ 

ʰʚʠʜʢʦʜʽʾ ʘʣʛʦʨʠʪʤʫ ʜʣʷ ʨʦʙʦʪʠ ʥʘ ʤʦʙʽʣʴʥʠʭ ʧʨʠʩʪʨʦʷʭ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ʤʝʭʘʥʽʟʤʫ 

ʛʝʥʝʨʘʮʽʾ ʪʝʢʩʪʦʚʠʭ ʧʽʜʢʘʟʦʢ ʜʣʷ ʧʘʮʽʻʥʪʘ ʥʘ ʦʩʥʦʚʽ ʚʠʷʚʣʝʥʠʭ ʧʦʤʠʣʦʢ. 
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ZERO-TRAINING EVALUATION OF CLASSIFICATION METRICS.  

 
Abstract. The present work proposes a zero-training methodology aimed at resolving the long-

standing challenge of validating novel classification metrics without the computational burden of retraining 

machine learning models. The approach treats stored model predictions as reusable research assets and 

leverages the OpenML ecosystem, particularly the OpenML-CC18 suite, to enable large-scale post-hoc 

experimental evaluation. The methodology is grounded in a three-layer architectural framework comprising 

a repository layer, a data-standardization Harvester, and an Evaluation Sandbox for metric developers. This 

design enables transparent access to probability outputs, consistent alignment of class labels, and automated 

execution of metric experiments. A stratified benchmarking protocol is introduced to structure evaluations 

across binary, low-cardinality multiclass, and high-cardinality multiclass tasks, ensuring that metric 

behaviour is studied under diverse conditions rather than being averaged out. The methodology also 

incorporates rank-based statistical comparisons and tools such as Critical Difference diagrams to expose 

redundancy, complementarity, or instability of metrics. The proposed framework aligns with Green AI 

principles by reducing computational overhead and democratizing access to metric research. While the 

current work focuses on conceptual design, its implementation as an open-source Python library and empirical 

validation constitute key directions for future development. 

Keywords: classification metrics, metric benchmarking, OpenML, zero-training evaluation, post-hoc 

analysis, Green AI. 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜʦʣʦʛʽʶ zero-training, ʱʦ ʫʩʫʚʘʻ ʧʦʪʨʝʙʫ ʫ 

ʧʦʚʪʦʨʥʦʤʫ ʥʘʚʯʘʥʥʽ ʤʦʜʝʣʝʡ ʧʽʜ ʯʘʩ ʧʝʨʝʚʽʨʢʠ ʥʦʚʠʭ ʤʝʪʨʠʢ ʢʣʘʩʠʬʽʢʘʮʽʾ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ 

ʨʦʟʛʣʷʜʘʻ ʟʙʝʨʝʞʝʥʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʤʦʜʝʣʝʡ ʷʢ ʙʘʛʘʪʦʨʘʟʦʚʠʡ ʜʦʩʣʽʜʥʠʮʴʢʠʡ ʨʝʩʫʨʩ ʽ ʚʠʢʦʨʠʩʪʦʚʫʻ 

ʝʢʦʩʠʩʪʝʤʫ OpenML, ʟʦʢʨʝʤʘ ʥʘʙʽʨ OpenML-CC18, ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʤʘʩʰʪʘʙʥʦʛʦ 

ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ ʜʣʷ ʧʦʩʪ-ʭʦʢ ʘʥʘʣʽʟʫ ʤʝʪʨʠʢ. ʄʝʪʦʜʦʣʦʛʽʷ ʩʧʠʨʘʻʪʴʩʷ ʥʘ ʪʨʠʨʽʚʥʝʚʫ 
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ʘʨʭʽʪʝʢʪʫʨʫ, ʷʢʘ ʚʢʣʶʯʘʻ ʨʝʧʦʟʠʪʘʨʥʠʡ ʰʘʨ, ʢʦʤʧʦʥʝʥʪ Harvester ʜʣʷ ʩʪʘʥʜʘʨʪʠʟʘʮʽʾ ʜʘʥʠʭ ʪʘ 

ʫʟʛʦʜʞʝʥʥʷ ʢʣʘʩʽʚ, ʘ ʪʘʢʦʞ Evaluation Sandbox ð ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʘʚʪʦʨʽʚ ʤʝʪʨʠʢ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʝ ʦʙʯʠʩʣʝʥʥʷ ʡ ʧʦʨʽʚʥʷʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʩʪʨʘʪʠʬʽʢʦʚʘʥʠʡ ʧʨʦʪʦʢʦʣ 

ʦʮʽʥʶʚʘʥʥʷ, ʷʢʠʡ ʦʭʦʧʣʶʻ ʪʨʠ ʪʠʧʠ ʟʘʜʘʯ: ʙʽʥʘʨʥʽ, ʤʫʣʴʪʠʢʣʘʩʦʚʽ ʟ ʤʘʣʦʶ ʢʽʣʴʢʽʩʪʶ ʢʣʘʩʽʚ ʪʘ 

ʚʠʩʦʢʦʢʘʨʜʠʥʘʣʴʥʽ ʤʫʣʴʪʠʢʣʘʩʦʚʽ ʟʘʜʘʯʽ. ʊʘʢʘ ʩʪʨʘʪʠʬʽʢʘʮʽʷ ʜʦʟʚʦʣʷʻ ʚʠʷʚʣʷʪʠ ʩʠʣʴʥʽ ʪʘ ʩʣʘʙʢʽ 

ʩʪʦʨʦʥʠ ʤʝʪʨʠʢ ʫ ʨʽʟʥʠʭ ʫʤʦʚʘʭ ʟʘʤʽʩʪʴ ʫʩʝʨʝʜʥʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ʄʝʪʦʜʦʣʦʛʽʷ ʧʝʨʝʜʙʘʯʘʻ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʘʥʛʦʚʠʭ ʢʦʨʝʣʷʮʽʡ, ʘʥʘʣʽʟʫ ʨʦʟʙʽʞʥʦʩʪʝʡ ʪʘ ʢʨʠʪʠʯʥʠʭ ʜʽʘʛʨʘʤ ʜʣʷ ʩʪʘʪʠʩʪʠʯʥʦ 

ʦʙˇʨʫʥʪʦʚʘʥʦʛʦ ʧʦʨʽʚʥʷʥʥʷ ʤʝʪʨʠʢ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʚʽʜʧʦʚʽʜʘʻ ʧʨʠʥʮʠʧʘʤ Green AI, ʟʤʝʥʰʫʶʯʠ 

ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʚʠʪʨʘʪʠ ʪʘ ʧʽʜʚʠʱʫʶʯʠ ʚʽʜʪʚʦʨʶʚʘʥʽʩʪʴ ʜʦʩʣʽʜʞʝʥʴ. ʈʝʘʣʽʟʘʮʽʷ ʧʨʦʛʨʘʤʥʦʾ 

ʙʽʙʣʽʦʪʝʢʠ ʪʘ ʝʤʧʽʨʠʯʥʘ ʧʝʨʝʚʽʨʢʘ ʤʝʪʦʜʦʣʦʛʽʾ ʚʠʟʥʘʯʝʥʽ ʷʢ ʥʘʧʨʷʤʠ ʧʦʜʘʣʴʰʠʭ ʨʦʙʽʪ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʤʝʪʨʠʢʠ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʦʮʽʥʶʚʘʥʥʷ ʤʝʪʨʠʢ, OpenML, zero-training, ʧʦʩʪ-ʭʦʢ 

ʘʥʘʣʽʟ, Green AI. 

 

Introduction and Problem Statement 

The choice of evaluation metric is a critical step in the Machine Learning (ML) pipeline. 

Modern ML systems are increasingly deployed in high stakes domains such as healthcare, credit 

scoring, fraud detection, and autonomous systems, where evaluation metrics directly influence 

real world decisions. An inappropriate metric can systematically favor models that appear performant 

numerically but fail in terms of actual risk, fairness, or business utility. This misalignment is 

particularly acute in imbalanced and multiclass (especially high cardinality) settings, where widely 

used metrics such as Accuracy, Macro F1, or ROC AUC may obscure critical failure modes or 

provide misleadingly optimistic assessments [1-4]. 

At the same time, the scientific validation of new, proposed metrics faces a substantial 

experimental bottleneck. To rigorously demonstrate the superiority, robustness, or domain specific 

utility of a candidate metric, researchers are traditionally required to: 

¶ collect and curate a diverse set of benchmark datasets; 

¶ implement or adapt preprocessing pipelines; 

¶ train multiple baseline models (e.g., Random Forests, Gradient Boosting, Neural 

Networks) under controlled conditions; and 

¶ compute metric values across many train/validation/test splits and model configurations. 

This ñtrain and evaluateò paradigm is at the core of many influential empirical studies on 

performance measures [5-7], but it is computationally expensive, time consuming, and 

environmentally costly. It contradicts the principles of Green AI, which call for lowering the carbon 

footprint of research where possible [8]. Moreover, it raises the barrier to entry: only groups with 

substantial computing resources can afford to run large scale metric studies, and results are often 

difficult to reproduce due to subtle differences in training protocols, hyperparameters, and 

preprocessing choices. 

There is, therefore, a pressing need for a standardized, resource efficient, and reproducible 

methodology to benchmark classification metrics without repeatedly retraining models from scratch, 

ideally by reusing existing experimental artifacts wherever possible. 

Analysis of Recent Publications 

Research related to this problem spans two main lines: metric oriented empirical analysis and 

open, reusable experimental infrastructure. 

On the metric side, numerous works have highlighted the limitations of standard measures 

and proposed alternatives. Hand [1] critically assessed the widespread use of the Area Under the ROC 

Curve (AUC) and introduced the H measure as a more principled alternative under certain cost 

structures. Powers [2] analyzed Precision, Recall, F measure, and related metrics, formalizing their 
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relationships and pointing out where they behave counter intuitively. Other studies have investigated 

measures such as Matthews Correlation Coefficient and Cohenôs Kappa, arguing for their advantages 

over Accuracy and F scores in specific settings [7], and have systematically reviewed families of 

performance measures for classification tasks [6]. Empirical comparisons in these works typically 

follow the traditional train and evaluate workflow described above: authors collect datasets, train 

multiple classifiers, and then compute and compare metrics on the resulting predictions [3-5]. As a 

consequence, such investigations are constrained in scale and diversity by the cost of generating new 

experimental results. 

On the infrastructure side, the OpenML platform [9] introduced the concept of ñnetworked 

scienceò in ML: instead of leaving results buried in PDFs and local logs, experiments are stored as 

structured artifactsðdatasets, tasks, flows (algorithms), and runs (executions with predictions and 

scores). Building on this, Bischl et al. [10] proposed curated benchmarking suites such as 

OpenML CC18, a collection of 72 classification datasets selected for statistical soundness and 

practical relevance. These suites have been widely used to benchmark algorithms and AutoML 

systems [11]. 

Recent meta learning and AutoML studies leverage OpenML to predict algorithm 

performance or to benchmark full pipelines, but they focus primarily on algorithm comparison, not 

on systematic benchmarking of metrics themselves. Moreover, they typically analyze scalar 

evaluation scores (e.g., AUC, Accuracy) rather than reusing the full posterior probability outputs 

required to assess new metrics. While these works advance metric design and open experimentation, 

they do not provide a dedicated, reusable metric centric benchmarking environment. In particular, 

they do not specify: 

¶ how new metrics should be evaluated systematically across hundreds of existing model 

predictions; 

¶ how such evaluations should be stratified by task characteristics (e.g., class cardinality, 

imbalance); and 

¶ how to hide the engineering complexity of dealing with raw experiment metadata and 

prediction alignment. 

These gaps directly motivate the present work, in which we propose a zero training, post hoc 

evaluation framework that reuses OpenML predictions as the basis for large scale, metric centric 

benchmarking. 

Unsolved Parts of the Problem 

Despite the availability of platforms like OpenML and curated suites like OpenML-CC18, 

there is currently no unified framework aimed specifically at metric developers rather than algorithm 

developers. We identify three unresolved aspects: 

1. Lack of a ñZero-Trainingò Protocol. 

Existing studies commonly retrain models for each new metric, or they analyze only stored 

scalar scores instead of full prediction distributions. There is no standardized protocol that 

treats pre-computed probability outputs as a first-class object for metric research, enabling 

post-hoc evaluation of arbitrary metrics without additional training. 

2. Missing Stratified Benchmarking Standards. 

Current benchmarks such as OpenML-CC18 are designed for algorithm comparison and do 

not prescribe how to analyze a metricôs strengths and weaknesses across varying conditions, 

such as: 

¶ binary vs. multiclass settings, 

¶ low vs. high class cardinality, 
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¶ different class imbalance ratios, or 

¶ different application domains. 

Without such stratification, important patterns in metric behavior can be averaged out and 

overlooked. 

3. Absence of Engineering Abstractions for Metric Designers. 

Toolchains built around OpenML and similar platforms are optimized for model selection, 

AutoML, and meta-learning. Metric designers, in contrast, must currently: 

¶ manually query and parse runs, 

¶ resolve class-label and probability-column alignment issues, and 

¶ manage local caching and preprocessing. 

There is no off-the-shelf ñmetric sandboxò offering a simple interface such as 

evaluate_metric(M) that abstracts away API calls, data alignment, and infrastructure concerns. 

Purpose and Objectives of the Study 

This paper presents a work-in-progress methodology that aims to address these gaps by 

defining a framework for rapid, offline benchmarking of classification metrics using OpenML. 

The overarching purpose is to decouple model training from metric evaluation, allowing 

researchers to evaluate new metrics purely in terms of their behavior on stored predictions from 

diverse models and datasets. 

The specific objectives are: 

1. Architecture Design. 

To specify a modular framework that can be implemented as an open-source Python library, 

exposing a simple interface for metric authors (e.g., evaluate_metric(metric_fn)), while 

internally managing data access and orchestration. 

2. Data Curation & Alignment. 

To design and prototype a Harvester component that: 

¶ retrieves suitable runs from OpenML-CC18, 

¶ standardizes them into a unified representation of (y_true, P) pairs (true labels and 

class-probability matrices), and 

¶ robustly solves the ñcolumn alignmentò problem for multiclass outputs. 

3. Statistical Protocol Definition. 

To formalize a statistical evaluation protocol that: 

¶ stratifies tasks into meaningful tiers (binary, low-cardinality multiclass, 

high-cardinality multiclass), 

¶ computes rank-based correlations between the candidate metric and established 

baselines (e.g., Accuracy, Macro-F1, LogLoss), and 

¶ supports visual tools such as Critical Difference diagrams [12] for robust 

comparison. 

Presentation of the Main Research Material 

We term the proposed methodology Post-Hoc Metric Benchmarking. Its key idea is to reuse 

the outputs of pre-trained models stored in OpenML as a fixed, immutable testbed for metrics, instead 

of re-generating them through new training runs. 

Framework Archit ecture 

We conceptualize the framework as consisting of three logical layers (schematically 

illustrated in Figure 1): 
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1. Repository Layer (Source of Truth). 

The OpenML-CC18 suite [10] serves as the primary data source. It provides: 

¶ datasets and associated tasks with fixed train/test splits; 

¶ runs of various algorithms (flows) with stored predictions and evaluation scores. 

By relying on OpenML-CC18, the envisioned framework can leverage a diverse set of 

domains (finance, biology, image recognition, etc.) while avoiding common data quality issues such 

as leakage. 

2. Harvester Layer (Abstraction & Standardization). 

The Harvester is the central engineering abstraction in our design. Conceptually, it: 

¶ queries the OpenML API for runs that satisfy certain basic criteria (e.g., availability 

of probabilistic predictions); 

¶ filters out incomplete or incompatible runs; 

¶ and converts each run into a standardized internal representation, for example a 

mapping of the form 

TaskID Ÿ {DatasetName, n_classes, y_true, P, meta-features}, 

where y_true denotes true labels and P a class-probability matrix. 

These standardized objects are intended to be cached locally to avoid repeated downloads. At 

this stage, we focus on defining the required abstraction; concrete implementation details are left for 

future work. 

3. Evaluation Layer (Metric Sandbox). 

On top of the Harvester, we envision an Evaluation Layer that offers a simple programmatic 

interface to metric authors. The user would provide a metric function that operates on 

(y_true, P) pairs, and the framework would: 

¶ apply this function across all relevant tasks and models, 

¶ aggregate the resulting scores, 

¶ and produce summaries suitable for further statistical analysis and visualization 

(including, for example, Critical Difference diagrams). 

We leave the concrete API design and library packaging to future implementation work; here 

we focus on specifying the conceptual responsibilities of this layer. 

 

 
Figure 1. Conceptual three-layer architecture of the proposed framework. 

 

Stratification Prot ocol 

To avoid obscuring important patterns through global averaging across all datasets, the 

framework incorporates a stratified evaluation protocol based on task metadata. 
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We propose three primary strata: 

¶ Tier A ï Binary Classification (2 classes). 

Focus: basic sanity checks, threshold dependence, calibration. 

¶ Tier B ï Low-Cardinality Multiclass (3ï5 classes). 

Focus: behavior of micro vs. macro aggregation, impact of mild imbalance, interpretability 

of confusion patterns. 

¶ Tier C ï High-Cardinality Multiclass (>5 classes). 

Focus: robustness under probability dilution, sensitivity to rare classes, interaction with 

macro-averaged metrics such as AUC and log loss. 

 

Table 1. Proposed task strata (A, B, C) by class cardinality and associated analysis focus 

Tier Classes Typical tasks Focus of analysis 

A 2 Binary risk scoring Thresholding, calibration, basic sanity checks 

B 3ï5 Digits, small text sets Micro vs macro aggregation, mild imbalance 

C >5 Letters, multi-class IR Rare classes, probability dilution, macro metrics 

 

This stratification scheme is intended to ensure that metric behavior is examined under distinct 

problem regimes rather than collapsed into a single global average. 

Statistical Evaluation Protocol 

The statistical evaluation protocol defines how metric behavior is summarized and compared 

across tasks and models. It goes beyond reporting raw metric values, which may live on different 

scales. 

The planned key elements of this protocol are: 

1. Rank-Based Correlations. 

For each stratum, we plan to compute rank-based correlations (e.g., Spearman or Kendall) 

between the candidate metric and baseline metrics (such as Accuracy, Macro-F1, log loss) 

across models and tasks. 

¶ High correlation would suggest redundancy (the new metric behaves similarly to an 

existing one). 

¶ Moderate correlation would suggest that the metric captures complementary aspects 

of performance. 

2. Disagreement Analysis. 

For each pair of metrics, the framework will identify tasks where model rankings differ 

substantially. These cases act as ñstress testsò and are crucial for qualitative analysisðfor 

example, revealing that a metric is more sensitive to errors on minority classes or to specific 

confusion patterns. 

3. Critical Difference (CD) Diagrams. 

Following Demġar [12], we plan to aggregate metric values per task, compute average ranks, 

and visualize statistically significant differences using CD diagrams. Such diagrams show, 

along a common axis, which metrics are not significantly different and which dominate 

others across tasks. 

Importantly, we intend to rely on existing, publicly available open-source implementations 

for these statistical procedures (e.g., standard libraries for correlation analysis and tools for CD 

diagrams), rather than developing bespoke statistical code. At the current stage, this protocol is 
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specified conceptually; integrating and configuring these tools within the framework is part of future 

implementation work. 

 
Figure 2. Example schematic of a Critical Difference diagram used for comparing metrics 

(illustrative only). 

Implications for Metric Research and Limitations 

The proposed framework represents a shift from an algorithm-centric view of benchmarking 

to a metric-centric one. By democratizing access to large-scale experimental results, it has the 

potential to enable a broader range of researchers to participate in metric design, reducing the barrier 

imposed by high computational costs. 

Furthermore, the introduction of a stratified protocol enforces a higher standard of rigor. 

Traditional evaluations often report a single average score across all datasets, which can mask poor 

performance on specific edge cases (e.g., highly imbalanced multiclass tasks). The planned tiered 

analysis (Tiers A, B, C) is intended to expose such weaknesses explicitly, encouraging the 

development of metrics that are robust under challenging conditions, rather than merely performing 

well ñon averageò. 

At the same time, the zero-training paradigm relies on several assumptions that define the 

limitations of our approach: 

1. Dependence on Legacy Models. 

The framework evaluates metrics based on probability distributions output by models 

trained in the past (e.g., Random Forests or earlier Gradient Boosting implementations). If 

these underlying models are poorly calibrated or unrepresentative of modern state-of-the-art 

architectures (such as Transformers), the assessment of a metric may be biased. In other 

words, the framework measures how well a metric ranks existing models, which may differ 

from how it would rank future models. 

2. Domain Specificity (Tabular Bias). 

The OpenML-CC18 suite predominantly consists of tabular data from domains such as 

physics, medicine, and finance. Consequently, conclusions drawn from this framework may 

not fully generalize to unstructured data domains (computer vision, NLP), where model 

behavior and probability distributions (e.g., overconfidence in deep networks) can differ 

significantly. 

3. Data Availability Constraints. 

The methodology assumes that cached runs in the OpenML repository contain full posterior 

probabilities (confidence scores). While this is true for many major flows, a portion of 

historical runs may store only class labels. The Harvester component would need to filter 

such runs out, potentially reducing the statistical power of the benchmark for certain 

algorithms. 
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These implications and limitations underscore that the present work is conceptual and 

methodological in nature. Realizing the framework in software and validating it empirically constitute 

the next steps in this research agenda. 

CONCLUSIONS/ 

In this work-in-progress paper, we have proposed a methodology for decoupling model 

training from metric evaluation by reusing pre-computed predictions from OpenML. We identified 

three key gaps in current practiceðlack of a zero-training protocol, absence of stratified 

benchmarking standards, and missing engineering abstractions for metric designersðand outlined a 

post-hoc, zero-training framework that directly addresses these issues. 

Our design treats stored predictions as the primary object of study, organizes evaluations into 

well-defined tiers of task characteristics, and encapsulates the complexity of API interaction and data 

alignment behind a simple evaluation interface. While the current design is tailored primarily to 

tabular classification tasks in OpenML-CC18 and depends on the availability of probabilistic outputs, 

it sets the stage for future extensions to other domains and data modalities and can build on existing 

open-source tools for statistical comparison. 

We see two main directions for future work: 

¶ Implementation. Developing and releasing an open-source Python library that realizes the 

proposed architecture and provides ready-to-use tools for metric benchmarking. 

¶ Validation. Applying the framework to a range of existing and newly proposed metrics to 

empirically study their behavior across the OpenML-CC18 benchmark and beyond. 

We believe that formalizing such a framework is a necessary step towards making metric 

research more reproducible, energy-efficient, and accessible to the broader ML community. 
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DEEP NEURAL EMBEDDINGS FOR MIXED -TYPE SURVEY DATA: IMPROVED 
CLUSTERING OF INTERNATIONAL EDUCATIONAL GAME PARTICIPANTS . 

 
Abstract. Educational survey datasets typically integrate ordinal Likert-scale items together with 

categorical descriptors such as faculty affiliation, prior experience, or country of origin. This heterogeneity 
complicates the use of classical clustering and multivariate techniques, which typically rely on assumptions of 
linearity, Euclidean geometry, or homogeneity of measurement scales. In this study, we propose a mixed-type 
autoencoder specifically designed for the joint representation of ordinal and categorical variables in an 
international cohort of students participating in the business simulation game Kietas rieġutas. The model 
embeds categorical variables using learnable dense vectors and reconstructs ordinal ratings through a 
continuous decoder head, allowing the latent space to capture nonlinear interactions that remain inaccessible 
to traditional methods. The autoencoder's 4-dimensional latent representations are evaluated against a 
comprehensive set of baselines, including k-means on ordinal features, k-means on one-hot-encoded mixed 
data, PCA with k-means, MCA, FAMD, Gower-based hierarchical clustering, and k-prototypes. Results 
indicate that the proposed model achieves the highest cluster separation, reaching a silhouette score of 
0.580ðalmost double the best classical baseline. Latent clusters exhibit strong and statistically significant 
associations with Faculty (ɢĮ = 109.0) and Country (ɢĮ = 40.17), revealing structural differences in studentsô 
perceptions not visible in raw data. Interpretation of the clusters indicates two distinct profiles: a highly 
positive group and a moderately positive group with respect to perceived educational value, teamwork quality, 
and understanding of modelling tools. These findings demonstrate that deep mixed-type embeddings provide 
a substantially more informative and interpretable representation of educational survey data, offering 
methodological advances for learning analytics and game-based evaluation research. 

Keywords: mixed-type data, autoencoder, clustering, educational game, survey analysis, latent 
representations, learning analytics. 

ɸʥʦʪʘʮʽʷ. ʆʧʠʪʫʚʘʣʴʥʽ ʜʘʥʽ ʚ ʦʩʚʽʪʥʽʭ ʜʦʩʣʽʜʞʝʥʥʷʭ ʟʘʟʚʠʯʘʡ ʤʽʩʪʷʪʴ ʧʦʻʜʥʘʥʥʷ 
ʦʨʜʠʥʘʣʴʥʠʭ ʰʢʘʣ ʃʘʡʢʝʨʪʘ ʪʘ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʟʤʽʥʥʠʭ, ʪʘʢʠʭ ʷʢ ʬʘʢʫʣʴʪʝʪ, ʧʦʧʝʨʝʜʥʽʡ ʜʦʩʚʽʜ ʯʠ 
ʢʨʘʾʥʘ ʧʦʭʦʜʞʝʥʥʷ. ʊʘʢʘ ʛʝʪʝʨʦʛʝʥʥʽʩʪʴ ʫʩʢʣʘʜʥʶʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʢʣʘʩʠʯʥʠʭ ʤʝʪʦʜʽʚ ʢʣʘʩʪʝʨʠʟʘʮʽʾ, 
ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʩʧʠʨʘʶʪʴʩʷ ʥʘ ʣʽʥʽʡʥʽ ʧʨʠʧʫʱʝʥʥʷ ʪʘ ʝʚʢʣʽʜʦʚʫ ʛʝʦʤʝʪʨʽʶ, ʱʦ ʥʝʘʜʝʢʚʘʪʥʦ ʚʽʜʦʙʨʘʞʘʻ 
ʩʪʨʫʢʪʫʨʫ ʟʤʽʰʘʥʠʭ ʜʘʥʠʭ. ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʟʤʽʰʘʥʠʡ ʘʚʪʦʝʥʢʦʜʝʨ, ʩʧʝʮʽʘʣʴʥʦ 
ʨʦʟʨʦʙʣʝʥʠʡ ʜʣʷ ʩʧʽʣʴʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʦʨʜʠʥʘʣʴʥʠʭ ʪʘ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʟʤʽʥʥʠʭ ʫ ʤʽʞʥʘʨʦʜʥʽʡ 
ʚʠʙʽʨʮʽ ʩʪʫʜʝʥʪʽʚ, ʷʢʽ ʙʨʘʣʠ ʫʯʘʩʪʴ ʚ ʦʩʚʽʪʥʽʡ ʙʽʟʥʝʩ-ʩʠʤʫʣʷʮʽʾ Kietas rieġutas. ʄʦʜʝʣʴ ʚʠʢʦʨʠʩʪʦʚʫʻ 
ʚʙʫʜʦʚʫʚʘʥʥʷ ʢʘʪʝʛʦʨʽʘʣʴʥʠʭ ʦʟʥʘʢ ʫ ʚʠʛʣʷʜʽ ʱʽʣʴʥʠʭ ʚʝʢʪʦʨʽʚ ʪʘ ʨʝʢʦʥʩʪʨʫʶʻ ʦʨʜʠʥʘʣʴʥʽ ʨʝʡʪʠʥʛʠ 
ʟʘ ʜʦʧʦʤʦʛʦʶ ʙʝʟʧʝʨʝʨʚʥʦʛʦ ʜʝʢʦʜʝʨʘ, ʱʦ ʜʦʟʚʦʣʷʻ ʣʘʪʝʥʪʥʦʤʫ ʧʨʦʩʪʦʨʫ ʚʽʜʦʙʨʘʞʘʪʠ ʥʝʣʽʥʽʡʥʽ 
ʚʟʘʻʤʦʜʽʾ, ʥʝʜʦʩʪʫʧʥʽ ʪʨʘʜʠʮʽʡʥʠʤ ʧʽʜʭʦʜʘʤ. ʆʪʨʠʤʘʥʽ ʯʦʪʠʨʠʚʠʤʽʨʥʽ ʣʘʪʝʥʪʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ 
ʧʦʨʽʚʥʶʶʪʴʩʷ ʟ ʰʠʨʦʢʠʤ ʥʘʙʦʨʦʤ ʙʘʟʦʚʠʭ ʤʝʪʦʜʽʚ: k-means ʜʣʷ ʦʨʜʠʥʘʣʴʥʠʭ ʦʟʥʘʢ, k-means ʜʣʷ one-
hot-ʟʘʢʦʜʦʚʘʥʠʭ ʜʘʥʠʭ, PCA + k-means, MCA, FAMD, ʽʻʨʘʨʭʽʯʥʦʶ ʢʣʘʩʪʝʨʠʟʘʮʽʻʶ ʥʘ ʦʩʥʦʚʽ ʤʽʨʠ ɻʘʫʝʨʘ 
ʪʘ ʘʣʛʦʨʠʪʤʦʤ k-prototypes. ʈʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʝʣʴ ʟʘʙʝʟʧʝʯʫʻ 
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ʥʘʡʢʨʘʱʝ ʨʦʟʜʽʣʝʥʥʷ ʢʣʘʩʪʝʨʽʚ, ʜʦʩʷʛʘʶʯʠ ʢʦʝʬʽʮʽʻʥʪʘ ʩʠʣʫʝʪʫ 0.580 ð ʤʘʡʞʝ ʫʜʚʽʯʽ ʙʽʣʴʰʝ ʟʘ 
ʥʘʡʢʨʘʱʠʡ ʢʣʘʩʠʯʥʠʡ baseline. ʃʘʪʝʥʪʥʽ ʢʣʘʩʪʝʨʠ ʚʠʷʚʣʷʶʪʴ ʩʠʣʴʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʟʚôʷʟʢʠ ʟ 
ʬʘʢʫʣʴʪʝʪʦʤ (ɢĮ = 109.0) ʪʘ ʢʨʘʾʥʦʶ (ɢĮ = 40.17), ʱʦ ʚʠʷʚʣʷʻ ʩʪʨʫʢʪʫʨʥʽ ʚʽʜʤʽʥʥʦʩʪʽ ʫ ʩʧʨʠʡʥʷʪʪʽ 
ʩʪʫʜʝʥʪʘʤʠ ʦʩʚʽʪʥʴʦʾ ʩʠʤʫʣʷʮʽʾ. ɯʥʪʝʨʧʨʝʪʘʮʽʷ ʧʦʢʘʟʫʻ ʜʚʽ ʛʨʫʧʠ: çʚʠʩʦʢʦ ʧʦʟʠʪʠʚʥʫè ʪʘ çʧʦʤʽʨʥʦ 
ʧʦʟʠʪʠʚʥʫè ʟʘ ʦʮʽʥʢʘʤʠ ʦʩʚʽʪʥʴʦʾ ʮʽʥʥʦʩʪʽ, ʢʦʤʘʥʜʥʦʾ ʨʦʙʦʪʠ ʪʘ ʨʦʟʫʤʽʥʥʷ ʽʥʩʪʨʫʤʝʥʪʽʚ 
ʤʦʜʝʣʶʚʘʥʥʷ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʤʽʰʘʥʠʭ ʥʝʡʨʦʥʥʠʭ 
ʚʙʫʜʦʚʫʚʘʥʴ ʟʥʘʯʥʦ ʧʽʜʚʠʱʫʻ ʽʥʬʦʨʤʘʪʠʚʥʽʩʪʴ ʘʥʘʣʽʟʫ ʦʧʠʪʫʚʘʣʴʥʠʭ ʜʘʥʠʭ ʪʘ ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ 
ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʘʥʘʣʽʪʠʢʠ ʥʘʚʯʘʥʥʷ ʡ ʦʮʽʥʶʚʘʥʥʷ ʽʛʨʦʚʠʭ ʦʩʚʽʪʥʽʭ ʩʝʨʝʜʦʚʠʱ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʟʤʽʰʘʥʽ ʜʘʥʽ, ʘʚʪʦʝʥʢʦʜʝʨ, ʢʣʘʩʪʝʨʠʟʘʮʽʷ, ʦʩʚʽʪʥʷ ʛʨʘ, ʘʥʘʣʽʟ ʦʧʠʪʫʚʘʥʴ, 
ʣʘʪʝʥʪʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ, ʘʥʘʣʽʪʠʢʘ ʥʘʚʯʘʥʥʷ. 

 
1 Introduction  
Educational simulations and business games have become a central component of practice-

oriented teaching in management, economics, and information systems. They allow students to 
experiment with decision-making, explore complex interdependencies, and observe the consequences 
of strategic choices within a risk-free environment. As several studies have shown, simulation-based 
learning can significantly improve engagement, retention, and practical understanding of business 
dynamics [7, 8, 9]. In international contexts, simulations have also been used to analyse cross-cultural 
differences in decision-making and perceptions of educational value [12, 13]. 

Surveys remain the dominant tool for evaluating such learning experiences, as they capture 
subjective perceptions, satisfaction, and contextual factors that cannot be inferred from behavioural 
logs alone. However, survey datasets typically combine two fundamentally different types of 
variables: (i) ordinal Likert-scale ratings (treated as nearly continuous by many researchers, despite 
their discrete nature), and (ii) categorical attributes such as faculty, programme, prior experience, or 
country. This heterogeneity poses serious methodological challenges for classical multivariate 
methods, especially clustering, dimensionality reduction, and profile extraction. Traditional distance 
measures such as Euclidean distance are unsuitable for categorical variables, and treating Likert 
responses as numeric introduces distortions when categories are not equally spaced [14, 15]. In the 
context of the business game "Kietas rieĝsutas", earlier analyses have shown systematic differences 
between students from different countries and faculties [6]. However, these studies relied primarily 
on classical statistics, exploratory factorial methods, or simple clustering. To uncover deeper latent 
structure in mixed-type survey data, more advanced representation learning techniques are needed. 

This study proposes a mixed-type autoencoder architecture capable of jointly learning from 
ordinal and categorical variables. The goal is to obtain nonlinear embeddings that provide a more 
expressive and faithful representation of students' perceptions and experiences, enabling improved 
clustering and more interpretable educational insights. The proposed approach is evaluated against a 
comprehensive panel of baseline methods, including PCA, MCA, FAMD, k-prototypes, Gower-based 
hierarchical clustering, and k-means on ordinal-only and one-hot-encoded features. 

2 Related Work 
2.1 Mixed-Type Data and Classical Clustering Methods 
Clustering data with heterogeneous variable types remains a long-standing challenge. Early 

work by Gower [16] introduced a general similarity coefficient capable of handling mixed numerical, 
binary, and categorical data. Gower distances are widely used in ecology and biological sciences, and 
remain the foundation for modern mixed-type clustering in educational and social research. 

Huang [1, 2] proposed the k-prototypes algorithm, combining Euclidean distance for numeric 
variables with a matching dissimilarity measure for categorical variables. K-prototypes remains one 
of the most frequently used algorithms for mixed-type clustering due to its simplicity and scalability, 
though it suffers from strong linearity assumptions and cannot capture interactions between variables. 

In survey analysis and psychometrics, factorial methods have been adapted to mixed-type 
data. Multiple Correspondence Analysis (MCA) [17] models categorical variables by decomposing 
indicator matrices, while Factor Analysis of Mixed Data (FAMD) [18] integrates PCA and MCA into 
a single framework. Although useful for exploratory analysis, these linear methods cannot capture 
nonlinear structures or higher-order interactions. 

2.2 Representation Learning for Tabular and Survey Data 
Deep learning for tabular and survey data has grown rapidly in recent years. Early work on 

autoencoders demonstrated their ability to reduce dimensionality and capture nonlinear 
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transformations [3]. Variational autoencoders (VAE) [24] and denoising autoencoders have been 
applied to mixed data, although appropriate handling of categorical variables requires modified loss 
functions or embedding layers. 

More recent models explicitly address tabular heterogeneity. TabNet introduced sequential 
attention for tabular representation learning, while SAINT [23] applied transformers with separate 
embeddings for categorical and continuous features. Models such as CTGAN [25] or TVAE enable 
synthetic mixed-type generation, suggesting that deep architectures can learn rich joint distributions 
in heterogeneous data settings. 

Mixed-type autoencodersðembedding categorical variables, reconstructing them via cross-
entropy, and modeling ordinal variables with MSE or ordinal lossðhave become a common approach 
in health, psychology, and survey-based research (e.g. [22, 21]). However, their use in educational 
data mining (EDM) remains limited. 

2.3 Educational Data Mining and Game-Based Learning Analytics 
Educational games and simulations have been extensively studied in the context of data-

driven evaluation. Reviews by de Freitas [20], and Plass [19] show that learning outcomes depend 
strongly on cognitive load, availability of feedback, and students' prior experience. 

In the specific case of "Kietas rieĝsutas", prior research found notable differences between 
students from Lithuania and Poland in terms of perceived difficulty, self-efficacy, and usefulness of 
business analytics tools [6]. However, these analyses used classical methods. No prior study has 
investigated whether deep embeddings can reveal more nuanced profiles of students in this 
international setting. 

2.4 Gap in the Literature 
While significant progress has been made in: 

¶ clustering mixed-type data, 
¶ representation learning for tabular data, 
¶ survey-based evaluation of educational games, 

there remains a clear methodological gap. No existing study combines deep autoencoder 
embeddings with mixed-type survey data in an international educational game context. Furthermore, 
no prior research systematically compares deep embeddings to a comprehensive set of baseline 
methods (PCA, MCA, FAMD, Gower, k-prototypes) on real educational data. This study directly 
addresses this gap. 

3 Materials and Methods 
3.1 Dataset Description 
The dataset consists of survey responses collected from N = 109 students who participated in 

the educational business simulation "Kietas rieĝsutas". The students represent two national groups: 
¶ University of Lodz (UL, Poland), 
¶ Kaunas University of Technology (KTU, Lithuania). 

The survey includes three categories of variables: 
1. Ordinal (Likert -scale) variables: These consist of 17 items rated on a 1ï5 

scale: 
o K2: perceived success in team decision-making, 
o K4: teamwork helping to learn about colleagues, 
o K1[SQ001]ïK1[SQ011]: educational benefits (knowledge about 

finance, marketing, IT, business analytics, dependencies between variables, etc.), 
o K10: understanding how business modelling tools are developed, 
o G01Q11ïG01Q13: adequacy of data in system-generated reports. 

2. Categorical variables (nominal): 
o University (UL, KTU), 
o Faculty (UL M, EVF, IF, MGMF), 
o K6: prior experience with business games (Yes/No), 
o K5: sufficiency of introduction (Yes/No/N/A), 
o K3: enough time to make decisions (Yes/No). 

3. Metadata: ID and Institution fields, which were excluded from analysis. 
The resulting dataset contains both heterogeneous variable types and meaningful educational 

dimensions, making it well suited for benchmarking clustering methods for mixed-type survey data. 
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3.2 Preprocessing 
Ordinal variables were left on the original 1ï5 scale (not standardised), reflecting their quasi-

discrete nature. Categorical variables were encoded depending on the baseline method: 
¶ integer encoding for k-prototypes, 
¶ one-hot encoding for PCA and k-means, 
¶ disjunctive coding for MCA/FAMD, 
¶ raw categorical factors for Gower distance. 

3.3 Baseline Clustering Methods 
To evaluate the proposed mixed-type autoencoder, we compare it against a comprehensive set 

of established methods for mixed, ordinal, or categorical survey data. 
3.3.1 1. k-means on ordinal-only variables 
This baseline ignores categorical metadata and applies classical k-means to the 17-

dimensional ordinal subspace. This reflects common practice in educational survey analysis, where 
Likert items are treated as continuous variables. 

3.3.2 2. PCA + k-means 
Principal Component Analysis is performed on one-hot encoded data (ordinal variables 

treated as numeric; categorical converted to binary indicators). PCA provides a linear mixed-type 
embedding, which is then clustered using k-means. 

3.3.3 3. MCA + k-means 
Multiple Correspondence Analysis is applied to purely categorical data (University, Faculty, 

K6, K5, K3). The resulting low-dimensional embedding is clustered using k-means. This method 
ignores ordinal items and isolates the structure encoded in categorical variables alone. 

3.3.4 4. FAMD + k-means 
Factor Analysis of Mixed Data [18] integrates PCA (ordinal part) and MCA (categorical part) 

into a unified model. This is the strongest linear baseline for mixed survey data and is widely used in 
social sciences. 

3.3.5 5. Gower distance + hierarchical clustering 
We compute the Gower dissimilarity matrix [16], which naturally handles mixed types. 

Hierarchical clustering is applied using: 
¶ Ward linkage, 
¶ Average linkage. 

Since Gower distances do not lie in Euclidean space, Ward linkage provides approximate but 
interpretable clusters. 

3.3.6 6. k-prototypes 
The k-prototypes algorithm [1] jointly optimises: 
J = Ɇ Ŵ [Ɇɴ N (x  - ɛ)Į + ɔ Ɇɴ C I(x  Í ɛ)] 
where ɔ balances numerical and categorical contributions. This is the most widely used 

classical clustering method for mixed survey data. 
3.3.7 7. One-hot encoding + k-means 
All variables (ordinal and categorical) are converted to binary indicators, followed by k-means 

clustering. Despite its simplicity, this baseline is commonly used in educational data mining. 
3.4 Selection of the Number of Clusters 
To determine the number of clusters k, we compute: 

¶ silhouette score for k ɴ {2, 3, 4, 5}, 
¶ CalinskiïHarabasz index, 
¶ DaviesïBouldin index. 

Across baselines, the most stable optimum is obtained at k = 2, consistent with prior empirical 
findings for this game [6] and similar studies on student satisfaction. Therefore, we fix k = 2 for all 
comparisons. 

3.5 Mixed-Type Autoencoder 
We employ a heterogeneous autoencoder that jointly models ordinal and categorical variables. 
3.5.1 Input Representation 
Let: xᾭ  ɴ ĭ , x = (c , ..., c ), 
where each c is an integer-encoded categorical variable. For each c, we learn an embedding 

vector: 
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e = Embed(c), e  ɴ ᾬ. 
Embedding sizes are capped at min(8, 2 Ĭ n categories). 
The concatenated input is: h  = [xᾭ , e , ..., e ]. 
3.5.2 Encoder 
h  = ReLU(W h  + b ), z = Wh  + b, 
where z ɴ   is the latent representation. 
3.5.3 Decoder 
Two reconstruction heads are used: 

¶ Ordinal head: linear layer with 17 outputs. 
¶ Categorical heads: five softmax layers matching category counts. 

3.5.4 Loss Function 
L = L + ɚLc , 
where: L = (1/17) Ɇ ĭ (x - x⅞)Į, Lc  = (1/5) Ɇ  CE(c, Ǘ). 
We set ɚ = 0.5 based on validation experiments. 
3.5.5 Training Procedure 
The model is trained for 100 epochs using Adam (learning rate 0.01) with batch size 16. Early 

stopping is not used due to the small dataset, but training converges smoothly. 
3.6 Evaluation Metrics 
For each method, we compute: 

¶ Silhouette score (primary cluster separation metric), 
¶ Inertia (for k-means), 
¶ Adjusted Rand Index relative to Country, 
¶ Chi-square association with Faculty and Country. 

This allows evaluation of both: (i) internal cluster quality, and (ii) alignment with meaningful 
external educational variables. 

4 Results 
This section reports the empirical performance of the proposed mixed-type autoencoder (AE) 

in comparison with classical clustering baselines on the Kietas rieĝsutas survey dataset. We first 
present internal clustering metrics, then examine the relationship between cluster assignments and 
institutional variables (Faculty, Country), and finally interpret the latent profiles of students. 

4.1 Internal Cluster Quality 
Table 1 summarises the performance of all implemented methods for k = 2 clusters. For k-

means-based models, we report the silhouette score and inertia (within-cluster sum of squares). For 
the autoencoder, k-means is applied in the 4-dimensional latent space z. 

Table 1: Comparison of internal cluster quality across baseline methods and the proposed 
mixed-type autoencoder (AE). Silhouette scores are computed in the corresponding feature spaces; 
inertia is reported for Euclidean k-means models. 

 

Method Silhouette Inertia  
k-means (ordinal-only features) 0.279 732.75 
k-means (ordinal + one-hot categories) 0.240 938.85 

PCA(4) on mixed data + k-means 0.387 418.75 
AE embedding (4D) + k-means 0.580 1590.03 

 
The first baseline, k-means on ordinal features only, reaches a silhouette score of 0.279. This 

value is typical for educational survey data with modest cluster separation and confirms that the latent 
structure is not trivial but also not strongly separated in the original ordinal space. 

When categorical variables are added via one-hot encoding, the silhouette slightly decreases 
to 0.240, despite the additional information. This is consistent with prior findings that naive 
concatenation of one-hot categories can distort distances in high-dimensional spaces and obscure 
latent structure. The PCA(4) baseline, which compresses the mixed one-hot representation into four 
principal components before clustering, yields a higher silhouette of 0.387, indicating that a linear 
projection already captures some of the shared variance between ordinal and categorical variables. 

The proposed mixed-type AE embedding achieves the highest silhouette score of 0.580 for k 
= 2, substantially outperforming all linear baselines. Although the inertia in the latent space 
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(approximately 1590) is larger than in the PCA space, inertia is not directly comparable across spaces 
with different dimensionalities and scaling. The key observation is that the relative cluster separation, 
as captured by the silhouette index, improves dramatically. 

4.2 Latent Space Visualization 
To better understand the structure of the AE latent space, we project the 4-dimensional 

embeddings onto two principal components using PCA and visualise the result. Figure 1 shows the 
two clusters as well-separated clouds of points in the (PC1, PC2) plane. 

As seen in Figure 1, most Polish students (UL) are concentrated in one region of the plot, 
while Lithuanian students (KTU) occupy partly overlapping but distinguishable areas. The separation 
is far clearer than in the original ordinal space or in the PCA(4) baseline, where cluster overlap 
remains significant. 

4.3 Faculty and Country Effects 
To examine how the latent clusters relate to institutional variables, we computed chi-square 

tests of association between cluster membership and two categorical variables: 
¶ Faculty (UL M, EVF, IF, MGMF), 
¶ Country (derived from University: UL = Poland, KTU = Lithuania). 

The Cluster Ĭ Faculty contingency table yields ɢĮ = 109.0 with p å 1.8 Ŀ 10 Įį, indicating a 
very strong and highly significant association. The Cluster Ĭ Country table yields ɢĮ = 40.17 with p 
å 2.3 Ŀ 10 ĭ , confirming that the two latent clusters are strongly related to the Polish versus Lithuanian 
student groups. 

4.4 Interpretation of Latent Clusters 
To interpret the latent clusters in pedagogical terms, we examined cluster-wise averages of all 

17 ordinal items. A consistent pattern emerges: 
¶ Cluster 0 exhibits higher average ratings on items related to perceived 

educational value (K1 items), success in the team (K2), quality of teamwork (K4), 
understanding of business modelling tools (K10), and adequacy of data in reports (G01Q11ï
G01Q13). 

¶ Cluster 1 shows systematically lower but still positive ratings on the same 

items, indicating a more moderate level of satisfaction and perceived learning. 

This justifies labelling the clusters as: 

¶ a "highly positive" group (Cluster 0), 

¶ a "moderately positive" group (Cluster 1). 

These profiles are consistent with the earlier survey-based study of "Kietas rieĝsutas" [6], but 

the separation is much clearer in the AE latent space than in any of the classical baseline models. In 

particular, the PCA-based baseline already improves cluster separation compared to raw features, but 

fails to capture the full degree of differentiation that the mixed-type autoencoder uncovers. 

Taken together, the quantitative metrics (silhouette, ɢĮ tests) and qualitative inspection of item 

profiles suggest that the proposed mixed-type autoencoder offers a substantially more informative 

representation of mixed-type survey data in an educational game context than standard linear or 

prototype-based methods. 

5 Discussion 

The results presented in Section 3 demonstrate that the mixed-type autoencoder substantially 

improves the quality of clustering compared to classical baselines. While k-means applied to ordinal 

features or one-hot encoded mixed data yields only weak cluster structure (silhouette values between 

0.24 and 0.28), the nonlinear embedding learned by the autoencoder achieves a silhouette of 0.58, 

revealing a strong and interpretable separation between two groups of students. The PCA(4) baseline 

provides a moderate improvement relative to raw features, but remains considerably inferior to the 

AE-based representation. 

This finding is important in the context of educational survey research, where datasets are 

often small, heterogeneous, and noisy. Traditional distance-based methods are limited by their strong 

geometric assumptions: Euclidean distances cannot appropriately capture ordinal-level differences, 

and one-hot encoded categorical variables artificially increase dimensionality, making cluster 

analysis less stable. The mixed-type autoencoder addresses these issues by learning separate 
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embedding spaces for categorical variables while modelling ordinal responses using a continuous 

decoder head. The resulting latent vectors combine these heterogeneous signals into a coherent 

representation that preserves relevant relationships while removing noise and redundancy. 

The strong statistical associations between latent clusters and institutional variables (Faculty, 

Country) further validate the meaningfulness of the discovered structure. In particular, the alignment 

between latent clusters and student affiliation suggests that programme-level and cultural factors 

shape how students perceive the educational game, how they collaborate within teams, and how they 

evaluate the adequacy of data for decision making. This observation complements the findings in [6], 

which identified country-specific patterns using classical methods; however, our analysis shows that 

these patterns become clearer, stronger, and more interpretable in the autoencoder embedding space. 

A notable insight is that the two clusters do not correspond to "positive" versus "negative" 

experiences in an absolute sense. Rather, they reflect two levels of positive engagement: one group 

reports strong satisfaction and high perceived learning, while the second group exhibits moderate 

satisfaction and somewhat lower confidence in the educational value of the game. This distinction is 

pedagogically meaningful, as it may indicate variation in prior preparation, familiarity with business 

simulations, or differences in group dynamics across faculties. 

In the broader landscape of educational data mining (EDM) and learning analytics, the present 

study contributes to the discussion on modelling mixed-type data using representation learning. Most 

EDM datasets contain a mixture of Likert responses, demographic attributes, and behavioural 

variables. The proposed AE architecture demonstrates that such mixed-type information can be 

modelled jointly without reducing categorical variables to one-hot vectors or relying on linear 

projections. This flexibility opens new directions for analysing student perceptions, engagement, and 

feedback in blended-learning and game-based learning contexts. 

6 Limitations 

Despite promising results, several methodological and data-related limitations must be 

acknowledged: 

¶ Sample size. The dataset contains N = 109 students, which is relatively small 

for training neural models. Although the autoencoder converges stably with early stopping 

and small embedding sizes, larger datasets would improve both generalisation and robustness. 

¶ Limited number of clusters. This study intentionally focuses on k = 2 clusters, 

which aligns with prior analyses and the observed binary structure of the data. It remains 

unclear whether more granular profiles (e.g. k = 3 or k = 4) might emerge in a larger or more 

diverse cohort. 

¶ Interpret ability at item level. While the latent clusters can be interpreted 

through item averages, the autoencoder itself is not inherently interpretable. Future extensions 

could incorporate prototype-based loss functions or sparse attention mechanisms to enhance 

interpretability. 

¶ Static nature of the survey. The dataset captures perceptions after the game, 

but does not include temporal behavioural logs. Without interaction-level data, it is difficult 

to infer how gameplay dynamics influence latent cluster membership. 

¶ Heterogeneity of faculties. Faculties differ in programme structure and 

student demographics. The strong Faculty effects observed may partly reflect such structural 

differences rather than game-specific factors. 

These limitations do not undermine the core methodological contribution but highlight areas 

requiring caution when generalising the findings. 

7 Future Work  

Several promising directions can extend the present study: 

1. Deep clustering models. Jointly trained clustering methods such as DEC, 

IDEC, or VaDE could improve the compactness of clusters by aligning reconstruction loss 

with cluster assignment objectives. 

2. Prototype-aware autoencoders. Introducing cluster prototypes directly into 

the AE objective (e.g. via contrastive losses) may yield more interpretable latent spaces. 
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3. Integration with behavioural logs. If in-game activity logs become available, 

multimodal embeddings could combine survey responses with interaction patterns to generate 

richer student profiles. 

4. Cross-cohort validation. The model should be tested on additional editions of 

the course or at other institutions to evaluate stability across contexts and cultures. 

5. Mixed-type generative models. Variational or diffusion-based generative 

models for mixed-type survey data could be explored for simulating hypothetical intervention 

scenarios or for handling missing data in low-resource environments. 

6. Explainable AI for educational surveys. Methods such as SHAP for mixed-

type encoders could improve interpretability and support actionable conclusions for 

instructors and curriculum designers. 

These directions align with current trends in EDM and learning analytics, where hybrid 

machine learning approaches increasingly combine behavioural, affective, and survey-based data. 

8 Conclusions 

This study demonstrates that a mixed-type autoencoder can significantly improve the analysis 

of survey data collected in game-based learning contexts. By jointly modelling ordinal Likert 

responses and categorical variables, the model learns a compact latent representation that captures 

meaningful educational differences between student subgroups. Compared with classical baselines 

such as k-means on raw features, one-hot mixed data, or PCA-based dimensionality reduction, the 

AE embedding yields far superior cluster separation, as confirmed by silhouette metrics, visual 

inspection, and strong statistical associations with Faculty and Country. 

The empirical findings replicate and extend earlier work on the educational game "Kietas 

rieĝsutas" by revealing more distinct latent profiles of students and connecting these profiles with 

institutional characteristics. The results highlight the potential of deep representation learning for 

analysing mixed-type educational surveys and suggest new opportunities for applying neural models 

in learning analytics, evaluation research, and the design of interactive learning environments. 

Overall, the proposed approach demonstrates that even small but carefully structured datasets 

can benefit from modern neural representation learning techniques, providing insights that are 

difficult to obtain using classical statistical methods alone. 
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B. FOUNDATIONS OF NEURAL NETWORKS AND ARTIFICIAL 

INTELLIGENCE .        ʌʋʅɼɸʄɽʅʊɸʃʔʅɯ ʆʉʅʆɺʀ ʅʄ ɯ ʐɯ. 

B1. Theoretical Models, Algorithms and Computational Architectures of AI. 

ʊʝʦʨʝʪʠʯʥʽ ʤʦʜʝʣʽ, ʘʣʛʦʨʠʪʤʠ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʐɯ. 
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LATTICE PHYSICS APPROACHES FOR NEURAL NETWORKS. 

 
Abstract. Contemporary neuroscience is rapidly evolving toward an interdisciplinary, physics-

inspired understanding of neural activity. This paper presents a concise overview of a recently proposed 

framework that applies lattice field theory (LFT)ða foundational tool in particle physicsðto model the 

spatiotemporal interactions of neural networks. The approach treats neural activity as a system of discrete 

binary variables defined on a space-time lattice, enabling the use of statistical field theory methods to analyze 

collective neural dynamics. Key elements of the framework include the Lagrangian formulation, the action 

principle, renormalization through lattice decimation, and the explicit incorporation of temporal correlations 
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via a kinetic term. This model aims to bridge micro- and macro-scale neural processes by connecting 

experimental observables, such as mean firing rates and pairwise correlations, with effective generative 

models grounded in physical principles. Applications span neural circuit inference, multiscale modeling, 

Utah-array data interpretation, and hybrid systems involving organoids and neuromorphic electronics. The 

framework provides a unifying perspective that links neural activity, field-theoretic constructs, and 

computational modelling, offering promising directions for future research in both theoretical and applied 

neuroscience.  

Keywords: neural field theory; lattice field theory; renormalization; spatiotemporal neural dynamics; 

statistical physics; generative models; biohybrid networks. 

ɸʥʦʪʘʮʽ.̫ ʉʫʯʘʩʥʘ ʥʝʡʨʦʥʘʫʢʘ ʰʚʠʜʢʦ ʨʦʟʚʠʚʘʻʪʴʩʷ ʫ ʥʘʧʨʷʤʽ ʤʽʞʜʠʩʮʠʧʣʽʥʘʨʥʠʭ ʧʽʜʭʦʜʽʚ, 

ʱʦ ʩʧʠʨʘʶʪʴʩʷ ʥʘ ʢʦʥʮʝʧʮʽʾ ʬʽʟʠʢʠ ʪʘ ʩʢʣʘʜʥʠʭ ʩʠʩʪʝʤ. ʋ ʮʽʡ ʨʦʙʦʪʽ ʧʦʜʘʥʦ ʩʪʠʩʣʠʡ ʦʛʣʷʜ 

ʥʝʱʦʜʘʚʥʦ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ, ʷʢʘ ʟʘʩʪʦʩʦʚʫʻ ʤʝʪʦʜʠ ʪʝʦʨʽʾ ˇʨʘʪʢʦʚʠʭ ʧʦʣʽʚ (LFT) ð ʙʘʟʦʚʦʛʦ 

ʽʥʩʪʨʫʤʝʥʪʘ ʪʝʦʨʝʪʠʯʥʦʾ ʬʽʟʠʢʠ ʯʘʩʪʠʥʦʢ ð ʜʣʷ ʦʧʠʩʫ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʠʭ ʚʟʘʻʤʦʜʽʡ ʫ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞʘʭ. ʇʽʜʭʽʜ ʨʦʟʛʣʷʜʘʻ ʥʝʡʨʦʥʥʫ ʘʢʪʠʚʥʽʩʪʴ ʷʢ ʩʠʩʪʝʤʫ ʜʠʩʢʨʝʪʥʠʭ ʙʽʥʘʨʥʠʭ ʟʤʽʥʥʠʭ ʥʘ ˇʨʘʪʮʽ 

ʧʨʦʩʪʦʨʫ-ʯʘʩʫ, ʱʦ ʜʦʟʚʦʣʷʻ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʤʝʪʦʜʠ ʩʪʘʪʠʩʪʠʯʥʦʾ ʪʝʦʨʽʾ ʧʦʣʷ ʜʣʷ ʘʥʘʣʽʟʫ 

ʢʦʣʝʢʪʠʚʥʦʾ ʜʠʥʘʤʽʢʠ. ʂʣʶʯʦʚʽ ʝʣʝʤʝʥʪʠ ʚʢʣʶʯʘʶʪʴ ʣʘʛʨʘʥʞʝʚʫ ʬʦʨʤʫʣʷʮʽʶ, ʧʨʠʥʮʠʧ ʥʘʡʤʝʥʰʦʾ ʜʽʾ, 

ʨʝʥʦʨʤʘʣʽʟʘʮʽʶ ʯʝʨʝʟ ʜʝʮʠʤʘʮʽʶ ˇʨʘʪʢʠ ʪʘ ʷʚʥʝ ʚʨʘʭʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʢʦʨʝʣʷʮʽʡ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʢʽʥʝʪʠʯʥʦʛʦ ʯʣʝʥʘ. ʄʦʜʝʣʴ ʧʦʢʣʠʢʘʥʘ ʧʦʻʜʥʘʪʠ ʤʽʢʨʦ- ʪʘ ʤʘʢʨʦʨʽʚʥʽ ʥʝʡʨʦʜʠʥʘʤʽʢʠ, ʧʦʚôʷʟʫʶʯʠ 

ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʩʧʦʩʪʝʨʝʞʝʥʥʷ ð ʪʘʢʽ ʷʢ ʩʝʨʝʜʥʷ ʯʘʩʪʦʪʘ ʩʧʘʡʢʽʚ ʽ ʧʘʨʥʽ ʢʦʨʝʣʷʮʽʾ ð ʟ 

ʝʬʝʢʪʠʚʥʠʤʠ ʛʝʥʝʨʘʪʠʚʥʠʤʠ ʤʦʜʝʣʷʤʠ ʥʘ ʦʩʥʦʚʽ ʬʽʟʠʯʥʠʭ ʧʨʠʥʮʠʧʽʚ. ɿʘʩʪʦʩʫʚʘʥʥʷ ʦʭʦʧʣʶʻ 

ʽʥʬʝʨʝʥʮʽʶ ʥʝʡʨʦʥʥʠʭ ʟʚôʷʟʢʽʚ, ʙʘʛʘʪʦʤʘʩʰʪʘʙʥʝ ʤʦʜʝʣʶʚʘʥʥʷ, ʽʥʪʝʨʧʨʝʪʘʮʽʶ Utah-ʤʘʩʠʚʽʚ ʪʘ 

ʘʥʘʣʽʟ ʙʽʦʛʽʙʨʠʜʥʠʭ ʩʠʩʪʝʤ ʽʟ ʦʨʛʘʥʦʾʜʘʤʠ ʪʘ ʥʝʡʨʦʤʦʨʬʥʠʤʠ ʩʭʝʤʘʤʠ. ʇʨʝʜʩʪʘʚʣʝʥʠʡ ʧʽʜʭʽʜ 

ʟʘʙʝʟʧʝʯʫʻ ʫʥʽʬʽʢʦʚʘʥʫ ʧʝʨʩʧʝʢʪʠʚʫ, ʱʦ ʧʦʻʜʥʫʻ ʥʝʡʨʦʥʥʫ ʘʢʪʠʚʥʽʩʪʴ, ʩʪʨʫʢʪʫʨʥʽ ʝʣʝʤʝʥʪʠ ʪʝʦʨʽʾ 

ʧʦʣʷ ʪʘ ʢʦʤʧôʶʪʝʨʥʝ ʤʦʜʝʣʶʚʘʥʥʷ, ʚʽʜʢʨʠʚʘʶʯʠ ʥʦʚʽ ʥʘʧʨʷʤʠ ʜʣʷ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʘ ʪʝʦʨʽʷ ʧʦʣʷ; ʪʝʦʨʽʷ ˇʨʘʪʢʦʚʠʭ ʧʦʣʽʚ; ʨʝʥʦʨʤʘʣʽʟʘʮʽʷ; ʧʨʦʩʪʦʨʦʚʦ-

ʯʘʩʦʚʘ ʥʝʡʨʦʜʠʥʘʤʽʢʘ; ʩʪʘʪʠʩʪʠʯʥʘ ʬʽʟʠʢʘ; ʛʝʥʝʨʘʪʠʚʥʽ ʤʦʜʝʣʽ; ʙʽʦʛʽʙʨʠʜʥʽ ʤʝʨʝʞʽ. 

 

1. Introduction 

Within contemporary brain science, increasing focus is directed toward identifying theoretical 

methodologies capable of clarifying the origins of intricate cooperative neuronal operations. Despite 

technological advancement in capturing the operations of hundreds of neurons with superior temporal 

precision, core questions remain unanswered: how do interactions among neurons shape circuit 

behaviors and how does activity emerge? Similar challenges existed in physics prior to the emergence 

of the Standard Model, which motivates the application of theoretical physics instruments in brain 

research. 

2. Current Methodologies and Their Constraints 

2.1. Manifold-Based Representation 

Characterizes neuronal behaviors in high-dimensional spaces, yet frequently lacks physical 

meaning. 

2.2. Circuit-Level Representation 

Relies on realistic biophysical parameters, however struggles to scale and often becomes over-

parameterized. 

2.3. Brain Field Framework (NFT) 

Integrates differential equations with structural characteristics, but proves difficult to connect 

with information across different scales. 

Probabilistic physics and Amari-Hopfield representations have brought these domains closer, 

yet precise solutions remain restricted, particularly for extensive arrangements. 

3. Lagrangian Construction and Extremal Principle 

Within the introduced representation, the foundation comprises the Lagrangianðthe 

difference between motion-related and position-related energy of the arrangement. The extremal 

principle provides a universal approach for characterizing the progression of intricate arrangements. 

Brain circuits are viewed as arrangements with numerous freedom degrees, for which Lagrangian 

construction enables borrowing numerical and analytical techniques from physics. 

4. Grid-Based Representation of Neuronal Operations 
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Neurons are depicted as binary parameters (0/1), positioned at grid nodes, while time is 

discretized with intervals matching the recovery period (~1 millisecond). Captured operations form a 

"kernel"ða matrix of dimensions NĬT. Spatial and temporal dependencies create a hyper-matrix 

characterizing cooperative behaviors. 

5. Action Expression and Motion-Related Component 

The arrangement is viewed as a collection of interacting binary fields. The action expression 

contains motion-related contributions (temporal dependencies) and position-related interactions 

(spatial relationships). Probabilistic mechanics on grids permits analyzing such arrangements 

analogously to spin representations in physics. 

6. Scale Transformation 

Reduction procedures are employedðconsolidation of fine-scale details to obtain a 

productive representation. For instance, Utah-electrode-array information can be interpreted as a 

reduced grid, where each electrode represents a miniature column. This methodology permits 

reconciling experimental measurements with theoretical representations. 

7. Interaction Deduction 

Maximum disorder principles, expanded with motion-related expressions, are applied to 

determine interactions. This permits recovering spatial and temporal relationships among neurons 

and investigating various behavioral regimes. 

8. Bio-Electronic Circuits 

The methodology proves suitable for analyzing tissue cultures, brain-inspired microchips, and 

their interactions. Discrete field frameworks permit representing these arrangements as unified hybrid 

circuits, opening pathways to novel technologies and analytical techniques. 

9. Constraints 

Primary challenges involve: 

¶ Reconciling microscopic and large-scale representations 

¶ Precision of reduction procedures 

¶ Inverse problems in high-dimensional spaces 

¶ Identifying structural interpretation of representation parameters 

10. Conclusions 

Discrete field frameworks provide a promising foundation for unifying brain measurements 

with physical representations. The introduced methodology permits obtaining a coherent multi-scale 

picture of neuronal behaviors and establishes groundwork for novel analytical techniques, productive 

representation, brain-inspired technologies, and bio-electronic arrangements. 
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DEEP NEURAL NETWORK STATE ESTIMATION WITH HYPERPARAMETER 

OPTIMIZATION.  

 
Abstract. Deep neural networks (DNNs) have recently emerged as a powerful alternative to traditional 

model-based approaches for Distribution System State Estimation (DSSE), especially in low-voltage (LV) 

grids with increasing penetration of renewable energy sources and nonlinear loads. This paper presents a 

fully data-driven DSSE method using a feed-forward neural network optimized via the Tree-structured Parzen 

Estimator (TPE) hyperparameter search. Real-world LV networks in Hungary are used to evaluate the 

approach, integrating pseudomeasurements, power consumption data, and weather variables such as solar 

radiation, temperature, and wind speed. The proposed method significantly outperforms the classical 
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Weighted Least Squares (WLS) estimator, achieving voltage amplitude and angle error reductions between 

14% and 73%, depending on the network complexity. GPU-accelerated training yields speed-ups exceeding 

20,000Ĭ compared to WLS. Furthermore, the study compares the optimized FCNN with LSTM, GRU, and 

GNN architectures, showing that hyperparameter-tuned FCNNs deliver superior performance in both 

accuracy and computational efficiency. Results confirm that hyperparameter optimization is essential for 

scaling DNN-based DSSE to real-world networks and for enabling accurate, fast, and robust state estimation 

under high uncertainty conditions.  

Keywords: distribution system state estimation; deep neural networks; hyperparameter optimization; 

TPE; low-voltage networks; renewable integration; voltage estimation. 

ɸʥʦʪʘʮʽʷ. ɻʣʠʙʦʢʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (DNN) ʜʝʜʘʣʽ ʯʘʩʪʽʰʝ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʷʢ ʘʣʴʪʝʨʥʘʪʠʚʘ 

ʪʨʘʜʠʮʽʡʥʠʤ ʤʦʜʝʣʴʥʠʤ ʤʝʪʦʜʘʤ ʦʮʽʥʶʚʘʥʥʷ ʩʪʘʥʫ ʨʦʟʧʦʜʽʣʴʥʠʭ ʝʣʝʢʪʨʦʤʝʨʝʞ (DSSE), ʦʩʦʙʣʠʚʦ ʚ 

ʥʠʟʴʢʦʚʦʣʴʪʥʠʭ ʤʝʨʝʞʘʭ ʟ ʚʠʩʦʢʦʶ ʯʘʩʪʢʦʶ ʚʽʜʥʦʚʣʶʚʘʥʠʭ ʜʞʝʨʝʣ ʝʥʝʨʛʽʾ ʪʘ ʥʝʣʽʥʽʡʥʠʭ 

ʥʘʚʘʥʪʘʞʝʥʴ. ʋ ʮʽʡ ʨʦʙʦʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʧʦʚʥʽʩʪʶ ʜʘʥʦʦʨʽʻʥʪʦʚʘʥʠʡ ʧʽʜʭʽʜ ʜʦ DSSE ʥʘ ʦʩʥʦʚʽ ʧʨʷʤʦʾ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ (FCNN), ʦʧʪʠʤʽʟʦʚʘʥʦʾ ʟʘ ʜʦʧʦʤʦʛʦʶ ʘʣʛʦʨʠʪʤʫ ʧʦʰʫʢʫ ʛʽʧʝʨʧʘʨʘʤʝʪʨʽʚ Tree-

structured Parzen Estimator (TPE). ʄʝʪʦʜ ʧʨʦʪʝʩʪʦʚʘʥʦ ʥʘ ʨʝʘʣʴʥʠʭ ʥʠʟʴʢʦʚʦʣʴʪʥʠʭ ʤʝʨʝʞʘʭ 

ʋʛʦʨʱʠʥʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʩʝʚʜʦʚʠʤʽʨʶʚʘʥʴ, ʩʧʦʞʠʚʯʠʭ ʜʘʥʠʭ ʽ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ (ʪʝʤʧʝʨʘʪʫʨʘ, 

ʩʦʥʷʯʥʘ ʨʘʜʽʘʮʽʷ, ʰʚʠʜʢʽʩʪʴ ʚʽʪʨʫ ʪʦʱʦ). ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʟʥʘʯʥʦ ʧʝʨʝʚʝʨʰʫʻ ʢʣʘʩʠʯʥʠʡ 

ʘʣʛʦʨʠʪʤ WLS, ʟʘʙʝʟʧʝʯʫʶʯʠ ʟʥʠʞʝʥʥʷ ʧʦʭʠʙʢʠ ʦʮʽʥʶʚʘʥʥʷ ʘʤʧʣʽʪʫʜʠ ʪʘ ʢʫʪʘ ʥʘʧʨʫʛʠ ʥʘ 14ï73% 

ʟʘʣʝʞʥʦ ʚʽʜ ʩʢʣʘʜʥʦʩʪʽ ʤʝʨʝʞʽ. ɿʘʚʜʷʢʠ GPU-ʧʘʨʘʣʝʣʽʟʘʮʽʾ ʜʦʩʷʛʥʫʪʦ ʧʨʠʩʢʦʨʝʥʥʷ ʥʘʚʯʘʥʥʷ ʧʦʥʘʜ 20 

000Ĭ ʧʦʨʽʚʥʷʥʦ ʟ WLS. ʊʘʢʦʞ ʧʦʨʽʚʥʷʥʦ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʦʧʪʠʤʽʟʦʚʘʥʦʾ FCNN ʽʟ LSTM, GRU ʪʘ GNN, 

ʧʨʠʯʦʤʫ FCNN ʟ ʦʧʪʠʤʽʟʦʚʘʥʠʤʠ ʛʽʧʝʨʧʘʨʘʤʝʪʨʘʤʠ ʟʘʙʝʟʧʝʯʫʻ ʥʘʡʢʨʘʱʫ ʪʦʯʥʽʩʪʴ ʪʘ ʝʬʝʢʪʠʚʥʽʩʪʴ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʢʣʶʯʦʚʫ ʨʦʣʴ ʛʽʧʝʨʧʘʨʘʤʝʪʨʠʯʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ ʜʣʷ 

ʤʘʩʰʪʘʙʫʚʘʥʥʷ DNN-ʤʝʪʦʜʽʚ DSSE ʜʦ ʨʝʘʣʴʥʠʭ LV-ʤʝʨʝʞ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʡ ʰʚʠʜʢʦʜʽʾ 

ʦʮʽʥʶʚʘʥʥʷ ʩʪʘʥʫ ʚ ʫʤʦʚʘʭ ʚʠʩʦʢʦʾ ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʦʮʽʥʶʚʘʥʥʷ ʩʪʘʥʫ ʤʝʨʝʞ; ʛʣʠʙʦʢʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ; ʦʧʪʠʤʽʟʘʮʽʷ 

ʛʽʧʝʨʧʘʨʘʤʝʪʨʽʚ; TPE; ʥʠʟʴʢʦʚʦʣʴʪʥʽ ʤʝʨʝʞʽ; ʦʮʽʥʢʘ ʥʘʧʨʫʛʠ. 

 

1. Introduction 

Within the framework of intelligent electrical grid advancement and expanding proportion of 

distributed power sources, the significance of low-tension grids has sharply increased. DSSE becomes 

an essential instrument for guaranteeing dependability and productivity of electrical infrastructure. 

Conventional techniques, including WLS, require precise grid models and demonstrate limited 

resilience to incomplete or noisy information. Information-focused approaches, notably DNN, 

possess capability to represent complex non-linear relationships, rendering them viable for practical 

implementation. However, effectiveness of such models substantially depends on appropriate 

parameter configuration. 

2. Information and Problem Formulation 

Research was conducted on four authentic LV districts in Hungary (18680, 44600, 44333, 

20667), containing 2 to 10 circuits. For DSSE, the following were utilized: 

¶ 15-minute consumption records 

¶ Meteorological information (ambient temperature, irradiance, air velocity, 

precipitation) 

¶ Pseudo-measurements 

¶ Standardization and cyclical encoding of temporal features 

Input information included demands, meteorological conditions, and temporal parameters. 

Output information consisted of potential magnitudes and phases. Training was executed on odd-

numbered weeks, validation on even-numbered weeks, allowing assessment of model generalization. 

3. Network Architectures 

3.1. FCNN (baseline model) 

Straightforward and rapid model with ReLU activation, which demonstrated optimal 

effectiveness following refinement. 

3.2. LSTM/GRU 

Productive for temporal dependencies, yet more intricate and less resilient with constrained 

information. 
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3.3. GNN 

Natural selection for representing grid topologies, yet in this investigation underperformed 

relative to refined FCNN due to elevated complexity and sensitivity to noise. 

4. TPE-Focused Refinement 

The TPE algorithm, as a Bayesian methodology, constructs probabilistic models of parameters 

for identifying optimal configurations: 

¶ Batch dimension 

¶ Learning velocity 

¶ Hidden layer arrangement 

¶ Epoch quantity 

¶ Optimizer update increment 

TPE demonstrated notably superior convergence compared to random exploration and grid 

exploration, and permitted consideration of grid magnitude: larger LV districts required greater batch 

dimensions and deeper models. 

5. Findings 

5.1. Precision 

Relative to WLS, the refined FCNN reduced discrepancies: 

¶ Potential magnitude: 14-73% 

¶ Phase: 18-65% 

5.2. Processing Speed 

GPU acceleration provided up to 20,000Ĭ faster assessment than WLS, confirming the 

technique's suitability for real-time operation. 

5.3. Architectures 

Following refinement, FCNN consistently exceeded LSTM, GRU, and GNN, particularly in 

grids with substantial circuit quantities. 

6. Conclusions 

This work demonstrates that sophisticated neural architectures can deliver highly precise and 

exceptionally rapid condition assessment for LV grids provided parameter refinement is performed. 

The FCNN+TPE technique successfully scales, surpasses traditional DSSE algorithms, and can be 

incorporated into distribution grid monitoring infrastructure, promoting dependability and 

adaptability of electrical power systems. 
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GAUSSIAN PROCESSES FOR PREDICTING PRODUCT QUALITY IN 

MANUFACTURING.  

 
Abstract. Predicting product quality in continuous manufacturing is a critical requirement for 

optimizing production processes and ensuring consistent operational performance. This study introduces an 

AI-driven solution based on a generalized product-of-experts Gaussian Process (GP) enhanced with a 

Dirichlet Process (DP) noise model. The method integrates process parameters collected along the production 

line with end-of-line quality measurements, specifically fault density. Five key criteria for effective AI 

deployment in continuous manufacturingðscalability, modularity, out-of-sample reliability, uncertainty 

quantification, and robustness to unrepresentative dataðare defined and used to evaluate existing 

approaches. Limitations of standard GP models under non-Gaussian noise are discussed, motivating the 

development of a more flexible DP-based mixture noise model capable of capturing multiple noise sources. 

The proposed framework automatically adjusts the number of mixture components and isolates low-noise 
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observations for GP regression, improving prediction accuracy while preserving analytical tractability. A 

product-of-experts strategy is introduced to ensure computational scalability. Application to a real 

manufacturing case study, supported by synthetic experiments, demonstrates superior predictive performance 

and resilience to outliers compared with standard and robust GP variants. The results confirm the suitability 

of the DP-augmented GP method for modern continuous manufacturing environments.  

Keywords: Gaussian Processes; Dirichlet Process; continuous manufacturing; product quality; noise 

modeling; product-of-experts; uncertainty quantification. 

ɸʥʦʪʘʮʽʷ. ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʷʢʦʩʪʽ ʧʨʦʜʫʢʮʽʾ ʫ ʙʝʟʧʝʨʝʨʚʥʦʤʫ ʚʠʨʦʙʥʠʮʪʚʽ ʻ ʢʣʶʯʦʚʦʶ ʫʤʦʚʦʶ 

ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʽʚ ʪʘ ʟʘʙʝʟʧʝʯʝʥʥʷ ʩʪʘʙʽʣʴʥʠʭ ʝʢʩʧʣʫʘʪʘʮʽʡʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ AI-ʦʨʽʻʥʪʦʚʘʥʝ ʨʽʰʝʥʥʷ, ʱʦ ʙʘʟʫʻʪʴʩʷ ʥʘ ʫʟʘʛʘʣʴʥʝʥʦʤʫ Gaussian 

Process (GP) ʽʟ ʰʫʤʦʚʦʶ ʤʦʜʝʣʣʶ ʥʘ ʦʩʥʦʚʽ ʧʨʦʮʝʩʫ ɼʽʨʽʭʣʝ (DP). ʄʝʪʦʜ ʧʦʻʜʥʫʻ ʪʝʭʥʦʣʦʛʽʯʥʽ 

ʧʘʨʘʤʝʪʨʠ, ʟʽʙʨʘʥʽ ʚʟʜʦʚʞ ʚʠʨʦʙʥʠʯʦʾ ʣʽʥʽʾ, ʟ ʢʽʥʮʝʚʠʤʠ ʚʠʤʽʨʶʚʘʥʥʷʤʠ ʷʢʦʩʪʽ, ʟʦʢʨʝʤʘ ʛʫʩʪʠʥʠ 

ʜʝʬʝʢʪʽʚ. ɺʠʟʥʘʯʝʥʦ ʧôʷʪʴ ʢʣʶʯʦʚʠʭ ʢʨʠʪʝʨʽʾʚ ʝʬʝʢʪʠʚʥʦʾ AI-ʽʥʪʝʛʨʘʮʽʾ ʫ ʙʝʟʧʝʨʝʨʚʥʝ ʚʠʨʦʙʥʠʮʪʚʦ: 

ʤʘʩʰʪʘʙʦʚʘʥʽʩʪʴ, ʤʦʜʫʣʴʥʽʩʪʴ, ʥʘʜʽʡʥʽʩʪʴ ʧʦʟʘ ʤʝʞʘʤʠ ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘʥʠʭ, ʢʽʣʴʢʽʩʥʘ ʦʮʽʥʢʘ 

ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ ʪʘ ʩʪʽʡʢʽʩʪʴ ʜʦ ʥʝʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʭ ʜʘʥʠʭ. ʇʦʢʘʟʘʥʦ ʦʙʤʝʞʝʥʥʷ ʩʪʘʥʜʘʨʪʥʠʭ GP-

ʤʦʜʝʣʝʡ ʚ ʫʤʦʚʘʭ ʥʝʛʘʩʽʘʥʩʴʢʦʛʦ ʰʫʤʫ, ʱʦ ʤʦʪʠʚʫʻ ʚʠʢʦʨʠʩʪʘʥʥʷ DP-ʦʨʽʻʥʪʦʚʘʥʦʾ ʟʤʽʰʘʥʦʾ ʰʫʤʦʚʦʾ 

ʤʦʜʝʣʽ, ʟʜʘʪʥʦʾ ʚʨʘʭʦʚʫʚʘʪʠ ʨʽʟʥʽ ʜʞʝʨʝʣʘ ʰʫʤʫ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʘʻ 

ʢʽʣʴʢʽʩʪʴ ʢʦʤʧʦʥʝʥʪ ʩʫʤʽʰʽ ʪʘ ʚʠʦʢʨʝʤʣʶʻ ʜʘʥʽ ʟ ʥʘʡʤʝʥʰʠʤ ʨʽʚʥʝʤ ʰʫʤʫ ʜʣʷ ʨʝʛʨʝʩʽʾ GP, 

ʧʽʜʚʠʱʫʶʯʠ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʫ ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʘʥʘʣʽʪʠʯʥʦʾ ʟʨʫʯʥʦʩʪʽ. ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ 

ʤʘʩʰʪʘʙʦʚʘʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʦ ʧʽʜʭʽʜ product-of-experts. ʈʝʟʫʣʴʪʘʪʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʦʜʝʣʽ ʜʦ 

ʨʝʘʣʴʥʦʛʦ ʚʠʨʦʙʥʠʯʦʛʦ ʢʝʡʩʫ ʪʘ ʩʠʥʪʝʪʠʯʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʜʝʤʦʥʩʪʨʫʶʪʴ ʾʾ ʧʝʨʝʚʘʛʠ ʥʘʜ 

ʩʪʘʥʜʘʨʪʥʠʤʠ ʪʘ çʨʦʙʘʩʪʥʠʤʠè GP-ʚʘʨʽʘʥʪʘʤʠ. ʆʪʨʠʤʘʥʽ ʚʠʩʥʦʚʢʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ 

DP-ʧʽʜʩʠʣʝʥʠʭ GP-ʤʦʜʝʣʝʡ ʫ ʩʫʯʘʩʥʠʭ ʫʤʦʚʘʭ ʙʝʟʧʝʨʝʨʚʥʦʛʦ ʚʠʨʦʙʥʠʮʪʚʘ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: Gaussian Process; ʧʨʦʮʝʩ ɼʽʨʽʭʣʝ; ʙʝʟʧʝʨʝʨʚʥʝ ʚʠʨʦʙʥʠʮʪʚʦ; ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʷʢʦʩʪʽ; ʤʦʜʝʣʶʚʘʥʥʷ ʰʫʤʫ; product-of-experts; ʦʮʽʥʢʘ ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ. 

 

1. Introduction 

Within continuous production systems, process variables are monitored across multiple stages 

of the production line, while quality indicatorsðspecifically defect concentrationðare measured at 

the process conclusion. Forecasting these indicators enables production optimization and quality 

enhancement. Given the expansion of data volumes and technological process complexity, 

conventional forecasting techniques have become inadequate. The authors establish five requirements 

that AI frameworks must satisfy: computational scalability, system modularity, prediction stability 

outside training datasets, quantified uncertainty assessment, and resilience to non-representative 

observations. Standard Gaussian Process (GP) frameworks do not completely fulfill these 

requirements due to assumptions regarding Gaussian noise characteristics. This motivates 

development of an alternative framework capable of handling authentic uncontrolled noise 

phenomena in production environments. 

2. Methodology 

2.1. Gaussian Process Regression 

GP regression constitutes a non-parametric probabilistic technique that yields both predicted 

values and uncertainty estimates. Unlike parametric approaches, GPs characterize distributions over 

functions and find applications across numerous domains: from machinery dynamics to robotics. 

However, the standard assumption of Gaussian noise frequently fails to correspond with authentic 

production data. 

2.2. Noise Modeling with Gaussian Mixture and Dirichlet Process 

This work introduces a Gaussian mixture distribution for characterizing data distortions. Each 

observation associates with one mixture element, where the count of these elements is determined 

through the Dirichlet Process. This approach enables the framework to automatically adapt to varying 

noise characteristics, identify high-noise observations, and prevent their influence during the 

regression phase. 

2.3. Product-of-Experts for Computational Scalability 
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To enable processing of large datasets, the framework partitions the sample into subsets and 

trains individual GP "experts," whose predictions combine into the final output. This approach 

ensures linear scalability while preserving accuracy. 

3. Results 

Simulations utilizing 150 synthetic samples corrupted with three Gaussian components 

confirmed the superiority of the Dirichlet Process GP (DPGP) framework over standard GP and 

robust GP alternatives. The RMSE metric was lowest for DPGP. Visual outputs demonstrate correct 

clustering of noise components and avoidance of excessive fitting to outlier samples. Authentic 

production data confirmed the framework's reliability: it successfully isolates the representative 

portion of the sample and ensures stable product quality forecasting. 

4. Conclusions 

The proposed framework successfully integrates the advantages of GP regression with the 

adaptability of the DP approach, delivering a comprehensive solution to challenges of computational 

scalability, noise resilience, uncertainty quantification, and data modularity. Results demonstrate its 

applicability in modern continuous production environments, where process characteristics may 

fluctuate and data may contain outliers or irregularities. 
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ARTIFICIAL NEURAL NETWORKS FOR OPTIMIZING DISTRICT HEATING 

NETWORKS. 

 

Abstract. Accurate heat demand forecasting is essential for optimizing district heating networks 

(DHNs), especially as modern systems integrate fluctuating renewable energy sources, variable weather 

patterns, and diverse consumer behaviors. This study evaluates several Artificial Neural Network (ANN) 

architecturesðincluding Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), and the 

Temporal Fusion Transformer (TFT)ðand compares them with the statistical SAR-IMAX model. Using a year-

long dataset from the Stiftung Liebenau DHN, which incorporates multiple heat sources (CHP, biomass, 

natural gas) and heterogeneous heat sinks (residential buildings, workshops, greenhouses), the models are 

tested for their ability to forecast dynamic heat loads and support operational optimization. Results show that 

CNN achieves the lowest Mean Absolute Percentage Error (MAPE)ð27% for both summer and winter, and 

17% for winter aloneðthough all ANN models are affected by data volatility and irregularities, particularly 

during peak demand events. Despite these challenges, the networks successfully capture general demand 
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patterns. An economic evaluation demonstrates that ANN-based forecasting can markedly improve energy 

efficiency and reduce operational costs due to low implementation overhead. The study highlights the potential 

of ANN-driven forecasting as a scalable, cost-effective solution for next-generation DHNs.  

Keywords: heat demand forecasting; district heating networks; artificial neural networks; energy 

efficiency; CNN; LSTM; temporal fusion transformer; confidence intervals. 

ɸʥʦʪʘʮʽʷ. ʊʦʯʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʝʧʣʦʚʦʛʦ ʥʘʚʘʥʪʘʞʝʥʥʷ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʜʣʷ 

ʦʧʪʠʤʽʟʘʮʽʾ ʨʦʙʦʪʠ ʩʠʩʪʝʤ ʮʝʥʪʨʘʣʽʟʦʚʘʥʦʛʦ ʪʝʧʣʦʧʦʩʪʘʯʘʥʥʷ (DHN), ʦʩʦʙʣʠʚʦ ʚ ʫʤʦʚʘʭ ʽʥʪʝʛʨʘʮʽʾ 

ʚʽʜʥʦʚʣʶʚʘʥʠʭ ʜʞʝʨʝʣ ʝʥʝʨʛʽʾ, ʤʽʥʣʠʚʦʩʪʽ ʧʦʛʦʜʠ ʪʘ ʨʽʟʥʦʤʘʥʽʪʥʦʩʪʽ ʧʦʚʝʜʽʥʢʠ ʩʧʦʞʠʚʘʯʽʚ. ʋ ʮʴʦʤʫ 

ʜʦʩʣʽʜʞʝʥʥʽ ʦʮʽʥʶʶʪʴʩʷ ʢʽʣʴʢʘ ʘʨʭʽʪʝʢʪʫʨ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ (ANN) ð Long Short-Term 

Memory (LSTM), Convolutional Neural Networks (CNN) ʪʘ Temporal Fusion Transformer (TFT) ð ʫ 

ʧʦʨʽʚʥʷʥʥʽ ʟʽ ʩʪʘʪʠʩʪʠʯʥʦʶ ʤʦʜʝʣʣʶ SAR-IMAX. ɼʣʷ ʪʝʩʪʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʘʥʦ ʨʽʯʥʠʡ ʥʘʙʽʨ ʜʘʥʠʭ 

ʪʝʧʣʦʤʝʨʝʞʽ Stiftung Liebenau, ʷʢʘ ʤʽʩʪʠʪʴ ʨʽʟʥʽ ʜʞʝʨʝʣʘ ʪʝʧʣʘ (CHP, ʙʽʦʤʘʩʘ, ʧʨʠʨʦʜʥʠʡ ʛʘʟ) ʽ 

ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ ʩʧʦʞʠʚʘʯʽʚ (ʞʠʪʣʦʚʽ ʙʫʜʽʚʣʽ, ʤʘʡʩʪʝʨʥʽ, ʪʝʧʣʠʮʽ). ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʫʶʪʴ, ʱʦ CNN-

ʤʦʜʝʣʴ ʟʘʙʝʟʧʝʯʫʻ ʥʘʡʥʠʞʯʠʡ MAPE ð 27% ʫʣʽʪʢʫ ʪʘ ʚʟʠʤʢʫ, ʽ 17% ʣʠʰʝ ʚʟʠʤʢʫ, ʭʦʯʘ ʪʦʯʥʽʩʪʴ ʫʩʽʭ 

ʤʦʜʝʣʝʡ ʟʘʣʝʞʠʪʴ ʚʽʜ ʚʦʣʘʪʠʣʴʥʦʩʪʽ ʪʘ ʥʝʨʝʛʫʣʷʨʥʦʩʪʽ ʜʘʥʠʭ, ʦʩʦʙʣʠʚʦ ʧʽʜ ʯʘʩ ʧʽʢʦʚʠʭ 

ʥʘʚʘʥʪʘʞʝʥʴ. ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʮʝ, ʤʦʜʝʣʽ ʫʩʧʽʰʥʦ ʚʽʜʪʚʦʨʶʶʪʴ ʟʘʛʘʣʴʥʽ ʪʝʥʜʝʥʮʽʾ ʪʝʧʣʦʚʦʛʦ ʧʦʧʠʪʫ. 

ɽʢʦʥʦʤʽʯʥʠʡ ʘʥʘʣʽʟ ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ANN-ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʦʞʝ ʩʫʪʪʻʚʦ ʧʽʜʚʠʱʠʪʠ 

ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ ʽ ʟʤʝʥʰʠʪʠ ʦʧʝʨʘʮʽʡʥʽ ʚʠʪʨʘʪʠ ʟʘʚʜʷʢʠ ʥʠʟʴʢʠʤ ʚʠʤʦʛʘʤ ʜʦ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ANN-ʦʨʽʻʥʪʦʚʘʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʻ ʤʘʩʰʪʘʙʦʚʘʥʠʤ ʽ ʝʢʦʥʦʤʽʯʥʦ 

ʚʠʛʽʜʥʠʤ ʨʽʰʝʥʥʷʤ ʜʣʷ ʪʝʧʣʦʚʠʭ ʤʝʨʝʞ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʝʧʣʦʚʦʛʦ ʥʘʚʘʥʪʘʞʝʥʥʷ; ʪʝʧʣʦʚʽ ʤʝʨʝʞʽ; ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ 

ʤʝʨʝʞʽ; ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ; CNN; LSTM; Temporal Fusion Transformer. 

 

1. Introduction 

Centralized thermal distribution systems are transitioning toward fourth-generation network 

concepts, which involve utilizing renewable power sources, reduced-temperature operational modes, 

and enhanced adaptability. Such transformation imposes fresh requirements on thermal load 

prediction, since contemporary DHNs feature significant consumer diversity and dynamic operational 

pattern changes. Conventional statistical prediction methods prove insufficiently accurate, whereas 

deep learning models can simulate complex nonlinear dependencies in temporal sequences. This 

makes them promising tools for improving thermal network operational efficiency. 

2. Case Study: Stiftung Liebenau DHN 

The thermal distribution network is characterized by: 

¶ Multiple thermal generators (combined heat and power, biomass, methane) 

¶ Broad spectrum of consumers (dwelling structures, cultivation facilities, 

manufacturing premises) 

¶ Twelve-month data collection with resolution suitable for modeling temporal 

dynamics 

Statistical and machine learning approaches were utilized for comparing prediction 

capabilities. 

3. Deep Learning Model Architectures 

3.1. CNN 

Delivers optimal MAPE through effective extraction of localized temporal patterns. 

3.2. LSTM 

Performs well with extended-term dependencies but represents a computationally demanding 

architecture. 

3.3. Temporal Fusion Transformer (TFT) 

Contemporary architecture developed specifically for temporal sequence prediction and 

ensuring interpretability. 
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4. Single-Step and Autoregressive Predictions 

Two methodologies were investigated: 

¶ Single-step prediction of entire horizon 

¶ Step-by-step autoregressive forecasting 

The autoregressive methodology exhibited sensitivity to error accumulation, whereas the 

single-step approach provided more stable outcomes. 

5. Modeling Results 

¶ CNN achieved MAPE = 27% for warm and cold seasons, and 17% exclusively 

for cold season 

¶ All architectures are susceptible to data volatility 

¶ Maximum loads are predicted least accurately, but overall trend is reproduced 

correctly 

¶ TFT interpretability makes it valuable for operational analysis 

6. Financial Analysis 

Substantial power efficiency improvement was established when applying deep learning 

prediction, specifically: 

¶ Optimization of thermal generator operations 

¶ Reduction of operational expenses 

¶ Rapid payback due to minimal investments 

7. Conclusions 

Deep learning-oriented architectures can become essential tools for next-generation thermal 

networks, providing more precise prediction, power efficiency, and economic advantages. Although 

the architectures have limitations during peak prediction, overall accuracy and minimal deployment 

requirements make them promising for practical implementation. 
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EVALUATING HYBRID APPROACH TO MISSING DATA IMPUTATION IN 

COMPARISON WITH GENERATIVE MODELS . 

 
Abstract. Missing data remain one of the most common challenges in data analysis and machine-

learning applications, with their occurrence resulting from human errors, sensor failures, or research-specific 

limitations. Improper handling of missing values reduces the quality of datasets and negatively affects the 

performance of predictive models. This study proposes and evaluates a hybrid imputation approach that 

combines generative and statistical methodsðnamely, a Variational Autoencoder (VAE) used as a feature 

extractor and the Multiple Imputation by Chained Equations (MICE) algorithm. The hybrid method is 

compared with classical statistical techniques (multiple imputation and Gaussian mixture model) and three 

generative approaches. Artificial missingness (MCAR, MAR, MNAR) with 10%, 30% and 50% missingness 

rates was applied to an air-quality dataset. Results show that the hybrid approach offers stable performance 

across all mechanisms, outperforming all methods under the 50% MCAR condition and achieving accuracy 

comparable to classical benchmarks in most scenarios. Generative approaches demonstrated lower stability, 

with VAE showing the most significant variance. The findings highlight the potential of hybrid models for 

robust imputation tasks, especially when balancing generative flexibility with statistical reliability.  
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Keywords: missing data, imputation methods, machine learning, generative models, hybrid 

imputation. 

ɸʥʦʪʘʮʽʷ. ʇʨʦʧʫʱʝʥʽ ʜʘʥʽ ʻ ʦʜʥʽʻʶ ʟ ʥʘʡʧʦʰʠʨʝʥʽʰʠʭ ʧʨʦʙʣʝʤ ʫ ʟʘʜʘʯʘʭ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʪʘ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʧʨʠʯʠʥʠ ʷʢʦʾ ʤʦʞʫʪʴ ʦʭʦʧʣʶʚʘʪʠ ʣʶʜʩʴʢʽ ʧʦʤʠʣʢʠ, ʪʝʭʥʽʯʥʽ ʟʙʦʾ ʘʙʦ 

ʦʩʦʙʣʠʚʦʩʪʽ ʧʨʦʚʝʜʝʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ. ʅʝʢʦʨʝʢʪʥʘ ʦʙʨʦʙʢʘ ʧʨʦʧʫʩʢʽʚ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʛʽʨʰʝʥʥʷ 

ʷʢʦʩʪʽ ʜʘʥʠʭ ʽ ʟʥʠʞʝʥʥʷ ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʠʡ ʧʽʜʭʽʜ 

ʜʦ ʟʘʧʦʚʥʝʥʥʷ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ, ʱʦ ʧʦʻʜʥʫʻ ʛʝʥʝʨʘʪʠʚʥʽ ʪʘ ʩʪʘʪʠʩʪʠʯʥʽ ʤʝʪʦʜʠ: ʚʘʨʽʘʮʽʡʥʠʡ 

ʘʚʪʦʝʥʢʦʜʝʨ (VAE), ʚʠʢʦʨʠʩʪʘʥʠʡ ʷʢ ʛʝʥʝʨʘʪʦʨ ʣʘʪʝʥʪʥʠʭ ʦʟʥʘʢ, ʪʘ ʘʣʛʦʨʠʪʤ ʤʥʦʞʠʥʥʦʾ ʽʤʧʫʪʘʮʽʾ 

MICE. ʄʝʪʦʜ ʧʦʨʽʚʥʶʻʪʴʩʷ ʟ ʢʣʘʩʠʯʥʠʤʠ ʩʪʘʪʠʩʪʠʯʥʠʤʠ ʧʽʜʭʦʜʘʤʠ (ʤʥʦʞʠʥʥʘ ʽʤʧʫʪʘʮʽʷ ʪʘ 

ʛʘʫʩʽʚʩʴʢʘ ʩʫʤʽʰ) ʽ ʪʨʴʦʤʘ ʛʝʥʝʨʘʪʠʚʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ. ʅʘ ʜʘʪʘʩʝʪʽ ʧʘʨʘʤʝʪʨʽʚ ʷʢʦʩʪʽ ʧʦʚʽʪʨʷ 

ʪhʫʯʥʦ ʟʛʝʥʝʨʦʚʘʥʦ ʧʨʦʧʫʩʢʠ (MCAR, MAR, MNAR) ʟ ʽʥʪʝʥʩʠʚʥʽʩʪʶ 10%, 30% ʪʘ 50%. ʈʝʟʫʣʴʪʘʪʠ 

ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʛʽʙʨʠʜʥʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʩʪʘʙʽʣʴʥʫ ʷʢʽʩʪʴ ʟʘʧʦʚʥʝʥʥʷ ʚ ʫʩʽʭ ʤʝʭʘʥʽʟʤʘʭ 

ʧʨʦʧʫʩʢʽʚ, ʧʝʨʝʚʝʨʰʫʶʯʠ ʽʥʰʽ ʤʝʪʦʜʠ ʫ ʩʮʝʥʘʨʽʾ MCAR 50% ʪʘ ʧʦʢʘʟʫʶʯʠ ʪʦʯʥʽʩʪʴ, ʩʧʽʚʩʪʘʚʥʫ ʟ 

ʢʣʘʩʠʯʥʠʤʠ ʤʝʪʦʜʘʤʠ ʚ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ. ɻʝʥʝʨʘʪʠʚʥʽ ʤʦʜʝʣʽ ʚʠʷʚʠʣʠ ʥʠʞʯʫ ʩʪʘʙʽʣʴʥʽʩʪʴ, ʟʦʢʨʝʤʘ 

ʙʘʟʦʚʠʡ VAE. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʛʽʙʨʠʜʥʠʭ ʧʽʜʭʦʜʽʚ ʫ ʟʘʜʘʯʘʭ 

ʽʤʧʫʪʘʮʽʾ ʜʘʥʠʭ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʧʨʦʧʫʱʝʥʽ ʜʘʥʽ, ʤʝʪʦʜʠ ʟʘʧʦʚʥʝʥʥʷ, ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, ʛʝʥʝʨʘʪʠʚʥʽ ʤʦʜʝʣʽ, 

ʛʽʙʨʠʜʥʘ ʽʤʧʫʪʘʮʽʷ. 

 

Problem Statement 

Processing missing data is a well-known problem in data analysis and machine learning 

because it is common, exists in any scientific field, and is particularly relevant in machine learning 

since many models initially expect complete data for training. The main task of missing data 

imputation methods is to solve these problems by filling in the gaps with plausible values. There is a 

wide variety of imputation methods, including simple ones such as mean or median imputation and 

traditional statistical ones such as multiple imputation or the EM algorithm. Modern research on this 

topic often considers generative methods, i.e., methods based on generative artificial intelligence 

algorithms and models. Examples of such approaches include the use of variational autoencoders, 

adversarial models, and transformer models.  

The task of missing data imputation is defined as follows: let there be a dataset Ὀ, which is a 

matrix of observations, and variables are given as columns. The goal is to find a function Ὂὼ that 

will fill in the missing data using the available observed data. 

To formalize different kinds of missing data, the concept of a missing data mechanism is used. 

It is a description of the relationship between missing and available data. According to the most 

common classification, there are three types of mechanisms [1]:  

- Missing at random (MAR) - an assumption that the probability of missing data 

for variable ὣ depends on the values of other characteristics, but does not depend on the value 

of ὣ itself; 

- Missing completely at random (MCAR) - an assumption that the probability of 

missing data for variable ὣ does not depend on the values of other characteristics and does 

not depend on the value of ὣ itself; 

- Missing not at random (MNAR) - an assumption that the probability of missing 

data for variable ὣ depends on the values of other characteristics, as well as on the values of 

ὣ itself; 

Imputation methods typically require one of these assumptions to be true in order to work. 

Analysis of Recent Publications 

Generative Adversarial Networks (GANs) have been successfully adapted to address the 

challenge of missing data processing. The core concept involves training a generator to impute 

missing values while a discriminator learns to distinguish between artificially generated imputations 
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and actual observations. GAIN framework proposed by Yoon, Jordon, and van der Schaar (2018) [2] 

is an important contribution in this direction. The authors introduced a "hint" mechanism where the 

discriminator receives partial information about the missingness mask. This focuses the discriminator 

on specific data regions and guides the generator to reproduce the underlying data distribution rather 

than exploit trivial signals about which values were missing. Experimental results demonstrate that 

GAIN outperforms effective classical imputation methods; however, its training process is 

complicated due to the necessity of maintaining balance between the generator and discriminator. 

Furthermore, the baseline GAIN architecture does not support multiple imputation and has not been 

extensively validated under missingness mechanisms other than MCAR. 

Subsequent research has proposed various modifications to address the limitations of the 

GAIN architecture. Notably, the MisGAN model (Li et al., 2019) [3] utilizes an approach with two 

generators where one is used for complete data, while the other for missingness masks which enables 

the model to effectively handle complex missingness mechanisms, including MNAR. Another 

modification, MI-GAN (Dai et al., 2021), integrates GAN principles with the concept of multiple 

imputation, where a conditional generator produces several plausible values for each missing entry. 

This facilitates more accurate statistical inferences [4]. While MI-GAN yielded results comparable to 

existing algorithms under MAR conditions, it demonstrated superior performance in statistical 

analysis and computational efficiency. 

Variational Autoencoders (VAEs) and related latent variable models offer an alternative 

probabilistic imputation strategy by modeling the complete data distribution and deriving posterior 

distributions for missing values. Since VAE components are trained to maximize likelihood, these 

models naturally provide distributions of potential imputations rather than single point estimates. The 

general approach involves training the model on complete or near-complete data (with appropriate 

modifications), followed by sampling missing values from the conditional distribution using observed 

features during imputation. A prominent example is MIWAE (Mattei & Frellsen, ICML 2019) [5], 

which demonstrates the capacity of VAE-based frameworks to not only outperform simple methods 

but also compete with GAN-based approaches, particularly when quantifying probabilistic 

uncertainty is required. 

In Handling Incomplete Heterogeneous Data using VAEs, Nazabal et al. (2020) proposed the 

Heterogeneous-Incomplete VAE (HI-VAE), which employs distinct probabilistic models for 

different feature types (Gaussian for continuous, categorical for discrete) and explicitly accounts for 

the missingness mechanism [6]. Results indicate that HI-VAE provides accurate imputation for mixed 

data types and remains effective even in MNAR scenarios by treating missingness as a part of the 

generative model. 

Leveraging variational autoencoders for multiple data imputation (Roskams-Hieter et al., 

2022) highlights a significant limitation of VAEs: in multiple imputation tasks, standard VAEs often 

underestimate uncertainty, yielding overly "confident" imputations [7]. This is particularly evident 

with extreme values and broad distributions, where the model tends to converge around the mean. To 

address this, ɓ-VAE was proposed, where a hyperparameter ɓ, selected via cross-validation, 

intensifies the regularization of deviation from the prior distribution. This modification broadens the 

distributions, allowing for a better exploration of plausible imputation variability. It also prevents 

false discoveries in subsequent analysis that might appear if imputed values are treated as ground 

truth. The study emphasizes that while deep generative models theoretically model uncertainty, in 

practice they require careful tuning. 

Transformer models have also become a promising tool for tabular data imputation. Their 

advantage lies in the ability to model complex dependencies between features through attention 

mechanisms and to handle various missingness types by treating missingness indicators as additional 
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features. The ReMasker model (Du et al., 2023) extends the BERT masking approach: during 

training, both natural missing values and artificially masked values are treated as special tokens, and 

the transformer learns to recover the corresponding original data [8]. Once the model learns to predict 

these masked elements, it effectively handles real missing values [9]. Empirical evidence suggests 

that ReMasker can match or exceed the accuracy of state-of-the-art methods, with imputation quality 

reportedly improving as the proportion of missing values increases [8, 9]. This is attributed to multi-

head self-attention, which forms missingness-invariant representations and captures complicated 

feature correlations. 

A distinct direction of research focuses on modifying transformer architectures specifically 

for tabular data. An example is the Not Another Imputation Method (NAIM), a transformer designed 

to train directly on incomplete data without prior imputation [10]. NAIM employs two key 

mechanisms: feature embeddings that encode both numerical and categorical values (including 

explicit representations of missingness) and a modified self-attention algorithm that completely 

masks contributions from missing values. Consequently, the model becomes "aware" of the 

missingness structure, preventing missing values from influencing other features through attention 

weights. Additionally, NAIM utilizes a novel regularization scheme to improve generalization on 

incomplete training sets [9]. 

In summary, the literature review demonstrates the significant potential of generative methods 

for missing data imputation. However, each approach possesses inherent limitations, and the selection 

of an appropriate method must consider practical factors, including the missingness mechanism, 

tuning complexity, and computational costs. 

Unsolved Parts of the Problem 

While a lot of generative imputation models have been thoroughly explored the concept of 

hybrid methods is significantly more rarely addressed. The core idea of hybrid models is to combine 

strong sides of both statistical and generative approaches in order to resolve common issues of both 

categories. Theoretically, hybrid approaches hold potential to mitigate the training instability and 

mode collapse that are often observed in pure deep learning approaches which would make them 

easier to train and improve their imputation performance. For the traditional approaches the potential 

of hybrid modifications lies in resolving their assumptions and limitations such as the assumption of 

Gaussian data for GMM or the ñcurse of dimensionalityò where the model performance degrades as 

the number of features increases relatively to the number of observations.  

Purpose and objectives of the Study 

The goal of this work is to propose and evaluate the performance of a hybrid method relatively 

to straightforward generative imputation approaches and classical approaches in the context of 

preprocessing data in a forecasting task. The selected dataset is a numerical dataset of air quality 

parameters (Beijing PRSA), containing 35,952 observations and covering the period from January 1, 

2010, to December 31, 2014. Artificial missingness was introduced in the two continuous variables 

at 10%, 30% and 50% missingness rates for every mechanism which yielded a grid of 3x3 datasets.  

Presentation of the Main Research Material 

The proposed hybrid imputation approach is built around the idea to combine VAE model 

with MICE. The implementation consists of two steps: VAE is trained in order to extract latent 

features that are used as augmentation for existing dataset before MICE imputation is applied. 
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Fig. 1. Flowchart of hybrid approach 

In the first phase the initial step addresses the VAE requirement to have a complete input 

matrix. For this a simple mean imputation is used on the dataset ὢ to create a ñwarm-startò dataset 

ὢ . This matrix is used as the training dataset for VAE. The model is optimized using the Adam 

algorithm by minimizing a composite objective function comprising a reconstruction loss and a 

regularization term. Specifically, Mean Squared Error (MSE) quantifies the reconstruction fidelity, 

while the Kullback-Leibler (KL) divergence penalizes deviations between the encoderôs learned 

distribution and a standard normal prior. Following the training phase, the encoder operates 

deterministically. The pre-imputed matrix ὢ  is mapped through the encoder to extract the latent 

mean vectors ‘, which are aggregated to construct the latent feature matrix ὒ. 
In the second phase, the original incomplete dataset, ὢ, is augmented via the concatenation of 

the VAE-generated latent features ὒ. This creates an augmented matrix ὢ .It is important that the 

latent features are fully observed and thus provide a holistic representation of the underlying data 

manifold. MICE is then applied to this augmented matrix. MICE models each variable with missing 

entries as a dependent variable that is conditioned on the remaining original and latent features. In 

this implementation a Random Forest Regressor was used as the predictive estimator. The algorithm 

iteratively cycles through columns until a convergence criterion is reached. As the final step the latent 

features are discarded and the result is the imputed dataset ὢ . 

The hybrid method, 2 traditional methods and 3 generative approaches were used on each 

dataset with artificial missingness to create imputed datasets which were the training sets for 4 

predictive models: linear regression, XGBoost, Random Forest and LightGBM. The figures below 

present the value of RMSE for the 4 predictive models trained on the imputed dataset of each type. 
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Fig 2. RMSE by imputation method and model for MAR and MCAR datasets 

For MAR scenario VAE-MICE showed comparable performance to classical methods, 

however MICE was still the top performing method followed by GMM and VAE-MICE. At the same 

time, all three generative models lagged behind considerably. For MCAR the performance of methods 

was generally comparable at 10% and 30% missingness with more noticeable differences at 50% 

where the best-performing model was achieved with VAE-MICE method that outperformed both 

classical methods.  
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Fig 3. RMSE by imputation method and model for MNAR datasets 

In MNAR scenario MICE was again the top performer achieving the best LightGBM model. 

Among generative methods VAE model displayed a notable instability having a significant 

performance drop on 50% missingness. Oppositely, VAE-MICE was proven to be more effective by 

being able to avoid this performance collapse and yielding a LightGBM model that is comparable 

with GMM and GAIN results.   

Furthermore, two trends were consistently observed across all missingness mechanisms: 

¶ Positive correlation with missingness rates: Predictive performance 

demonstrated a monotonic improvement as the proportion of missing data increased. This 

diverges from the conventional wisdom that higher rates of missingness inherently complicate 

the imputation task. A possible explanation is that imputation. regardless of the specific 

algorithm, adds a smoothing or regularizing effect which simplifies the feature space for 

predictive models. 

¶ Positive correlation with mechanism difficulty: The highest predictive 

accuracy was achieved using data imputed under the MNAR condition, followed by MAR, 

with MCAR yielding the comparatively lowest (albeit still robust) performance. This 

challenges the common assumption that MCAR is the "easiest" condition to handle. However, 

it is possible that this trend would not be observed in a different MNAR implementation. 

CONCLUSIONS. 

In this study we investigated the performance of several generative approaches to missing data 

imputation problem in comparison with classical methods and proposed a hybrid approach. The 

methods were evaluated on a pollution prediction task.   

In the evaluation across all missingness mechanisms, classical methods consistently exhibited 

strong and reliable performance with MICE being the most powerful method. While the studied 

generative models generally yielded suboptimal performance, the proposed hybrid approach 

demonstrated a notable improvement, bridging the gap between two categories.  

The hybrid model achieved predictive accuracy comparable to classical benchmarks in the 

majority of experimental scenarios and outperformed all competing methods under the 50% MCAR 

condition. The difference in VAE performance between the basic version and its use as part of a 

hybrid method suggests that VAE's primary strength in imputation tasks may lie in its capability as a 
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feature extractor rather than as a standalone imputer. Overall, these findings underscore the significant 

potential of hybrid approaches in missing data imputation research. 
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NEURAL NETWORK VERIFICATION IN CLOSED -LOOP SYSTEMS USING 

INTERVAL ARITHMETIC.  

 
Abstract. Machine learning methods are increasingly used to develop high-performance controllers 

for cyber-physical systems (CPS), yet their deployment in safety-critical environments raises concerns 

regarding trustworthiness and verifiability. This work presents a hybrid approach that combines interval 

arithmetic with theorem-proving techniques to verify neural networkïbased controllers embedded in closed-

loop systems. Interval arithmetic is used to compute guaranteed bounds on neural network outputs for bounded 

input ranges, while formal verification in higher-order logic provides provable guarantees on system-level 

safety properties. The approach is applied to an autonomous-driving use case in which a model-predictive 

controller (MPC) for adaptive cruise control is replaced by a neural network surrogate trained on MPC-

generated data. Automatic generation of PVS theories from PyTorch models is introduced, enabling scalable 
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and systematic formalization of neural networks with moderate size. Experimental results show that open-loop 

interval-based verification achieves faster verification times than existing SMT- and abstraction-based tools, 

while maintaining soundness. The combined method successfully formalizes and verifies safety constraints in 

the closed-loop setting, demonstrating the feasibility of rigorous verification for neural network controllers in 

practical CPS applications.  

Keywords: neural network verification; interval arithmetic; cyber-physical systems; theorem proving; 

adaptive cruise control; formal methods; safety-critical systems. 

ɸʥʦʪʘʮʽʷ. ʄʝʪʦʜʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʝʜʘʣʽ ʯʘʩʪʽʰʝ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʩʪʚʦʨʝʥʥʷ 

ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʠʭ ʢʦʥʪʨʦʣʝʨʽʚ ʫ ʢʽʙʝʨʬʽʟʠʯʥʠʭ ʩʠʩʪʝʤʘʭ (CPS), ʧʨʦʪʝ ʾʭ ʽʥʪʝʛʨʘʮʽʷ ʫ ʢʨʠʪʠʯʥʦ 

ʚʘʞʣʠʚʽ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʧʠʪʘʥʥʷʤʠ ʜʦʚʽʨʠ ʪʘ ʬʦʨʤʘʣʴʥʦʾ ʚʝʨʠʬʽʢʘʮʽʾ. ʋ ʨʦʙʦʪʽ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʠʡ ʧʽʜʭʽʜ, ʱʦ ʧʦʻʜʥʫʻ ʽʥʪʝʨʚʘʣʴʥʫ ʘʨʠʬʤʝʪʠʢʫ ʪʘ ʤʝʪʦʜʠ ʜʦʚʝʜʝʥʥʷ ʪʝʦʨʝʤ 

ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʢʦʥʪʨʦʣʝʨʽʚ, ʚʙʫʜʦʚʘʥʠʭ ʫ ʢʦʥʪʫʨʠ ʟʚʦʨʦʪʥʦʛʦ ʟʚôʷʟʢʫ. ɯʥʪʝʨʚʘʣʴʥʘ 

ʘʨʠʬʤʝʪʠʢʘ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʦʙʯʠʩʣʝʥʥʷ ʛʘʨʘʥʪʦʚʘʥʠʭ ʤʝʞ ʚʠʭʽʜʥʠʭ ʟʥʘʯʝʥʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ 

ʧʨʠ ʦʙʤʝʞʝʥʠʭ ʜʽʘʧʘʟʦʥʘʭ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ, ʪʦʜʽ ʷʢ ʬʦʨʤʘʣʴʥʘ ʚʝʨʠʬʽʢʘʮʽʷ ʫ ʣʦʛʽʮʽ ʚʠʱʠʭ ʧʦʨʷʜʢʽʚ 

ʟʘʙʝʟʧʝʯʫʻ ʜʦʚʝʜʝʥʥʷ ʩʠʩʪʝʤʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ ʙʝʟʧʝʢʠ. ʇʽʜʭʽʜ ʟʘʩʪʦʩʦʚʘʥʦ ʜʦ ʢʝʡʩʫ ʘʚʪʦʥʦʤʥʦʛʦ 

ʢʝʨʫʚʘʥʥʷ, ʜʝ ʤʦʜʝʣʴʥʦ-ʧʨʝʜʠʢʪʠʚʥʠʡ ʢʦʥʪʨʦʣʝʨ (MPC) ʘʜʘʧʪʠʚʥʦʛʦ ʢʨʫʾʟ-ʢʦʥʪʨʦʣʶ ʟʘʤʽʥʝʥʦ 

ʥʝʡʨʦʥʥʦʶ ʤʝʨʝʞʝʶ, ʥʘʚʯʝʥʦʶ ʥʘ ʚʠʭʦʜʘʭ MPC. ʇʨʝʜʩʪʘʚʣʝʥʦ ʽʥʩʪʨʫʤʝʥʪ ʘʚʪʦʤʘʪʠʯʥʦʾ ʛʝʥʝʨʘʮʽʾ 

ʪʝʦʨʽʡ PVS ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʝʡ PyTorch, ʱʦ ʨʦʙʠʪʴ ʤʦʞʣʠʚʠʤ ʤʘʩʰʪʘʙʦʚʘʥʝ ʬʦʨʤʘʣʴʥʝ ʦʧʠʩʘʥʥʷ 

ʥʝʡʨʦʤʝʨʝʞ ʩʝʨʝʜʥʴʦʛʦ ʨʦʟʤʽʨʫ. ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʫʶʪʴ, ʱʦ ʽʥʪʝʨʚʘʣʴʥʦ-ʦʨʽʻʥʪʦʚʘʥʘ ʚʝʨʠʬʽʢʘʮʽʷ ʫ 

ʚʽʜʢʨʠʪʦʤʫ ʢʦʥʪʫʨʽ ʧʨʘʮʶʻ ʰʚʠʜʰʝ, ʥʽʞ ʩʫʯʘʩʥʽ SMT- ʽ ʘʙʩʪʨʘʢʮʽʡʥʽ ʤʝʪʦʜʠ, ʟʙʝʨʽʛʘʶʯʠ ʩʪʨʦʛʽʩʪʴ. 

ʂʦʤʙʽʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʫʩʧʽʰʥʦ ʬʦʨʤʘʣʽʟʫʻ ʪʘ ʧʝʨʝʚʽʨʷʻ ʚʠʤʦʛʠ ʙʝʟʧʝʢʠ ʫ ʟʘʤʢʥʝʥʦʤʫ ʢʦʥʪʫʨʽ, 

ʜʝʤʦʥʩʪʨʫʶʯʠ ʤʦʞʣʠʚʽʩʪʴ ʟʘʩʪʦʩʫʚʘʥʥʷ ʬʦʨʤʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʜʣʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʢʦʥʪʨʦʣʝʨʽʚ ʫ 

ʨʝʘʣʴʥʠʭ CPS.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʚʝʨʠʬʽʢʘʮʽʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ; ʽʥʪʝʨʚʘʣʴʥʘ ʘʨʠʬʤʝʪʠʢʘ; ʢʽʙʝʨʬʽʟʠʯʥʽ 

ʩʠʩʪʝʤʠ; ʜʦʚʝʜʝʥʥʷ ʪʝʦʨʝʤ; ʘʜʘʧʪʠʚʥʠʡ ʢʨʫʾʟ-ʢʦʥʪʨʦʣʴ; ʬʦʨʤʘʣʴʥʽ ʤʝʪʦʜʠ; ʙʝʟʧʝʢʘ. 

 

1. Introduction 

Artificial neural networks are progressively utilized as regulation elements in CPS, 

particularly within autonomous navigation, industrial process control, and healthcare applications. 

Although such architectures deliver superior efficiency and capability to approximate complex 

behavioral patterns, the challenge of their dependability under critical operational conditions remains 

unresolved. Direct training approaches do not ensure adherence to protection constraints, and 

conventional validation techniques frequently fail to scale for production-grade networks. Within this 

framework, a combined approach is proposed that integrates range-based mathematics for computing 

output boundaries of neural networks and formal validation for examining feedback-loop behavior. 

2. Survey of Contemporary Approaches 

Primary directions in neural network validation encompass: 

¶ SMT-driven instruments capable of handling ReLU-based architectures 

¶ Hybrid automaton frameworks for more complex activation functions 

(sigmoid, tanh) 

¶ Simulation-oriented techniques such as Monte-Carlo sampling 

¶ Sensitivity examination and regional validation procedures 

Despite these advances, existing solutions encounter difficulties with scalability and absence 

of rigorous assurances. Consequently, combining diverse formal approaches represents a promising 

direction. 

3. Formal Architecture and Range-Based Mathematics 

This research employs PVS for representing neural networks within higher-order reasoning 

frameworks. Feed-forward architectures are characterized as sequences of matrix operations with 

schematically specified activations. Range-based input representations enable derivation of assured 

output boundaries for individual layers. Range computations are executed through a specialized 

IntervalTensor class, incorporated into PyTorch without modifying the original framework. 

4. Automated Formalization Construction 

The proposed Python instrument automatically converts networks from PyTorch into 

corresponding PVS formalizations. This enables: 
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¶ Elimination of manual specification for large-scale architectures 

¶ Reduction of formalization errors 

¶ Validation capability for networks containing approximately 60-70 processing 

units 

To minimize over-approximation, linear activations are recommended, though the technique 

functions with nonlinear variants as well. 

5. Application to Intelligent Speed Regulation 

A scenario is examined where MPC is substituted with an artificial neural network accepting 

three parameters: relative velocity, separation distance, and ego-vehicle speed, producing 

acceleration commands. The network was trained using MSE-based optimization, achieving 

MSE=0.034. 

Through range-based mathematics, it was confirmed that network outputs consistently remain 

within protection boundaries for all permissible inputs, including scenarios involving hazardous 

proximity to leading vehicles. 

6. Findings 

¶ Range-oriented validation executes faster than SMT-based techniques (reduced 

computational overhead) 

¶ Integration of range-based methods and formal proofs delivers rigorous 

assurances for feedback-control configurations 

¶ Automated formalization construction enables examination of production 

systems rather than merely simplified examples 

7. Conclusions 

The proposed methodology demonstrates effectiveness in combining range-based 

mathematics and formal validation when examining artificial neural networks in feedback-control 

architectures. The technique is scalable, integrated with PyTorch, and suitable for validating 

production-grade CPS regulators. Future developments include optimization of range-based 

computations, GPU acceleration, and modeling of more sophisticated vehicular dynamics. 
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Trondheim, Norway).  

 

MULTI -TASK LEARNING WITH LEARNED CONTEXTUAL INPUTS.  

 

Abstract. This paper investigates a multi-task learning architecture based on learned contextual 

inputs, where a fully shared neural network is augmented with low-dimensional, trainable task-specific 

parameter vectors. These vectors act as contextual inputs to the network, enabling efficient task adaptation 

without modifying shared weights. The study presents theoretical results showing that even a single scalar task 

parameter allows universal approximation across all tasksðproviding an expressiveness advantage over 

conventional architectures. Empirical evaluations across ten datasets demonstrate that the dimensionality of 

task parameters correlates with task complexity, yet compact low-dimensional task spaces are practical for 

most applications. Learned contexts yield stable and well-structured task parameter spaces, supporting 

workflows such as updating models with new data, integrating unseen tasks, and adapting to time-varying 

conditions while keeping shared parameters fixed. Experiments comparing learned-context networks with 

context-sensitive and last-layer networks show competitive performance, especially on limited datasets where 

learned-context models exhibit superior robustness. The architecture is particularly suitable for engineering 
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systems with multiple structurally similar tasks and sparse data, enabling efficient model maintenance, 

reduced retraining requirements, and resilient task adaptation.  

Keywords: learned-context neural networks; multi-task learning; universal approximation; task-

specific parameters; model updating; data efficiency; contextual inputs. 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʘʨʭʽʪʝʢʪʫʨʫ ʤʫʣʴʪʠʟʘʜʘʯʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʱʦ ʙʘʟʫʻʪʴʩʷ ʥʘ 

ʢʦʥʪʝʢʩʪʫʘʣʴʥʠʭ ʚʭʽʜʥʠʭ ʧʘʨʘʤʝʪʨʘʭ, ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ. ɺʦʥʘ ʧʦʻʜʥʫʻ ʧʦʚʥʽʩʪʶ ʩʧʽʣʴʥʫ ʥʝʡʨʦʥʥʫ 

ʤʝʨʝʞʫ ʟ ʥʠʟʴʢʦʚʠʤʽʨʥʠʤʠ ʚʝʢʪʦʨʘʤʠ ʧʘʨʘʤʝʪʨʽʚ ʟʘʜʘʯʽ, ʷʢʽ ʚʠʢʦʥʫʶʪʴ ʨʦʣʴ ʜʦʜʘʪʢʦʚʠʭ 

ʢʦʥʪʝʢʩʪʫʘʣʴʥʠʭ ʚʭʦʜʽʚ ʽ ʜʦʟʚʦʣʷʶʪʴ ʝʬʝʢʪʠʚʥʦ ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʢʦʥʢʨʝʪʥʠʭ ʟʘʜʘʯ ʙʝʟ ʟʤʽʥʠ 

ʩʧʽʣʴʥʠʭ ʚʘʛ. ʊʝʦʨʝʪʠʯʥʦ ʧʦʢʘʟʘʥʦ, ʱʦ ʥʘʚʽʪʴ ʦʜʠʥ ʩʢʘʣʷʨʥʠʡ ʧʘʨʘʤʝʪʨ ʟʘʜʘʯʽ ʟʘʙʝʟʧʝʯʫʻ ʫʥʽʚʝʨʩʘʣʴʥʫ 

ʘʧʨʦʢʩʠʤʘʮʽʶ ʜʣʷ ʚʩʴʦʛʦ ʥʘʙʦʨʫ ʟʘʜʘʯ ð ʧʝʨʝʚʘʛʘ, ʷʢʦʾ ʪʨʘʜʠʮʽʡʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʥʝ ʛʘʨʘʥʪʫʶʪʴ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʜʝʩʷʪʠ ʥʘʙʦʨʘʭ ʜʘʥʠʭ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʨʦʟʤʽʨʥʽʩʪʴ ʧʘʨʘʤʝʪʨʽʚ 

ʟʘʜʘʯʽ ʢʦʨʝʣʶʻ ʟʽ ʩʢʣʘʜʥʽʩʪʶ ʟʘʜʘʯ, ʧʨʦʪʝ ʥʠʟʴʢʦʚʠʤʽʨʥʠʡ ʧʨʦʩʪʽʨ ʧʘʨʘʤʝʪʨʽʚ ʟʘʟʚʠʯʘʡ ʻ ʜʦʩʪʘʪʥʽʤ. 

ʆʪʨʠʤʘʥʽ ʢʦʥʪʝʢʩʪʠ ʬʦʨʤʫʶʪʴ ʩʪʨʫʢʪʫʨʦʚʘʥʠʡ ʧʨʦʩʪʽʨ ʧʘʨʘʤʝʪʨʽʚ, ʱʦ ʨʦʙʠʪʴ ʤʦʞʣʠʚʠʤʠ ʪʘʢʽ 

ʦʧʝʨʘʮʽʾ, ʷʢ ʦʥʦʚʣʝʥʥʷ ʤʦʜʝʣʝʡ ʟʘ ʥʘʜʭʦʜʞʝʥʥʷʤ ʥʦʚʠʭ ʜʘʥʠʭ, ʽʥʪʝʛʨʘʮʽʷ ʥʝʚʽʜʦʤʠʭ ʨʘʥʽʰʝ ʟʘʜʘʯ ʪʘ 

ʘʜʘʧʪʘʮʽʷ ʜʦ ʯʘʩʦʚʠʭ ʟʤʽʥ ʙʝʟ ʧʦʚʪʦʨʥʦʛʦ ʥʘʚʯʘʥʥʷ ʩʧʽʣʴʥʦʾ ʤʝʨʝʞʽ. ʇʦʨʽʚʥʷʥʥʷ ʟ ʢʦʥʪʝʢʩʪʥʦ-

ʯʫʪʣʠʚʠʤʠ ʪʘ last-layer-ʤʝʨʝʞʘʤʠ ʟʘʩʚʽʜʯʠʣʦ ʢʦʥʢʫʨʝʥʪʥʫ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʧʽʜʭʦʜʫ, ʦʩʦʙʣʠʚʦ ʟʘ 

ʦʙʤʝʞʝʥʠʭ ʜʘʥʠʭ, ʜʝ learned-context ʤʝʨʝʞʽ ʚʠʷʚʣʷʶʪʴ ʧʽʜʚʠʱʝʥʫ ʩʪʽʡʢʽʩʪʴ. ɸʨʭʽʪʝʢʪʫʨʘ ʻ 

ʧʨʠʜʘʪʥʦʶ ʜʣʷ ʽʥʞʝʥʝʨʥʠʭ ʩʠʩʪʝʤ ʽʟ ʤʥʦʞʠʥʦʶ ʩʭʦʞʠʭ ʟʘʜʘʯ ʽ ʙʨʘʢʦʤ ʜʘʥʠʭ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʝʢʦʥʦʤʽʶ 

ʨʝʩʫʨʩʽʚ ʽ ʛʥʫʯʢʝ ʧʨʠʩʪʦʩʫʚʘʥʥʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʢʦʥʪʝʢʩʪʫʘʣʴʥʽ ʧʘʨʘʤʝʪʨʠ; ʤʫʣʴʪʠʟʘʜʘʯʥʝ ʥʘʚʯʘʥʥʷ; ʫʥʽʚʝʨʩʘʣʴʥʘ 

ʘʧʨʦʢʩʠʤʘʮʽʷ; ʧʘʨʘʤʝʪʨʠ ʟʘʜʘʯʽ; ʦʥʦʚʣʝʥʥʷ ʤʦʜʝʣʝʡ; ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʘ ʜʘʥʠʤʠ. 

 

1. Introduction 

Addressing multi-objective training challenges in industrial and technical deployments 

frequently encounters constraints from scarce data per objective and continuous model updating 

requirements. Examples encompass turbines in wind farms, biomass operations, aquaculture systems, 

and similar environments with structurally comparable yet data-constrained objectives. Conventional 

approaches either demand separate models or encounter adaptability challenges. Acquired-context 

architectures offer a balance between flexibility and stability by incorporating compact task 

parameters into shared architectures. 

2. Architecture of Acquired-Context Neural Networks 

2.1. Overall Structure 

The framework comprises: 

¶ A shared fully-connected neural architecture 

¶ A collection of task parameters supplied as supplementary inputs 

These parameters undergo training alongside shared weights using available data; however, 

during deployment, objective modification requires updating only task parameters rather than the 

complete architecture. 

2.2. Context as Latent Task Representation 

Task parameters establish a latent representation reflecting continuous task characteristics 

rather than simple identification. This enables: 

¶ Transferring shared models to novel objectives 

¶ Avoiding complete architecture retraining 

¶ Maintaining structure and stability 

3. Theoretical Characteristics 

3.1. Universal Function Approximation 

It has been proven that scaled training with a scalar task parameter already generates sufficient 

expressiveness for approximating multiple objectives. This contrasts with numerous classical 

frameworks requiring substantially greater resources or separate models for comparable universality. 



 

 

81 

 

3.2. Task Parameter Initialization 

Scalar parameters are recommended for zero initialization, which: 

¶ Prevents task-encoding local minima 

¶ Promotes clustering of analogous objectives 

¶ Ensures uniform parameter space behavior 

4. Experimental Investigations 

4.1. Comparison with Alternative Architectures 

The architecture was evaluated on ten benchmarksðsynthetic and real-world (educational 

records, medical indicators, etc.). Comparisons included: 

¶ Context-aware networks 

¶ Final-layer frameworks 

Acquired-context architectures demonstrated competitive or superior accuracy. 

4.2. Constrained Data Scenarios 

Even with substantial data reduction (to 10% of complete samples), acquired-context 

architectures degraded considerably slower. This makes the framework effective for objectives with 

limited measurements. 

4.3. Selection of Task Parameter Dimensionality 

Increasing dimensionality generally improves accuracy, though benefits diminish beyond 

certain thresholds. Balancing dimensionality is recommended based on: 

¶ Objective complexity 

¶ Generalization requirements 

¶ Available data quantity 

5. Operational Considerations 

The acquired-context framework facilitates deployment through: 

¶ Model refreshing upon receiving novel data 

¶ Incorporating new objectives without reconstructing shared weights 

¶ Effective training with partially accessible models (e.g., when shared 

parameters are unavailable for modification) 

6. Conclusions 

The acquired-context neural network framework represents a promising solution for multi-

objective systems operating with analogous objectives and constrained data. It provides: 

¶ Universal function approximation 

¶ Resistance to data reduction 

¶ Structured task parameter representations 

¶ Minimal computational overhead 

¶ Flexible and scalable model updating 
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QUALITY EVALUATION OF POLISH TIMESCALE FORECASTING USING GMDH 

NEURAL NETWORK.  

 

Abstract. This paper evaluates the effectiveness of a forecasting system for the Polish national 

timescale UTC(PL), based on a Group Method of Data Handling (GMDH) neural network and implemented 

on a VCH-1003M hydrogen maser. Two dedicated time series, TS1 and TS2, were constructed to support 

accurate forecasting, incorporating phase time differences between UTC(k) and the reference clock, as well 

as UTCïUTC(k) and UTCrïUTC(k) data derived from BIPM Circular-T. Hermite interpolation was applied 

to extend these datasets to daily resolution. Forecasting results for both TS1 and TS2 show excellent agreement 

with official BIPM values, with discrepancies frequently remaining within Ñ10 ns and in some periods below 

Ñ6 ns. Cases 5 and 6 demonstrate the highest forecast quality, confirming the suitability of GMDH for real-

time UTC(PL) steering. The findings show that UTC(PL) maintains an accuracy level comparable to leading 

global timescales, including those supported by hydrogen masers and caesium fountains. The study also 

highlights the importance of input data preparation and the self-organizing capabilities of GMDH networks. 

The approach is particularly beneficial for National Metrology Institutes lacking caesium fountain technology, 

offering a cost-efficient and high-accuracy alternative.  

Keywords: UTC(PL); GMDH neural network; hydrogen maser; timescale forecasting; time series; 

UTC(k); BIPM; metrology. 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʦʮʽʥʶʻʪʴʩʷ ʝʬʝʢʪʠʚʥʽʩʪʴ ʩʠʩʪʝʤʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʣʷ ʧʦʣʴʩʴʢʦʾ 

ʥʘʮʽʦʥʘʣʴʥʦʾ ʰʢʘʣʠ ʯʘʩʫ UTC(PL), ʱʦ ʙʘʟʫʻʪʴʩʷ ʥʘ ʥʝʡʨʦʥʥʽʡ ʤʝʨʝʞʽ ʪʠʧʫ GMDH ʽ ʨʝʘʣʽʟʫʻʪʴʩʷ ʥʘ 

ʚʦʜʥʝʚʦʤʫ ʤʘʟʝʨʽ VCH-1003M. ɼʣʷ ʪʦʯʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʩʬʦʨʤʦʚʘʥʦ ʜʚʘ ʩʧʝʮʽʘʣʴʥʽ ʯʘʩʦʚʽ ʨʷʜʠ ð 

TS1 ʪʘ TS2 ð ʷʢʽ ʤʽʩʪʷʪʴ ʬʘʟʦʚʽ ʨʽʟʥʠʮʽ ʤʽʞ ʩʠʛʥʘʣʘʤʠ UTC(k) ʪʘ ʦʧʦʨʥʦʛʦ ʘʪʦʤʥʦʛʦ ʛʦʜʠʥʥʠʢʘ, ʘ 

ʪʘʢʦʞ ʜʘʥʽ UTCīUTC(k) ʽ UTCrīUTC(k), ʦʪʨʠʤʘʥʽ ʟ ʙʶʣʝʪʝʥʷ Circular-T BIPM. ɼʣʷ ʦʪʨʠʤʘʥʥʷ 

ʱʦʜʝʥʥʠʭ ʟʥʘʯʝʥʴ ʟʘʩʪʦʩʦʚʘʥʦ ʽʥʪʝʨʧʦʣʷʮʽʶ ɽʨʤʽʪʘ. ʈʝʟʫʣʴʪʘʪʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʣʷ ʦʙʦʭ ʯʘʩʦʚʠʭ 

ʨʷʜʽʚ ʜʝʤʦʥʩʪʨʫʶʪʴ ʚʽʜʤʽʥʥʫ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʦʬʽʮʽʡʥʠʤ ʜʘʥʠʤ BIPM, ʧʨʠʯʦʤʫ ʧʦʭʠʙʢʠ ʯʘʩʪʦ ʥʝ 

ʧʝʨʝʚʠʱʫʶʪʴ Ñ10 ʥʩ, ʘ ʧʦʜʝʢʫʜʠ ð Ñ6 ʥʩ. ʅʘʡʢʨʘʱʫ ̫ ʢʽʩʪʴ ʧʨʦʛʥʦʟʽʚ ʧʽʜʪʚʝʨʜʞʝʥʦ ʜʣʷ ʚʠʧʘʜʢʽʚ 5 ʪʘ 

6, ʱʦ ʟʘʩʚʽʜʯʫʻ ʧʨʠʜʘʪʥʽʩʪʴ GMDH ʜʦ ʨʝʘʣʴʥʦʛʦ ʨʝʛʫʣʶʚʘʥʥʷ UTC(PL). ɼʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʫʻ, ʱʦ 

UTC(PL) ʜʦʩʷʛʘʻ ʨʽʚʥʷ ʪʦʯʥʦʩʪʽ ʧʨʦʚʽʜʥʠʭ ʩʚʽʪʦʚʠʭ ʰʢʘʣ ʯʘʩʫ, ʚʢʣʶʯʥʦ ʟ ʪʠʤʠ, ɦ ʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ 

ʚʦʜʥʝʚʽ ʤʘʟʝʨʠ ʪʘ ʮʝʟʽʻʚʽ ʬʦʥʪʘʥʠ. ʆʢʨʝʤʦ ʧʽʜʢʨʝʩʣʝʥʦ ʚʘʞʣʠʚʽʩʪʴ ʷʢʽʩʥʦʾ ʧʽʜʛʦʪʦʚʢʠ ʚʭʽʜʥʠʭ ʜʘʥʠʭ 

ʽ ʩʘʤʦʦʨʛʘʥʽʟʫʚʘʣʴʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ ʤʝʨʝʞ GMDH. ʇʽʜʭʽʜ ʻ ʦʩʦʙʣʠʚʦ ʢʦʨʠʩʥʠʤ ʜʣʷ ʥʘʮʽʦʥʘʣʴʥʠʭ 

ʤʝʪʨʦʣʦʛʽʯʥʠʭ ʽʥʩʪʠʪʫʪʽʚ, ʷʢʽ ʥʝ ʤʘʶʪʴ ʮʝʟʽʻʚʠʭ ʬʦʥʪʘʥʽʚ, ʧʨʦʧʦʥʫʶʯʠ ʚʠʩʦʢʦʪʦʯʥʝ ʪʘ ʝʢʦʥʦʤʽʯʥʦ 

ʝʬʝʢʪʠʚʥʝ ʨʽʰʝʥʥʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: UTC(PL); ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ GMDH; ʚʦʜʥʝʚʠʡ ʤʘʟʝʨ; ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʰʢʘʣ ʯʘʩʫ; 

ʯʘʩʦʚʽ ʨʷʜʠ; UTC(k); BIPM; ʤʝʪʨʦʣʦʛʽʷ. 

 

Introduction. 

The article discusses the effectiveness of a forecasting system for the Polish Timescale 

(UTC(PL)), using the Group Method of Data Handling (GMDH) neural network and hydrogen maser 

(HM) technology. The research aims to show that applying this forecasting system to UTC(PL) can 

achieve timescale quality comparable to the best timescales worldwide. Forecasting results are 

presented for two time series, TS1 and TS2, and compared to UTC - UTC(k) values. The results 

demonstrate excellent forecasting quality, with cases 5 and 6 achieving very good results, as 

confirmed by forecast quality measures. The research concludes that the developed system ensures 

UTC(PL) accuracy on par with the top global timescales, supporting its adoption by National 

Metrology Institutes (NMIs) lacking caesium fountains. 
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The research presented in the article focuses on the effectiveness of a forecasting system for 

the Polish Timescale (UTC(PL)), which is based on a GMDH (Group Method of Data Handling) 

neural network. This system, designed for the Polish national timescale, is implemented with a 

hydrogen maser (HM). The primary goal of the study is to demonstrate that the use of this forecasting 

system can ensure that the quality of the Polish Timescale is comparable to that of the best global 

timescales. 

The forecasting system operates on two specially prepared time series, TS1 and TS2. These 

series, along with the forecasted values for the Polish Timescale, are compared with the UTC - 

UTC(k) values for this scale. The analysis confirms the high quality of the forecasts, particularly for 

cases 5 and 6, where the system showed a high degree of accuracy. This is evident from the forecast 

quality metrics and the minimal discrepancies observed between the predicted and actual values. 

These findings suggest that the developed forecasting system allows for the accurate control and 

correction of the UTC(PL) national timescale, placing it among the best-performing timescales 

globally. 

The research is particularly significant for National Metrology Institutes (NMIs) that lack 

caesium fountains, as it shows that adopting the UTC(k) steering system based on this neural network 

approach could allow them to achieve similar high-quality results at a lower cost. 

Factors Influencing Forecasting Quality. 

The second key factor influencing the forecasting quality is the quality of the prepared input 

data. This aspect is heavily impacted by the method of data preparation as well as the quality of the 

clock that realizes the UTC(k) timescale and its corresponding steering system. The author conducted 

extensive research focused on improving the data preparation process, exploring various methods to 

enhance the forecasting quality. These studies were presented in several works [1-12], and the 

findings indicate that further improvements in data handling can lead to even better results. 

In the specific context of UTC(PL) forecasting, the method proposed by the author for 

generating UTC(k) scale forecasts using a GMDH neural network has been successfully applied. This 

approach uses data from hydrogen masers and commercial caesium atomic clocks to implement the 

UTC(PL) timescale, aiming to achieve forecast accuracy comparable to the highest-performing 

timescales. Notably, the forecasting system has been successfully integrated into the Polish Timescale 

UTC(PL), confirming its potential for widespread application in national metrology institutes 

(NMIs). This approach allows for continuous improvement and refinement of the timescale 

forecasting process, making it more efficient and reliable in real-time operations. 

Implementation and Testing. 

The research conducted on the Polish Timescale (UTC(PL)) forecasting using the GMDH 

neural network (NN) has led to the development of a forecasting system for UTC(k) timescales, as 

described in the works of Sobolewski and others (2017). This system has been tested using the Polish 

Timescale, which is based on a VCH-1003M hydrogen maser, selected for its precision and stability 

among several available clocks at the GUM (Central Office of Measures). The goal of this work is to 

demonstrate that the forecasting system enables the UTC(PL) timescale to achieve a level of accuracy 

comparable to some of the best timescales, such as those implemented with hydrogen masers 

supplemented by caesium fountains. 

The research focuses on two prepared time series, TS1 and TS2, for use with the GMDH NN, 

and compares the forecasted values against the BIPM-designated UTC values (xb(t)). The forecasting 

results for both time series showed a high level of accuracy, with discrepancies consistently within 

Ñ10 ns, and for some periods, even below Ñ6 ns. This indicates that the Polish Timescale is very close 

in quality to the best global timescales. 
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The article also elaborates on the two main factors that influence forecasting quality: the 

choice of neural network and the quality of the input data. A key component of the GMDH NN's 

success is its self-organizing nature, which allows it to adapt efficiently to new data and produce 

reliable forecasts in real-time, as seen in the ongoing UTC(PL) steering process. This method has 

been successfully applied in Poland, allowing for continuous updates to the national timescale, 

positioning it among the highest-performing timescales globally. 

Comparison with Different Clock Technologies. 

When developing the forecasting algorithm for UTC(k) using a GMDH neural network, the 

Polish Timescale was implemented with a commercial caesium atomic clock, achieving a stability of 

approximately 10^(-14). The author highlighted that leading NMI laboratories typically use hydrogen 

masers, often supplemented by caesium fountains, to implement UTC(k). Hydrogen masers offer 

superior short-term stability at the 10^(-15) level compared to caesium clocks, which are better for 

long-term stability. 

The research showed that the GMDH-based forecasting system is versatile, achieving high-

quality predictions for both caesium and hydrogen maser-based timescales. This system has been 

integrated into the Polish Timescale UTC(PL), which has demonstrated exceptional accuracy, 

particularly since its application in 2016 at the GUM (Central Office of Measures) to control 

UTC(PL). The improvements were substantial, contributing to a timescale that is now ranked among 

the best globally. 

Research Objectives and Methodology. 

The article aims to assess the effectiveness of the forecasting system applied to the Polish 

Timescale (UTC(PL)), based on a method proposed by the author using a GMDH neural network. 

This system is implemented on the VCH-1003M hydrogen maser, selected from several available 

clocks at the GUM (Central Office of Measures) in Poland. The research demonstrates that the 

developed forecasting system can achieve a level of precision for UTC(PL) comparable to the best 

global timescales, including those based on hydrogen masers and caesium fountains. The article 

emphasizes that the use of this system ensures high-quality timescale accuracy for UTC(PL), 

positioning it as one of the top-performing timescales worldwide. 

Time Series Construction. 

The article describes the construction of the TS1 and TS2 time series, which are essential for 

the forecasting system based on the Group Method of Data Handling (GMDH) neural network. These 

time series were developed to improve the accuracy of UTC(PL) forecasting. The time series include 

phase time values (xa(t)) between the national time scale UTC(k) and the atomic clock, UTC - 

UTC(k) values (xb(t)), and additional values (xbr(t)) representing the UTCr - UTC(k). 

The research conducted from December 2020 to August 2023 focused on forecasting the 

Polish Timescale (UTC(PL)), which is based on the VCH-1003M hydrogen maser. The forecasting 

used the prepared TS1 and TS2 time series and compared the predicted results with actual data 

published by BIPM. 

The study demonstrated that both time series provided highly accurate forecasts, with 

discrepancies between the forecasted values (xbp(t)) and the BIPM data (xb(t)) being minimal, often 

within a few nanoseconds. This indicates that the Polish Timescale has remained consistently 

accurate, aligning closely with the best global timescales. 

Data Preparation for GMDH Neural Network. 
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An essential part of the developed forecasting system based on the proposed procedure is the 

block dedicated to preparing input data for the GMDH neural network (NN) in the form of time series. 

The quality of the forecasts heavily depends on how this data is prepared. For the UTC(k) forecasting 

research, two time series, TS1 and TS2, were developed, containing data with a one-day interval. 

The TS1 time series consists of three data groups: phase time values (xa(t)) between 1 pulse-

per-second signals from the national UTC(k) timescale (UTCk(t)) and the atomic clock (clockk(t)), 

xb(t) values representing the difference UTC - UTC(k), and xbr(t) values representing the difference 

between UTCr and UTC(k). These relationships are defined as: 

xa(t) = UTCk(t) - clockk(t) 

xb(t) = UTC(t) - UTCk(t) 

xbr(t) = UTCr(t) - UTCk(t) 

The xb(t) values are the data published by the BIPM in their "Circular T" bulletin. Since these 

data are published for Modified Julian Dates (MJD) ending in 4 and 9, they are interpolated using the 

Hermite polynomial (PCHIP function in MATLAB) to generate daily values. This interpolation helps 

extend the number of historical data points, ensuring the GMDH NN has enough training data, as 

insufficient data can hinder the training process. 

The preparation method for TS2 is similar to TS1, but the data is split differently: the first 

group consists solely of xb(t) values, while the second group consists only of xbr(t) values. 

Forecasting Process 

The forecasting process involves predicting xb(t) values. Using TS1, the output from the 

GMDH NN for a forecast day (tp) is denoted as x1p(tp). By comparing this with the measured xa(tp) 

for UTC(k) on that day, the forecast difference (xbp(tp)) is calculated as: 

xbp(tp) = x1p(tp) - xa(tp) 

For TS2, the forecasting approach is similar, and the results can also be used to correct UTC(k) 

values. 

CONCLUSIONS. 

The research demonstrates that the forecasting system based on the GMDH neural network 

provides highly accurate predictions for the Polish Timescale (UTC(PL)), enabling it to achieve a 

level of precision comparable to the best global timescales. The system's use of hydrogen masers, 

along with well-prepared input data and the application of advanced forecasting techniques, ensures 

that the accuracy of UTC(PL) remains within a narrow range, often within Ñ10 nanoseconds. 

The developed system has proven to be effective in real-time forecasting and steering of 

UTC(PL), which has significantly enhanced its performance. The approach has shown to be 

adaptable, with minimal discrepancies between forecasted and actual data, making it a reliable tool 

for maintaining precise timekeeping. 

The research results indicate that the GMDH neural network is an optimal choice for 

forecasting UTC(k) timescales, especially for national metrology institutes (NMIs) that do not have 

access to high-cost equipment like caesium fountains. By using this system, such institutions can 

achieve high-quality time scale predictions at a significantly lower cost. 

Furthermore, the application of this forecasting system has contributed to the Polish Timescale 

being classified among the top-performing timescales, demonstrating the practical benefits of 

artificial intelligence in metrology. The continued use of this system ensures the ongoing precision 

and reliability of UTC(PL), positioning it as a leading example of modern timekeeping technology. 
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ɺʀʂʆʈʀʉʊɸʅʅʗ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ ɼʃʗ ʇʃɸʅʋɺɸʅʅʗ ʉʇʆɾʀɺɸʅʅʗ 

ɽʃɽʂʊʈʀʏʅʆɰ ɽʅɽʈɻɯɰ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʡ 

ʧʣʘʥʫʚʘʥʥʷ ʩʧʦʞʠʚʘʥʥʷ ʝʣʝʢʪʨʠʯʥʦʾ ʝʥʝʨʛʽʾ ʚ ʩʫʯʘʩʥʠʭ ʝʥʝʨʛʝʪʠʯʥʠʭ ʩʠʩʪʝʤʘʭ. ʇʦʢʘʟʘʥʦ, ʱʦ 

ʪʨʘʜʠʮʽʡʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʤʝʪʦʜʠ ʥʝ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʣʝʞʥʦʾ ʪʦʯʥʦʩʪʽ ʚ ʫʤʦʚʘʭ ʚʠʩʦʢʦʾ 

ʩʪʦʭʘʩʪʠʯʥʦʩʪʽ ʥʘʚʘʥʪʘʞʝʥʥʷ, ʟʙʽʣʴʰʝʥʥʷ ʯʘʩʪʢʠ ʚʽʜʥʦʚʣʶʚʘʥʠʭ ʜʞʝʨʝʣ ʝʥʝʨʛʽʾ ʪʘ ʟʤʽʥʥʦʛʦ 

ʪʘʨʠʬʥʦʛʦ ʨʝʛʫʣʶʚʘʥʥʷ. ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʟʦʢʨʝʤʘ MLP, LSTM, GRU ʪʘ ʛʽʙʨʠʜʥʽ ʘʨʭʽʪʝʢʪʫʨʠ, 

ʝʬʝʢʪʠʚʥʦ ʤʦʜʝʣʶʶʪʴ ʥʝʣʽʥʽʡʥʽ ʟʘʣʝʞʥʦʩʪʽ, ʚʨʘʭʦʚʫʶʪʴ ʢʦʨʦʪʢʦʩʪʨʦʢʦʚʽ ʪʘ ʩʝʟʦʥʥʽ ʢʦʣʠʚʘʥʥʷ ʽ 

ʟʜʘʪʥʽ ʬʦʨʤʫʚʘʪʠ ʪʦʯʥʽ ʧʨʦʛʥʦʟʠ ʷʢ ʥʘ ʢʦʨʦʪʢʦʩʪʨʦʢʦʚʽʡ, ʪʘʢ ʽ ʥʘ ʜʦʚʛʦʩʪʨʦʢʦʚʽʡ ʧʝʨʩʧʝʢʪʠʚʽ. 

ʆʧʠʩʘʥʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʽʚ ʧʽʜʢʨʽʧʣʝʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʨʝʞʠʤʽʚ ʨʦʙʦʪʠ 

ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʦʙʣʘʜʥʘʥʥʷ, ʫʧʨʘʚʣʽʥʥʷ ʘʢʫʤʫʣʷʮʽʡʥʠʤʠ ʩʠʩʪʝʤʘʤʠ ʪʘ ʤʽʥʽʤʽʟʘʮʽʾ ʚʠʪʨʘʪ ʫ 

ʩʝʨʝʜʦʚʠʱʘʭ ʟ ʜʠʥʘʤʽʯʥʠʤ ʮʽʥʦʫʪʚʦʨʝʥʥʷʤ. ʈʦʟʛʣʷʥʫʪʦ ʽʥʪʝʛʨʘʮʽʶ ʤʦʜʝʣʝʡ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʫ 

Smart Grid, ʚʢʣʶʯʘʶʯʠ ʮʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ ʝʥʝʨʛʦʩʠʩʪʝʤ, ʱʦ ʧʽʜʚʠʱʫʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʣʘʥʫʚʘʥʥʷ ʪʘ 

ʩʪʽʡʢʽʩʪʴ ʝʥʝʨʛʝʪʠʯʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ. ɺʠʟʥʘʯʝʥʦ ʦʩʥʦʚʥʽ ʪʨʫʜʥʦʱʽ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐʅʄ ʫ ʟʘʜʘʯʘʭ 
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ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʧʦʚôʷʟʘʥʽ ʟ ʷʢʽʩʪʶ ʜʘʥʠʭ, ʫʟʘʛʘʣʴʥʝʥʥʷʤ ʤʦʜʝʣʝʡ, ʨʠʟʠʢʦʤ ʧʝʨʝʥʘʚʯʘʥʥʷ 

ʪʘ ʢʽʙʝʨʟʘʛʨʦʟʘʤʠ. ɿʨʦʙʣʝʥʦ ʚʠʩʥʦʚʦʢ, ʱʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʻ ʢʣʶʯʦʚʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ 

ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ, ʥʘʜʽʡʥʦʩʪʽ ʪʘ ʛʥʫʯʢʦʩʪʽ ʝʥʝʨʛʝʪʠʯʥʠʭ ʩʠʩʪʝʤ ʤʘʡʙʫʪʥʴʦʛʦ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘʚʘʥʪʘʞʝʥʥʷ, ʝʥʝʨʛʝʪʠʯʥʽ ʩʠʩʪʝʤʠ, Smart 

Grid, ʮʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ, ʧʽʜʢʨʽʧʣʝʥʝ ʥʘʚʯʘʥʥʷ. 

Abstract. The article examines the use of neural networks for forecasting and planning electricity 

consumption in modern power systems. It is shown that traditional statistical methods do not provide adequate 

accuracy in conditions of high load stochasticity, increasing penetration of renewable energy sources, and 

dynamic electricity pricing. Neural networks, including MLP, LSTM, GRU, and hybrid architectures, 

effectively model nonlinear dependencies, account for short-term and seasonal fluctuations, and provide 

accurate forecasts for both short-term and long-term horizons. The application of reinforcement learning for 

optimizing the operation of power equipment, managing energy storage systems, and reducing operational 

costs in dynamic pricing environments is discussed. The paper highlights the integration of deep learning 

models into Smart Grid infrastructures, including energy system digital twins, which enhances planning 

efficiency and system resilience. Key challenges of neural network deployment in energy forecasting are 

identified, including data quality, model generalization, overfitting risks, and cybersecurity concerns. It is 

concluded that neural networks represent a fundamental technology for enhancing the efficiency, reliability, 

and flexibility of future energy systems. 

Keywords: neural networks, load forecasting, power systems, Smart Grid, digital twins, reinforcement 

learning. 

 

ʋ ʩʫʯʘʩʥʠʭ ʝʥʝʨʛʝʪʠʯʥʠʭ ʩʠʩʪʝʤʘʭ ʟʨʦʩʪʘʥʥʷ ʯʘʩʪʢʠ ʚʽʜʥʦʚʣʶʚʘʥʠʭ ʜʞʝʨʝʣ, 

ʢʦʣʠʚʘʥʥʷ ʥʘʚʘʥʪʘʞʝʥʥʷ ʪʘ ʧʦʪʨʝʙʘ ʚ ʧʽʜʚʠʱʝʥʥʽ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ ʩʪʚʦʨʶʶʪʴ ʧʦʪʨʝʙʫ ʚ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʝʪʦʜʘʭ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ ʧʣʘʥʫʚʘʥʥʷ ʩʧʦʞʠʚʘʥʥʷ ʝʣʝʢʪʨʠʯʥʦʾ ʝʥʝʨʛʽʾ. 

ʊʨʘʜʠʮʽʡʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʧʽʜʭʦʜʠ, ʪʘʢʽ ʷʢ ʤʝʪʦʜʠ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ ʘʙʦ ʘʚʪʦʨʝʛʨʝʩʽʡʥʽ 

ʤʦʜʝʣʽ, ʜʝʤʦʥʩʪʨʫʶʪʴ ʦʙʤʝʞʝʥʽʩʪʴ ʫ ʨʘʟʽ ʚʠʩʦʢʦʾ ʩʪʦʭʘʩʪʠʯʥʦʩʪʽ ʜʘʥʠʭ, ʭʘʨʘʢʪʝʨʥʦʾ ʜʣʷ 

ʩʫʯʘʩʥʠʭ ʤʝʨʝʞ. ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʟʜʘʪʥʽ ʥʘʚʯʘʪʠʩʷ ʥʘ ʚʝʣʠʢʦʤʫ ʦʙʩʷʟʽ 

ʽʩʪʦʨʠʯʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʚʠʷʚʣʷʪʠ ʥʝʣʽʥʽʡʥʽ ʟʘʣʝʞʥʦʩʪʽ, ʩʪʘʶʪʴ ʢʣʶʯʦʚʠʤʠ ʽʥʩʪʨʫʤʝʥʪʘʤʠ ʜʣʷ 

ʬʦʨʤʫʚʘʥʥʷ ʦʧʪʠʤʘʣʴʥʠʭ ʛʨʘʬʽʢʽʚ ʩʧʦʞʠʚʘʥʥʷ, ʟʘʙʝʟʧʝʯʝʥʥʷ ʙʘʣʘʥʩʫʚʘʥʥʷ ʝʥʝʨʛʦʩʠʩʪʝʤʠ ʪʘ 

ʧʽʜʪʨʠʤʢʠ ʨʦʙʦʪʠ "ʨʦʟʫʤʥʠʭ" ʤʝʨʝʞ Smart Grid [1]. 

ʆʩʥʦʚʥʘ ʽʜʝʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʫ ʧʣʘʥʫʚʘʥʥʽ ʩʧʦʞʠʚʘʥʥʷ ʝʣʝʢʪʨʦʝʥʝʨʛʽʾ 

ʧʦʣʷʛʘʻ ʚ ʧʦʙʫʜʦʚʽ ʤʦʜʝʣʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘʚʘʥʪʘʞʝʥʥʷ, ʷʢʘ ʟʜʘʪʥʘ ʟ ʜʦʩʪʘʪʥʴʦʶ ʪʦʯʥʽʩʪʶ 

ʚʠʟʥʘʯʘʪʠ ʤʘʡʙʫʪʥʽʡ ʨʽʚʝʥʴ ʩʧʦʞʠʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʽʩʪʦʨʠʯʥʠʭ ʜʘʥʠʭ, ʪʝʤʧʝʨʘʪʫʨʥʠʭ 

ʧʦʢʘʟʥʠʢʽʚ, ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʩʧʦʞʠʚʘʯʽʚ, ʪʠʧʫ ʜʥʷ ʪʠʞʥʷ ʪʘ ʽʥʰʠʭ ʨʝʣʝʚʘʥʪʥʠʭ ʬʘʢʪʦʨʽʚ [2]. 

ʌʦʨʤʘʣʴʥʦ ʟʘʚʜʘʥʥʷ ʤʦʞʥʘ ʧʨʝʜʩʪʘʚʠʪʠ ʷʢ ʤʽʥʽʤʽʟʘʮʽʶ ʬʫʥʢʮʽʾ ʧʦʭʠʙʢʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ: 
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ʜʝ yi ï ʬʘʢʪʠʯʥʝ ʩʧʦʞʠʚʘʥʥʷ, ( )iy W  ï ʧʨʦʛʥʦʟʦʚʘʥʝ ʟʥʘʯʝʥʥʷ, ʱʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʚʝʢʪʦʨʘ ʚʘʛ 

ʤʝʨʝʞʽ W. ʎʷ ʬʫʥʢʮʽʷ ʤʽʥʽʤʽʟʫʻʪʴʩʷ ʚ ʧʨʦʮʝʩʽ ʪʨʝʥʫʚʘʥʥʷ ʯʝʨʝʟ ʘʣʛʦʨʠʪʤ ʟʚʦʨʦʪʥʦʛʦ 

ʧʦʰʠʨʝʥʥʷ ʧʦʤʠʣʢʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʘʜʘʧʪʠʚʥʦ ʢʦʨʠʛʫʚʘʪʠ ʧʘʨʘʤʝʪʨʠ. 

ʋ ʢʦʥʪʝʢʩʪʽ ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʨʽʟʥʽ ʪʠʧʠ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 

ʅʘʡʧʦʰʠʨʝʥʽʰʠʤʠ ʻ ʙʘʛʘʪʦʰʘʨʦʚʽ ʧʝʨʩʝʧʪʨʦʥʠ (MLP), ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ 

ʢʦʨʦʪʢʦʩʪʨʦʢʦʚʽ ʽʥʪʝʨʚʘʣʠ (ʧʦʭʚʠʣʠʥʥʽ ʘʙʦ ʧʦʛʦʜʠʥʥʽ ʧʨʦʛʥʦʟʠ). ɼʣʷ ʟʘʜʘʯ ʽʟ ʜʦʚʰʠʤʠ 

ʽʥʪʝʨʚʘʣʘʤʠ ʪʘ ʟʘʣʝʞʥʦʩʪʷʤʠ ʫ ʯʘʩʦʚʦʤʫ ʨʷʜʽ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʨʝʢʫʨʝʥʪʥʽ ʘʨʭʽʪʝʢʪʫʨʠ, ʟʦʢʨʝʤʘ 

LSTM ʪʘ GRU, ʱʦ ʟʜʘʪʥʽ ʟʙʝʨʽʛʘʪʠ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʧʦʧʝʨʝʜʥʽ ʩʪʘʥʠ ʪʘ ʫʩʧʽʰʥʦ ʤʦʜʝʣʶʶʪʴ 

ʩʝʟʦʥʥʽ ʪʘ ʜʦʙʦʚʽ ʮʠʢʣʠ. ɼʣʷ ʩʢʣʘʜʥʠʭ ʩʠʩʪʝʤ ʟ ʚʝʣʠʢʦʶ ʢʽʣʴʢʽʩʪʶ ʚʭʽʜʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʤʦʞʫʪʴ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʛʽʙʨʠʜʥʽ ʤʝʨʝʞʽ, ʜʝ ʢʦʤʙʽʥʘʮʽʷ CNN ʪʘ LSTM ʟʘʙʝʟʧʝʯʫʻ ʚʠʣʫʯʝʥʥʷ ʷʢ 

ʯʘʩʦʚʠʭ, ʪʘʢ ʽ ʩʪʨʫʢʪʫʨʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ [3]. 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʩʧʦʞʠʚʘʥʥʷ ʝʣʝʢʪʨʠʯʥʦʾ ʝʥʝʨʛʽʾ ʻ ʣʠʰʝ ʦʜʥʽʻʶ ʟ ʯʘʩʪʠʥ ʟʘʜʘʯʽ 

ʦʧʪʠʤʘʣʴʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ. ʅʘʩʪʫʧʥʠʤ ʢʨʦʢʦʤ ʻ ʚʠʟʥʘʯʝʥʥʷ ʦʧʪʠʤʘʣʴʥʦʛʦ ʨʝʞʠʤʫ ʨʦʙʦʪʠ 

ʝʥʝʨʛʦʫʩʪʘʥʦʚʦʢ, ʚʠʙʽʨ ʤʦʤʝʥʪʽʚ ʫʚʽʤʢʥʝʥʥʷ ʪʘ ʚʠʤʢʥʝʥʥʷ ʦʙʣʘʜʥʘʥʥʷ, ʫʧʨʘʚʣʽʥʥʷ 

ʘʢʫʤʫʣʷʮʽʡʥʠʤʠ ʩʠʩʪʝʤʘʤʠ ʡ ʨʦʟʧʦʜʽʣ ʥʘʚʘʥʪʘʞʝʥʥʷ ʤʽʞ ʨʽʟʥʠʤʠ ʩʝʛʤʝʥʪʘʤʠ. ɼʣʷ ʮʴʦʛʦ 
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ʤʦʞʫʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʧʨʷʤʦʛʦ ʨʝʛʫʣʶʚʘʥʥʷ ʘʙʦ ʤʦʜʝʣʽ ʧʽʜʢʨʽʧʣʝʥʦʛʦ 

ʥʘʚʯʘʥʥʷ (Reinforcement Learning), ʜʝ ʘʛʝʥʪ ʥʘʚʯʘʻʪʴʩʷ ʤʽʥʽʤʽʟʫʚʘʪʠ ʦʧʝʨʘʮʽʡʥʽ ʚʠʪʨʘʪʠ ʟʘ 

ʫʤʦʚ ʦʙʤʝʞʝʥʴ ʪʝʭʥʽʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʩʠʩʪʝʤʠ [2, 3]. ʅʘʧʨʠʢʣʘʜ, ʟʘʚʜʘʥʥʷ ʤʽʥʽʤʽʟʘʮʽʾ 

ʟʘʛʘʣʴʥʠʭ ʚʠʪʨʘʪ ʤʦʞʝ ʙʫʪʠ ʦʧʠʩʘʥʝ ʷʢ: 
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ʜʝ pt ï ʮʽʥʘ ʝʣʝʢʪʨʦʝʥʝʨʛʽʾ ʚ ʤʦʤʝʥʪ ʯʘʩʫ t, Lt ï ʩʧʦʞʠʚʘʥʥʷ ʥʘʚʘʥʪʘʞʝʥʥʷ, Bt ï ʟʘʨʷʜ/ʨʦʟʨʷʜ 

ʘʢʫʤʫʣʷʪʦʨʥʠʭ ʩʠʩʪʝʤ, ʘ st ï ʢʦʝʬʽʮʽʻʥʪ ʝʢʦʥʦʤʽʯʥʦʛʦ ʝʬʝʢʪʫ ʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʢʫʤʫʣʷʪʦʨʘ. 

ʋ ʩʠʩʪʝʤʘʭ ʟ ʜʠʥʘʤʽʯʥʠʤ ʮʽʥʦʫʪʚʦʨʝʥʥʷʤ (Time-of-Use, Real-Time Pricing) ʪʘʢʽ ʤʦʜʝʣʽ 

ʜʦʟʚʦʣʷʶʪʴ ʟʥʘʯʥʦ ʟʤʝʥʰʠʪʠ ʚʠʪʨʘʪʠ ʟʘ ʨʘʭʫʥʦʢ ʧʝʨʝʥʝʩʝʥʥʷ ʧʽʢʦʚʠʭ ʥʘʚʘʥʪʘʞʝʥʴ ʪʘ 

ʦʧʪʠʤʽʟʘʮʽʾ ʛʨʘʬʽʢʽʚ ʨʦʙʦʪʠ ʦʙʣʘʜʥʘʥʥʷ. 

ɺʘʞʣʠʚʠʤ ʘʩʧʝʢʪʦʤ ʻ ʽʥʪʝʛʨʘʮʽʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʫ Smart Grid, ʜʝ ʩʧʦʞʠʚʘʯʽ ʩʪʘʶʪʴ 

"ʘʢʪʠʚʥʠʤʠ ʫʯʘʩʥʠʢʘʤʠ" ʝʥʝʨʛʝʪʠʯʥʦʛʦ ʨʠʥʢʫ, ʘ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ ʜʦʩʷʛʘʻʪʴʩʷ ʟʘ ʨʘʭʫʥʦʢ 

ʚʟʘʻʤʦʜʽʾ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʜʝʮʝʥʪʨʘʣʽʟʦʚʘʥʠʭ ʝʣʝʤʝʥʪʽʚ: ʜʦʤʘʰʥʽʭ ʩʠʩʪʝʤ, ʩʦʥʷʯʥʠʭ ʧʘʥʝʣʝʡ, 

ʝʣʝʢʪʨʦʤʦʙʽʣʽʚ, ʧʨʦʤʠʩʣʦʚʠʭ ʧʽʜʧʨʠʻʤʩʪʚ. ʋ ʪʘʢʠʭ ʫʤʦʚʘʭ ʤʦʜʝʣʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʦʟʚʦʣʷʶʪʴ 

ʢʦʦʨʜʠʥʫʚʘʪʠ ʨʦʙʦʪʫ ʝʥʝʨʛʝʪʠʯʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ ʪʘ ʟʤʝʥʰʫʚʘʪʠ ʨʠʟʠʢ ʧʝʨʝʚʘʥʪʘʞʝʥʥʷ 

ʤʝʨʝʞʽ. ʆʢʨʽʤ ʮʴʦʛʦ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ ʫ 

ʩʧʦʞʠʚʘʥʥʽ, ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʧʨʦʛʥʦʟʫ ʪʘ ʘʜʘʧʪʘʮʽʾ ʜʦ ʟʤʽʥʥʠʭ ʫʤʦʚ. 

ʆʢʨʝʤʦʾ ʫʚʘʛʠ ʟʘʩʣʫʛʦʚʫʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʝʥʝʨʛʝʪʠʯʥʠʭ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ, ʜʝ ʥʝʡʨʦʥʥʽ 

ʤʝʨʝʞʽ ʩʪʘʶʪʴ ʢʣʶʯʦʚʠʤ ʢʦʤʧʦʥʝʥʪʦʤ. ʎʠʬʨʦʚʽ ʜʚʽʡʥʠʢʠ ʜʦʟʚʦʣʷʶʪʴ ʤʦʜʝʣʶʚʘʪʠ ʧʦʚʝʜʽʥʢʫ 

ʩʠʩʪʝʤ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ, ʱʦ ʩʫʪʪʻʚʦ ʧʽʜʚʠʱʫʻ ʷʢʽʩʪʴ ʧʨʦʛʥʦʟʽʚ ʪʘ ʜʦʟʚʦʣʷʻ ʪʝʩʪʫʚʘʪʠ ʨʽʟʥʽ 

ʩʮʝʥʘʨʽʾ ʩʧʦʞʠʚʘʥʥʷ ʙʝʟ ʨʠʟʠʢʫ ʜʣʷ ʨʝʘʣʴʥʠʭ ʩʠʩʪʝʤ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʫ 

ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʘʭ ʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʥʘʙʣʠʞʘʪʠ ʩʢʣʘʜʥʽ ʬʽʟʠʯʥʽ ʧʨʦʮʝʩʠ, ʱʦ ʟʘʟʚʠʯʘʡ 

ʦʧʠʩʫʶʪʴʩʷ ʥʝʣʽʥʽʡʥʠʤʠ ʜʠʬʝʨʝʥʮʽʡʥʠʤʠ ʨʽʚʥʷʥʥʷʤʠ, ʫ ʚʠʛʣʷʜʽ ʢʦʤʧʘʢʪʥʠʭ ʘʧʨʦʢʩʠʤʘʪʦʨʽʚ. 

ʇʦʧʨʠ ʟʥʘʯʥʽ ʜʦʩʷʛʥʝʥʥʷ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ ʧʣʘʥʫʚʘʥʥʷ ʩʧʦʞʠʚʘʥʥʷ 

ʝʣʝʢʪʨʦʝʥʝʨʛʽʾ ʤʘʻ ʨʷʜ ʚʠʢʣʠʢʽʚ. ʉʝʨʝʜ ʦʩʥʦʚʥʠʭ ʤʦʞʥʘ ʚʠʜʽʣʠʪʠ ʧʦʪʨʝʙʫ ʫ ʚʝʣʠʢʦʤʫ ʦʙʩʷʟʽ 

ʷʢʽʩʥʠʭ ʽʩʪʦʨʠʯʥʠʭ ʜʘʥʠʭ, ʩʢʣʘʜʥʽʩʪʴ ʥʘʣʘʰʪʫʚʘʥʥʷ ʘʨʭʽʪʝʢʪʫʨ, ʘ ʪʘʢʦʞ ʨʠʟʠʢ 

çʧʝʨʝʦʙʫʯʝʥʥʷè ʤʦʜʝʣʽ. ʂʨʽʤ ʪʦʛʦ, ʚʧʨʦʚʘʜʞʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʚʠʤʘʛʘʻ ʚʨʘʭʫʚʘʥʥʷ 

ʢʽʙʝʨʙʝʟʧʝʢʠ ʡ ʥʘʜʽʡʥʦʩʪʽ, ʦʩʢʽʣʴʢʠ ʧʦʨʫʰʝʥʥʷ ʨʦʙʦʪʠ ʧʨʦʛʥʦʟʥʠʭ ʤʦʜʫʣʽʚ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ 

ʜʦ ʧʦʤʠʣʦʢ ʫ ʬʫʥʢʮʽʦʥʫʚʘʥʥʽ ʝʥʝʨʛʝʪʠʯʥʦʾ ʩʠʩʪʝʤʠ. 

ɺʀʉʅʆɺʂʀ. ʊʘʢʠʤ ʯʠʥʦʤ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʻ ʧʦʪʫʞʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ, ʷʢʠʡ ʟʥʘʯʥʦ 

ʧʽʜʚʠʱʫʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʣʘʥʫʚʘʥʥʷ ʩʧʦʞʠʚʘʥʥʷ ʝʣʝʢʪʨʠʯʥʦʾ ʝʥʝʨʛʽʾ ʪʘ ʟʘʙʝʟʧʝʯʫʻ ʛʥʫʯʢʽʩʪʴ ʫ 

ʢʝʨʫʚʘʥʥʽ ʩʫʯʘʩʥʠʤʠ ʝʥʝʨʛʝʪʠʯʥʠʤʠ ʩʠʩʪʝʤʘʤʠ. ɺʦʥʠ ʜʦʟʚʦʣʷʶʪʴ ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʫʤʦʚ 

ʚʠʩʦʢʦʾ ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ, ʦʧʪʠʤʽʟʫʚʘʪʠ ʨʦʙʦʪʫ ʦʙʣʘʜʥʘʥʥʷ, ʟʤʝʥʰʫʚʘʪʠ ʚʠʪʨʘʪʠ ʪʘ 

ʧʽʜʚʠʱʫʚʘʪʠ ʝʥʝʨʛʝʪʠʯʥʫ ʙʝʟʧʝʢʫ. ʇʦʜʘʣʴʰʽ ʜʦʩʣʽʜʞʝʥʥʷ ʫ ʮʽʡ ʩʬʝʨʽ ʩʧʨʷʤʦʚʘʥʽ ʥʘ ʨʦʟʨʦʙʢʫ 

ʙʽʣʴʰ ʩʪʽʡʢʠʭ ʪʘ ʽʥʪʝʨʧʨʝʪʦʚʘʥʠʭ ʤʦʜʝʣʝʡ, ʟʜʘʪʥʠʭ ʧʨʘʮʶʚʘʪʠ ʚ ʫʤʦʚʘʭ ʦʙʤʝʞʝʥʠʭ ʜʘʥʠʭ ʪʘ 

ʤʘʩʰʪʘʙʦʚʘʥʠʭ ʩʪʨʫʢʪʫʨ Smart Grid, ʱʦ ʚʽʜʢʨʠʚʘʻ ʧʝʨʩʧʝʢʪʠʚʠ ʜʣʷ ʧʦʙʫʜʦʚʠ ʧʦʚʥʽʩʪʶ 

ʘʚʪʦʥʦʤʥʠʭ ʝʥʝʨʛʝʪʠʯʥʠʭ ʩʠʩʪʝʤ ʤʘʡʙʫʪʥʴʦʛʦ. 
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ʋʢʨʘʾʥʘ).  

 

ʆɹˆʈʋʅʊʋɺɸʅʅʗ ʄʆɾʃʀɺʆʉʊɯ ɿɸʉʊʆʉʋɺɸʅʅʗ ʅɽʇʆɿʀʎɯʁʅʆɰ ʉʀʉʊɽʄʀ 

ʏʀʉʃɽʅʅʗ ɿɸʃʀʐʂʆɺʀʍ ʂʃɸʉɯɺ ʋ ʐʊʋʏʅʀʍ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾɸʍ ɿ 

ʄɽʊʆʖ ʇɯɼɺʀʑɽʅʅʗ ʐɺʀɼʂʆʉʊɯ ʆɹʈʆɹʂʀ ɼɸʅʀʍ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʢʦʤʧʣʝʢʩʥʝ ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʤʦʞʣʠʚʦʩʪʽ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʥʝʧʦʟʠʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʯʠʩʣʝʥʥʷ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ (ʉɿʂ) ʫ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ 

ʰʚʠʜʢʦʜʽʾ ʪʘ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʧʨʦʮʝʩʽʚ. ʈʦʟʢʨʠʪʦ ʢʣʶʯʦʚʽ ʦʩʦʙʣʠʚʦʩʪʽ ʉɿʂ, ʱʦ 

ʧʦʣʷʛʘʶʪʴ ʫ ʧʦʜʘʥʥʽ ʯʠʩʝʣ ʥʝʟʘʣʝʞʥʠʤʠ ʟʘʣʠʰʢʘʤʠ ʟʘ ʚʟʘʻʤʥʦ ʧʨʦʩʪʠʤʠ ʤʦʜʫʣʷʤʠ, ʱʦ ʜʘʻ ʟʤʦʛʫ 

ʨʝʘʣʽʟʫʚʘʪʠ ʧʦʚʥʠʡ ʧʘʨʘʣʝʣʽʟʤ ʚʠʢʦʥʘʥʥʷ ʘʨʠʬʤʝʪʠʯʥʠʭ ʦʧʝʨʘʮʽʡ ʪʘ ʫʩʫʥʫʪʠ ʧʦʪʨʝʙʫ ʚ ʦʧʝʨʘʮʽʷʭ 

ʧʝʨʝʥʝʩʝʥʥʷ, ʭʘʨʘʢʪʝʨʥʠʭ ʜʣʷ ʧʦʟʠʮʽʡʥʠʭ ʩʠʩʪʝʤ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʚʧʣʠʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʉɿʂ ʥʘ 

ʦʧʪʠʤʽʟʘʮʽʶ ʦʧʝʨʘʮʽʡ ʤʥʦʞʝʥʥʷ, ʧʽʜʩʫʤʦʚʫʚʘʥʥʷ ʪʘ ʦʙʯʠʩʣʝʥʥʷ ʘʢʪʠʚʘʮʽʡ ʫ ʐʅʄ, ʱʦ ʻ ʢʨʠʪʠʯʥʠʤʠ 

ʜʣʷ ʛʣʠʙʠʥʥʠʭ ʤʦʜʝʣʝʡ. ʇʦʢʘʟʘʥʦ, ʱʦ ʪʘʢʘ ʬʦʨʤʘ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʯʠʩʝʣ ʧʽʜʚʠʱʫʻ ʟʘʚʘʜʦʩʪʽʡʢʽʩʪʴ ʽ 

ʜʦʟʚʦʣʷʻ ʣʦʢʘʣʽʟʫʚʘʪʠ ʧʦʭʠʙʢʠ ʚ ʤʝʞʘʭ ʦʢʨʝʤʦʛʦ ʤʦʜʫʣʴʥʦʛʦ ʢʘʥʘʣʫ, ʟʤʝʥʰʫʶʯʠ ʨʠʟʠʢ ʩʠʩʪʝʤʥʠʭ 

ʟʙʦʾʚ. ʈʦʟʛʣʷʥʫʪʦ ʧʝʨʩʧʝʢʪʠʚʠ ʩʪʚʦʨʝʥʥʷ ʘʧʘʨʘʪʥʠʭ ʧʨʠʩʢʦʨʶʚʘʯʽʚ ʥʘ ʦʩʥʦʚʽ ʉɿʂ, ʦʨʽʻʥʪʦʚʘʥʠʭ ʥʘ 

ʨʦʙʦʪʫ ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ, ʘ ʪʘʢʦʞ ʤʦʞʣʠʚʦʩʪʽ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʘʨʭʽʪʝʢʪʫʨʠ ʙʝʟ ʟʙʽʣʴʰʝʥʥʷ 

ʘʧʘʨʘʪʥʦʾ ʩʢʣʘʜʥʦʩʪʽ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʜʦʮʽʣʴʥʽʩʪʴ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʠʩʪʝʤʠ 

ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʷʢ ʝʬʝʢʪʠʚʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ ʥʘʜʽʡʥʦʩʪʽ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʩʠʩʪʝʤ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʩʠʩʪʝʤʘ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ, ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʧʘʨʘʣʝʣʴʥʽ ʦʙʯʠʩʣʝʥʥʷ, 

ʘʧʘʨʘʪʥʽ ʧʨʠʩʢʦʨʶʚʘʯʽ, ʟʘʚʘʜʦʩʪʽʡʢʽʩʪʴ. 

Abstract. The paper provides a comprehensive justification for the feasibility of applying the non-

positional residue number system (RNS) in artificial neural networks to improve computational speed and 

energy efficiency. The study highlights the core advantages of RNS, where numbers are represented as 

independent residues modulo pairwise coprime bases, enabling full parallelism of arithmetic operations and 

eliminating carry propagation typical of positional systems. The impact of RNS on optimizing multiplication, 

summation, and activation computation in neural networks is examined, emphasizing its relevance for deep 

learning models with intensive arithmetic workloads. It is shown that the modular structure inherently 

increases fault tolerance by localizing errors within individual channels, thereby reducing the likelihood of 

system-wide failures. The research outlines the prospects for developing hardware accelerators based on RNS 

suitable for real-time environments, as well as the potential for scalable architectures without significant 

hardware overhead. The findings confirm that the application of residue number systems is a promising 

direction for enhancing the performance and reliability of modern intelligent computing architectures. 

Keywords: residue number system, artificial neural networks, parallel computation, hardware 

acceleration, fault tolerance. 

 

ʇʦʩʪʽʡʥʝ ʟʨʦʩʪʘʥʥʷ ʩʢʣʘʜʥʦʩʪʽ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʪʘ ʟʙʽʣʴʰʝʥʥʷ ʦʙʩʷʛʽʚ 

ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʘʢʪʫʘʣʽʟʫʻ ʧʨʦʙʣʝʤʫ ʧʽʜʚʠʱʝʥʥʷ ʰʚʠʜʢʦʩʪʽ ʾʭ ʨʦʙʦʪʠ, ʦʩʦʙʣʠʚʦ ʫ ʟʘʜʘʯʘʭ 

ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ʊʨʘʜʠʮʽʡʥʽ ʦʙʯʠʩʣʝʥʥʷ, ʱʦ ʚʠʢʦʥʫʶʪʴʩʷ ʫ ʟʚʠʯʥʠʭ ʧʦʟʠʮʽʡʥʠʭ ʩʠʩʪʝʤʘʭ 

ʯʠʩʣʝʥʥʷ, ʧʦʢʣʘʜʘʶʪʴʩʷ ʥʘ ʧʦʩʣʽʜʦʚʥʫ ʦʙʨʦʙʢʫ ʨʦʟʨʷʜʽʚ ʽ ʦʧʝʨʘʮʽʾ ʧʝʨʝʥʦʩʫ, ʷʢʽ ʧʨʠʨʦʜʥʦ 

ʦʙʤʝʞʫʶʪʴ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʘʧʘʨʘʪʫʨʥʦ-ʧʨʦʛʨʘʤʥʠʭ ʟʘʩʦʙʽʚ. ʋ ʚʽʜʧʦʚʽʜʴ ʥʘ ʮʝ ʚʩʝ ʙʽʣʴʰʦʾ 

ʫʚʘʛʠ ʥʘʙʫʚʘʶʪʴ ʘʣʴʪʝʨʥʘʪʠʚʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʯʠʩʝʣ, ʟʦʢʨʝʤʘ ʥʝʧʦʟʠʮʽʡʥʘ ʩʠʩʪʝʤʘ ʯʠʩʣʝʥʥʷ 

ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ, ʷʢʘ ʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʨʝʬʦʨʤʫʚʘʪʠ ʩʪʨʫʢʪʫʨʫ ʦʙʯʠʩʣʝʥʴ ʫ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞʘʭ. ɰʾ ʛʦʣʦʚʥʦʶ ʭʘʨʘʢʪʝʨʠʩʪʠʢʦʶ ʻ ʪʝ, ʱʦ ʯʠʩʣʦ ʧʦʜʘʻʪʴʩʷ ʥʝ ʫ ʚʠʛʣʷʜʽ ʻʜʠʥʦʛʦ 

ʙʽʥʘʨʥʦʛʦ ʟʥʘʯʝʥʥʷ, ʘ ʯʝʨʝʟ ʥʘʙʽʨ ʥʝʟʘʣʝʞʥʠʭ ʟʘʣʠʰʢʽʚ ʟʘ ʨʽʟʥʠʤʠ ʤʦʜʫʣʷʤʠ. ɿʘʚʜʷʢʠ ʮʴʦʤʫ 

ʙʫʜʴ-ʷʢʽ ʘʨʠʬʤʝʪʠʯʥʽ ʦʧʝʨʘʮʽʾ ʤʦʞʫʪʴ ʚʠʢʦʥʫʚʘʪʠʩʴ ʧʘʨʘʣʝʣʴʥʦ, ʘʜʞʝ ʢʦʞʝʥ ʤʦʜʫʣʴ 



 

 

90 

 

ʬʫʥʢʮʽʦʥʫʻ ʷʢ ʦʢʨʝʤʠʡ ʥʝʟʘʣʝʞʥʠʡ ʦʙʯʠʩʣʶʚʘʣʴʥʠʡ ʢʘʥʘʣ. ʎʝ ʦʟʥʘʯʘʻ, ʱʦ ʪʘʢʽ ʦʧʝʨʘʮʽʾ, ʷʢ 

ʧʽʜʩʫʤʦʚʫʚʘʥʥʷ ʚʘʛ, ʤʥʦʞʝʥʥʷ ʩʠʛʥʘʣʽʚ ʘʙʦ ʦʙʯʠʩʣʝʥʥʷ ʘʢʪʠʚʘʮʽʡ, ʤʦʞʫʪʴ ʙʫʪʠ ʨʦʟʙʠʪʽ ʥʘ 

ʢʽʣʴʢʘ ʧʦʪʦʢʽʚ ʽ ʚʠʢʦʥʘʥʽ ʦʜʥʦʯʘʩʥʦ, ʱʦ ʩʫʪʪʻʚʦ ʧʽʜʚʠʱʫʻ ʟʘʛʘʣʴʥʫ ʰʚʠʜʢʦʜʽʶ. ʊʘʢʠʡ ʧʽʜʭʽʜ 

ʦʩʦʙʣʠʚʦ ʧʝʨʩʧʝʢʪʠʚʥʠʡ ʜʣʷ ʘʧʘʨʘʪʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʦʩʢʽʣʴʢʠ ʚʽʥ ʜʦʟʚʦʣʷʻ 

ʩʪʚʦʨʠʪʠ ʥʘʙʦʨʠ ʥʝʚʝʣʠʢʠʭ ʽ ʧʨʦʩʪʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʙʣʦʢʽʚ ʟʘʤʽʩʪʴ ʦʜʥʦʛʦ ʩʢʣʘʜʥʦʛʦ 

ʧʨʦʮʝʩʦʨʘ, ʱʦ ʧʨʘʮʶʻ ʧʦʩʣʽʜʦʚʥʦ. ʎʝ ʚʽʜʢʨʠʚʘʻ ʤʦʞʣʠʚʽʩʪʴ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʩʠʩʪʝʤʠ ʙʝʟ 

ʩʫʪʪʻʚʦʛʦ ʫʩʢʣʘʜʥʝʥʥʷ ʘʨʭʽʪʝʢʪʫʨʠ, ʘ ʪʘʢʦʞ ʟʘʙʝʟʧʝʯʫʻ ʧʦʤʽʪʥʝ ʟʥʠʞʝʥʥʷ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ, 

ʱʦ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʜʣʷ ʤʦʙʽʣʴʥʠʭ ʧʨʠʩʪʨʦʾʚ, ʚʙʫʜʦʚʘʥʠʭ ʩʠʩʪʝʤ ʽ ʤʝʨʝʞʝʚʠʭ ʚʫʟʣʽʚ 

ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ. 

ʑʝ ʦʜʥʽʻʶ ʚʘʞʣʠʚʦʶ ʧʝʨʝʚʘʛʦʶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʫ ʐʅʄ ʻ ʟʤʝʥʰʝʥʥʷ 

ʨʠʟʠʢʫ ʧʝʨʝʧʦʚʥʝʥʥʷ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʟʘʚʘʜʦʩʪʽʡʢʦʩʪʽ. ʆʩʢʽʣʴʢʠ ʢʦʞʝʥ ʤʦʜʫʣʴ ʧʨʘʮʶʻ ʚ 

ʦʢʨʝʤʦʤʫ ʢʘʥʘʣʽ, ʧʦʭʠʙʢʠ ʯʠ ʰʫʤ ʥʝ ʧʦʰʠʨʶʶʪʴʩʷ ʥʘ ʚʩʶ ʩʠʩʪʝʤʫ, ʘ ʟʘʣʠʰʘʶʪʴʩʷ 

ʣʦʢʘʣʽʟʦʚʘʥʠʤʠ ʚ ʤʝʞʘʭ ʦʜʥʦʛʦ ʢʘʥʘʣʫ. ʎʝ ʨʦʙʠʪʴ ʤʦʜʝʣʴ ʤʝʥʰ ʯʫʪʣʠʚʦʶ ʜʦ ʘʧʘʨʘʪʥʠʭ ʟʙʦʾʚ, 

ʱʦ ʤʘʻ ʟʥʘʯʝʥʥʷ ʫ ʧʨʦʤʠʩʣʦʚʠʭ ʽ ʙʝʟʧʝʢʦʚʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ. ʂʨʽʤ ʪʦʛʦ, ʫ ʤʝʞʘʭ ʟʘʣʠʰʢʦʚʠʭ 

ʧʨʝʜʩʪʘʚʣʝʥʴ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʥʘʜʣʠʰʢʦʚʽ ʤʦʜʫʣʽ ʜʣʷ ʢʦʥʪʨʦʣʶ ʧʨʘʚʠʣʴʥʦʩʪʽ 

ʦʙʯʠʩʣʝʥʴ, ʱʦ ʧʽʜʚʠʱʫʻ ʟʘʛʘʣʴʥʫ ʥʘʜʽʡʥʽʩʪʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ. ɿʘʩʪʦʩʫʚʘʥʥʷ ʪʘʢʦʾ ʩʠʩʪʝʤʠ 

ʪʘʢʦʞ ʜʦʟʚʦʣʷʻ ʧʨʘʮʶʚʘʪʠ ʟ ʚʠʩʦʢʦʪʦʯʥʠʤʠ ʦʙʯʠʩʣʝʥʥʷʤʠ ʙʝʟ ʟʥʘʯʥʠʭ ʘʧʘʨʘʪʥʠʭ ʚʠʪʨʘʪ, ʱʦ 

ʻ ʢʦʨʠʩʥʠʤ ʜʣʷ ʛʣʠʙʦʢʠʭ ʤʦʜʝʣʝʡ, ʷʢʠʤ ʥʝʦʙʭʽʜʥʘ ʩʪʘʙʽʣʴʥʽʩʪʴ ʧʨʠ ʚʝʣʠʢʽʡ ʢʽʣʴʢʦʩʪʽ 

ʧʘʨʘʤʝʪʨʽʚ. 

ɺʀʉʅʆɺʂʀ. ʊʘʢʠʤ ʯʠʥʦʤ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʝʧʦʟʠʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʯʠʩʣʝʥʥʷ ʟʘʣʠʰʢʦʚʠʭ 

ʢʣʘʩʽʚ ʫ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ ʻ ʦʙˇʨʫʥʪʦʚʘʥʠʤ ʟ ʧʦʟʠʮʽʡ ʟʙʽʣʴʰʝʥʥʷ ʰʚʠʜʢʦʜʽʾ, 

ʟʤʝʥʰʝʥʥʷ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ, ʧʽʜʚʠʱʝʥʥʷ ʟʘʚʘʜʦʩʪʽʡʢʦʩʪʽ ʪʘ ʨʦʟʰʠʨʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ 

ʘʧʘʨʘʪʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ. ʇʦʻʜʥʘʥʥʷ ʧʘʨʘʣʝʣʴʥʦʾ ʧʨʠʨʦʜʠ ʮʽʻʾ ʩʠʩʪʝʤʠ ʟ ʧʨʠʪʘʤʘʥʥʦʶ 

ʥʝʡʨʦʥʥʠʤ ʤʝʨʝʞʘʤ ʚʠʩʦʢʦʶ ʽʥʪʝʥʩʠʚʥʽʩʪʶ ʦʜʥʦʪʠʧʥʠʭ ʦʧʝʨʘʮʽʡ ʨʦʙʠʪʴ ʪʘʢʠʡ ʧʽʜʭʽʜ 

ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʦʤ ʨʦʟʚʠʪʢʫ ʥʦʚʠʭ ʘʨʭʽʪʝʢʪʫʨ ʘʧʘʨʘʪʥʠʭ ʧʨʠʩʢʦʨʶʚʘʯʽʚ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʩʪʚʦʨʶʚʘʪʠ ʰʚʠʜʰʽ, ʥʘʜʽʡʥʽʰʽ ʪʘ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʰʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ, ʱʦ ʻ ʚʘʞʣʠʚʠʤ 

ʫ ʩʫʯʘʩʥʠʭ ʟʘʜʘʯʘʭ ʨʦʙʦʪʦʪʝʭʥʽʢʠ, ʘʚʪʦʥʦʤʥʦʛʦ ʪʨʘʥʩʧʦʨʪʫ, ʪʝʣʝʢʦʤʫʥʽʢʘʮʽʡ ʪʘ ʽʥʰʠʭ 

ʛʘʣʫʟʝʡ, ʜʝ ʚʠʩʦʢʘ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʽ ʪʦʯʥʽʩʪʴ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʤʘʶʪʴ ʚʠʨʽʰʘʣʴʥʝ ʟʥʘʯʝʥʥʷ. 
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ʂʦʚʘʣʴʯʫʢ ɼ. ʄ. (ʍʘʨʢʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɺ. ʅ. ʂʘʨʘʟʽʥʘ, ʍʘʨʢʽʚ, 

ʋʢʨʘʾʥʘ).  

 

ʇɯɼɺʀʑɽʅʅʗ ʅɸɼɯʁʅʆʉʊɯ ʊɸ ɼʆʉʊʆɺɯʈʅʆʉʊɯ ʆɹʈʆɹʂʀ ɼɸʅʀʍ ʋ 

ʐʊʋʏʅʀʍ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾɸʍ ɯɿ ɺʀʂʆʈʀʉʊɸʅʅʗʄ ʉʀʉʊɽʄʀ 

ɿɸʃʀʐʂʆɺʀʍ ʂʃɸʉɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʢʦʤʧʣʝʢʩʥʠʡ ʧʽʜʭʽʜ ʜʦ ʧʽʜʚʠʱʝʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʪʘ 

ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʫ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ (ʐʅʄ) ʰʣʷʭʦʤ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʥʝʧʦʟʠʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʯʠʩʣʝʥʥʷ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ (ʉɿʂ). ʇʦʢʘʟʘʥʦ, ʱʦ ʤʦʜʫʣʴʥʝ ʧʦʜʘʥʥʷ ʯʠʩʝʣ 

ʟʘʙʝʟʧʝʯʫʻ ʚʠʢʦʥʘʥʥʷ ʦʙʯʠʩʣʝʥʴ ʫ ʚʠʛʣʷʜʽ ʥʝʟʘʣʝʞʥʠʭ ʧʘʨʘʣʝʣʴʥʠʭ ʧʦʪʦʢʽʚ, ʱʦ ʩʧʨʠʷʻ ʣʦʢʘʣʽʟʘʮʽʾ 

ʧʦʤʠʣʦʢ ʪʘ ʟʥʠʞʝʥʥʶ ʚʧʣʠʚʫ ʘʧʘʨʘʪʥʠʭ ʟʙʦʾʚ. ʆʭʘʨʘʢʪʝʨʠʟʦʚʘʥʦ ʢʣʶʯʦʚʽ ʧʝʨʝʚʘʛʠ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʉɿʂ, ʩʝʨʝʜ ʷʢʠʭ ʧʽʜʚʠʱʝʥʥʷ ʩʪʘʙʽʣʴʥʦʩʪʽ ʯʠʩʣʦʚʠʭ ʦʧʝʨʘʮʽʡ, ʧʦʢʨʘʱʝʥʥʷ ʤʝʭʘʥʽʟʤʽʚ ʢʦʥʪʨʦʣʶ 

ʧʦʤʠʣʦʢ, ʟʤʝʥʰʝʥʥʷ ʥʘʢʦʧʠʯʝʥʥʷ ʧʦʭʠʙʦʢ ʪʘ ʤʦʞʣʠʚʽʩʪʴ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʶʚʘʥʥʷ. 

ʈʦʟʢʨʠʪʦ ʧʝʨʩʧʝʢʪʠʚʠ ʩʪʚʦʨʝʥʥʷ ʘʧʘʨʘʪʥʦ ʦʧʪʠʤʽʟʦʚʘʥʠʭ ʧʨʠʩʢʦʨʶʚʘʯʽʚ ʜʣʷ ʦʙʯʠʩʣʝʥʴ ʫ ʐʅʄ, ʱʦ 

ʙʘʟʫʶʪʴʩʷ ʥʘ ʤʦʜʫʣʴʥʽʡ ʧʨʠʨʦʜʽ ʉɿʂ ʪʘ ʥʝ ʧʦʪʨʝʙʫʶʪʴ ʦʧʝʨʘʮʽʡ ʧʝʨʝʥʝʩʝʥʥʷ. ʇʦʢʘʟʘʥʦ, ʱʦ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʉɿʂ ʟʘʙʝʟʧʝʯʫʻ ʧʽʜʚʠʱʝʥʥʷ ʩʪʽʡʢʦʩʪʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʦ ʟʘʚʘʜ, ʦʧʪʠʤʽʟʫʻ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʝʩʫʨʩʽʚ ʽ ʨʦʟʰʠʨʶʻ ʤʦʞʣʠʚʦʩʪʽ ʨʝʘʣʽʟʘʮʽʾ ʩʠʩʪʝʤ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ɿʨʦʙʣʝʥʦ ʚʠʩʥʦʚʦʢ, 

ʱʦ ʩʠʩʪʝʤʘ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʻ ʝʬʝʢʪʠʚʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʫʜʦʩʢʦʥʘʣʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʦʨʽʻʥʪʦʚʘʥʠʭ ʥʘ ʚʠʩʦʢʫ ʰʚʠʜʢʦʜʽʶ, ʪʦʯʥʽʩʪʴ ʽ ʥʘʜʽʡʥʽʩʪʴ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʩʠʩʪʝʤʘ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ, ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʥʘʜʽʡʥʽʩʪʴ, 

ʜʦʩʪʦʚʽʨʥʽʩʪʴ ʜʘʥʠʭ, ʤʦʜʫʣʴʥʽ ʦʙʯʠʩʣʝʥʥʷ, ʘʧʘʨʘʪʥʽ ʧʨʠʩʢʦʨʶʚʘʯʽ. 

Abstract. This paper presents a comprehensive approach to improving the reliability and accuracy of 

data processing in artificial neural networks (ANNs) through the application of the non-positional residue 

number system (RNS). It is shown that modular representation of numbers enables computations to be 

organized as independent parallel streams, which contributes to effective error localization and reduction of 

the impact of hardware faults. The key advantages of RNS are characterized, including improved numerical 

stability, enhanced error-control mechanisms, reduced accumulation of rounding errors, and increased 

precision in deep neural models. The study outlines the prospects for creating hardware-optimized 

accelerators based on RNS that exploit its intrinsic parallelism and eliminate the need for carry operations. It 

is demonstrated that the use of RNS increases robustness of neural networks against noise, optimizes resource 

utilization, and enables efficient implementation of real-time intelligent systems. The results confirm that the 

residue number system is a powerful tool for enhancing intelligent computing architectures aimed at high 

performance, accuracy, and operational reliability. 

Keywords: residue number system, artificial neural networks, reliability, data integrity, modular 

computations, hardware accelerators. 

 

ʉʫʯʘʩʥʽ ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʚ ʰʠʨʦʢʦʤʫ ʩʧʝʢʪʨʽ ʟʘʜʘʯ, ʚʢʣʶʯʘʶʯʠ 

ʦʙʨʦʙʢʫ ʟʦʙʨʘʞʝʥʴ, ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʤʦʚʣʝʥʥʷ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ ʪʘ ʩʠʩʪʝʤʠ 

ʘʚʪʦʥʦʤʥʦʛʦ ʫʧʨʘʚʣʽʥʥʷ. ɺʠʩʦʢʠʡ ʨʽʚʝʥʴ ʩʢʣʘʜʥʦʩʪʽ ʦʙʯʠʩʣʝʥʴ ʪʘ ʦʙʩʷʛ ʦʙʨʦʙʣʶʚʘʥʠʭ ʜʘʥʠʭ 

ʩʪʚʦʨʶʶʪʴ ʩʝʨʡʦʟʥʽ ʚʠʢʣʠʢʠ ʱʦʜʦ ʥʘʜʽʡʥʦʩʪʽ ʪʘ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʨʝʟʫʣʴʪʘʪʽʚ. ɹʫʜʴ-ʷʢʽ ʘʧʘʨʘʪʥʽ 

ʟʙʦʾ, ʧʦʤʠʣʢʠ ʦʢʨʫʛʣʝʥʥʷ ʘʙʦ ʚʪʨʘʪʠ ʜʘʥʠʭ ʤʦʞʫʪʴ ʧʨʠʟʚʝʩʪʠ ʜʦ ʢʨʠʪʠʯʥʠʭ ʧʦʭʠʙʦʢ, ʱʦ 

ʦʩʦʙʣʠʚʦ ʥʝʙʝʟʧʝʯʥʦ ʫ ʩʠʩʪʝʤʘʭ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʠʭ ʛʘʣʫʟʷʭ, ʪʘʢʠʭ ʷʢ 

ʨʦʙʦʪʦʪʝʭʥʽʢʘ, ʤʝʜʠʮʠʥʘ ʪʘ ʬʽʥʘʥʩʦʚʽ ʪʝʭʥʦʣʦʛʽʾ. ʆʜʥʠʤ ʽʟ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʧʽʜʭʦʜʽʚ ʜʦ 

ʧʽʜʚʠʱʝʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʦʙʯʠʩʣʝʥʴ ʫ ʐʅʄ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʝʧʦʟʠʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʯʠʩʣʝʥʥʷ 

ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ ʝʬʝʢʪʠʚʥʠʡ ʤʝʭʘʥʽʟʤ ʚʠʷʚʣʝʥʥʷ ʪʘ ʣʦʢʘʣʽʟʘʮʽʾ ʧʦʤʠʣʦʢ ʽ 

ʜʦʟʚʦʣʷʻ ʦʨʛʘʥʽʟʫʚʘʪʠ ʦʙʯʠʩʣʝʥʥʷ ʫ ʚʠʛʣʷʜʽ ʥʝʟʘʣʝʞʥʠʭ ʧʘʨʘʣʝʣʴʥʠʭ ʧʦʪʦʢʽʚ. 

ʉʠʩʪʝʤʘ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʧʨʝʜʩʪʘʚʣʝʥʥʽ ʯʠʩʝʣ ʯʝʨʝʟ ʥʘʙʦʨʠ ʟʘʣʠʰʢʽʚ 

ʧʦ ʚʟʘʻʤʥʦ ʧʨʦʩʪʠʭ ʤʦʜʫʣʷʭ, ʱʦ ʨʦʙʠʪʴ ʢʦʞʝʥ ʤʦʜʫʣʴʥʠʡ ʢʘʥʘʣ ʥʝʟʘʣʝʞʥʠʤ ʚʽʜ ʽʥʰʠʭ. ʋ 

ʢʦʥʪʝʢʩʪʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʮʝ ʦʟʥʘʯʘʻ, ʱʦ ʦʙʯʠʩʣʝʥʥʷ ʚʘʛʦʚʠʭ ʩʫʤ, ʤʥʦʞʝʥʥʷ ʚʭʽʜʥʠʭ 

ʩʠʛʥʘʣʽʚ ʥʘ ʚʘʛʠ ʪʘ ʦʙʯʠʩʣʝʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʤʦʞʫʪʴ ʚʠʢʦʥʫʚʘʪʠʩʷ ʦʜʥʦʯʘʩʥʦ ʚ ʨʽʟʥʠʭ 

ʤʦʜʫʣʷʭ ʙʝʟ ʚʟʘʻʤʥʦʛʦ ʚʧʣʠʚʫ. ʊʘʢʘ ʚʣʘʩʪʠʚʽʩʪʴ ʥʝ ʣʠʰʝ ʧʨʠʩʢʦʨʶʻ ʦʙʨʦʙʢʫ ʜʘʥʠʭ, ʘʣʝ ʡ 



 

 

92 

 

ʜʦʟʚʦʣʷʻ ʣʦʢʘʣʽʟʫʚʘʪʠ ʧʦʤʠʣʢʠ, ʷʢʽ ʤʦʞʫʪʴ ʚʠʥʠʢʘʪʠ ʫ ʧʨʦʮʝʩʽ ʦʙʯʠʩʣʝʥʴ. ʗʢʱʦ ʫ ʧʝʚʥʦʤʫ 

ʤʦʜʫʣʴʥʦʤʫ ʢʘʥʘʣʽ ʚʠʥʠʢʘʻ ʟʙʽʡ, ʽʥʰʽ ʢʘʥʘʣʠ ʟʘʣʠʰʘʶʪʴʩʷ ʧʨʘʮʝʟʜʘʪʥʠʤʠ, ʱʦ ʟʥʠʞʫʻ 

ʡʤʦʚʽʨʥʽʩʪʴ ʧʦʚʥʦʾ ʜʝʛʨʘʜʘʮʽʾ ʨʝʟʫʣʴʪʘʪʫ. ʂʨʽʤ ʪʦʛʦ, ʥʘʜʣʠʰʢʦʚʽ ʤʦʜʫʣʽ ʤʦʞʥʘ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʧʨʘʚʠʣʴʥʦʩʪʽ ʦʙʯʠʩʣʝʥʴ, ʱʦ ʜʦʟʚʦʣʷʻ ʨʝʘʣʽʟʫʚʘʪʠ ʤʝʭʘʥʽʟʤʠ 

ʢʦʥʪʨʦʣʶ ʧʦʤʠʣʦʢ ʙʝʟ ʟʥʘʯʥʦʛʦ ʟʙʽʣʴʰʝʥʥʷ ʘʧʘʨʘʪʥʠʭ ʨʝʩʫʨʩʽʚ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʩʠʩʪʝʤʠ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʪʘʢʦʞ ʧʽʜʚʠʱʫʻ ʜʦʩʪʦʚʽʨʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ 

ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʫ ʛʣʠʙʦʢʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ. ɿʘʚʜʷʢʠ ʚʠʩʦʢʽʡ ʪʦʯʥʦʩʪʽ ʤʦʜʫʣʴʥʠʭ 

ʦʙʯʠʩʣʝʥʴ ʟʤʝʥʰʫʻʪʴʩʷ ʚʧʣʠʚ ʢʫʤʫʣʷʪʠʚʥʠʭ ʧʦʭʠʙʦʢ, ʱʦ ʟʘʟʚʠʯʘʡ ʥʘʢʦʧʠʯʫʶʪʴʩʷ ʫ 

ʟʚʠʯʘʡʥʠʭ ʧʦʟʠʮʽʡʥʠʭ ʩʠʩʪʝʤʘʭ ʯʠʩʣʝʥʥʷ ʧʨʠ ʙʘʛʘʪʦʨʽʚʥʝʚʠʭ ʦʧʝʨʘʮʽʷʭ. ʎʝ ʦʩʦʙʣʠʚʦ ʚʘʞʣʠʚʦ 

ʜʣʷ ʚʝʣʠʢʠʭ ʤʦʜʝʣʝʡ ʟ ʪʠʩʷʯʘʤʠ ʥʝʡʨʦʥʽʚ ʽ ʤʽʣʴʡʦʥʘʤʠ ʧʘʨʘʤʝʪʨʽʚ, ʜʝ ʥʘʚʽʪʴ ʥʝʚʝʣʠʢʽ ʧʦʭʠʙʢʠ 

ʤʦʞʫʪʴ ʧʨʠʟʚʝʩʪʠ ʜʦ ʟʥʘʯʥʦʛʦ ʚʠʢʨʠʚʣʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ʉʠʩʪʝʤʘ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ 

ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʩʪʘʙʽʣʴʥʽ ʯʠʩʣʦʚʽ ʟʥʘʯʝʥʥʷ, ʱʦ ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ ʥʘʚʯʘʥʥʷ ʪʘ ʨʦʙʦʪʫ 

ʤʦʜʝʣʝʡ ʫ ʨʝʞʠʤʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ɼʦʜʘʪʢʦʚʦʶ ʧʝʨʝʚʘʛʦʶ ʟʘʩʪʦʩʫʚʘʥʥʷ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʻ ʤʦʞʣʠʚʽʩʪʴ ʨʝʘʣʽʟʘʮʽʾ 

ʝʬʝʢʪʠʚʥʠʭ ʘʧʘʨʘʪʥʠʭ ʧʨʠʩʢʦʨʶʚʘʯʽʚ. ʂʦʞʝʥ ʤʦʜʫʣʴʥʠʡ ʢʘʥʘʣ ʤʦʞʝ ʙʫʪʠ ʨʝʘʣʽʟʦʚʘʥʠʡ ʷʢ 

ʦʢʨʝʤʠʡ ʦʙʯʠʩʣʶʚʘʣʴʥʠʡ ʙʣʦʢ ʥʘ FPGA, ASIC ʘʙʦ ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʤʫ ʥʝʡʨʦʤʦʨʬʥʦʤʫ 

ʧʨʦʮʝʩʦʨʽ. ʎʝ ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʶʚʘʪʠ ʤʘʩʰʪʘʙʦʚʘʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʟ ʚʠʩʦʢʦʶ ʧʨʦʧʫʩʢʥʦʶ 

ʟʜʘʪʥʽʩʪʶ ʽ ʦʜʥʦʯʘʩʥʦ ʨʝʘʣʽʟʫʚʘʪʠ ʤʝʭʘʥʽʟʤʠ ʢʦʥʪʨʦʣʶ ʧʦʤʠʣʦʢ ʪʘ ʥʘʜʣʠʰʢʦʚʦʩʪʽ. ʂʨʽʤ ʪʦʛʦ, 

ʪʘʢʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʟʥʠʟʠʪʠ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ, ʦʩʢʽʣʴʢʠ ʤʦʜʫʣʽ ʧʨʘʮʶʶʪʴ ʥʘ ʤʘʣʠʭ 

ʨʦʟʨʷʜʥʦʩʪʷʭ ʽ ʥʝ ʧʦʪʨʝʙʫʶʪʴ ʨʝʩʫʨʩʦʟʘʪʨʘʪʥʠʭ ʦʧʝʨʘʮʽʡ ʧʝʨʝʥʦʩʫ, ʭʘʨʘʢʪʝʨʥʠʭ ʜʣʷ 

ʧʦʟʠʮʽʡʥʠʭ ʩʠʩʪʝʤ ʯʠʩʣʝʥʥʷ. 

ɺʀʉʅʆɺʂʀ. ʊʘʢʠʤ ʯʠʥʦʤ, ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʝʧʦʟʠʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʯʠʩʣʝʥʥʷ ʟʘʣʠʰʢʦʚʠʭ 

ʢʣʘʩʽʚ ʫ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ ʻ ʝʬʝʢʪʠʚʥʠʤ ʟʘʩʦʙʦʤ ʧʽʜʚʠʱʝʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʪʘ 

ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʦʙʨʦʙʢʠ ʜʘʥʠʭ. ʇʘʨʘʣʝʣʴʥʘ ʦʙʨʦʙʢʘ ʚ ʥʝʟʘʣʝʞʥʠʭ ʤʦʜʫʣʴʥʠʭ ʢʘʥʘʣʘʭ, 

ʤʦʞʣʠʚʽʩʪʴ ʣʦʢʘʣʽʟʘʮʽʾ ʪʘ ʢʦʥʪʨʦʣʶ ʧʦʤʠʣʦʢ, ʧʽʜʚʠʱʝʥʘ ʪʦʯʥʽʩʪʴ ʦʙʯʠʩʣʝʥʴ ʽ ʘʧʘʨʘʪʥʘ 

ʦʧʪʠʤʽʟʘʮʽʷ ʨʦʙʣʷʪʴ ʮʝʡ ʧʽʜʭʽʜ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʰʚʠʜʢʠʭ, ʩʪʘʙʽʣʴʥʠʭ ʽ ʥʘʜʽʡʥʠʭ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ ʧʨʘʮʶʚʘʪʠ ʚ ʫʤʦʚʘʭ ʚʠʩʦʢʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʥʘʚʘʥʪʘʞʝʥʴ 

ʪʘ ʚʠʤʦʛ ʜʦ ʙʝʟʧʝʢʠ ʜʘʥʠʭ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʩʠʩʪʝʤʠ ʟʘʣʠʰʢʦʚʠʭ ʢʣʘʩʽʚ ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ 

ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʨʦʟʚʠʪʢʫ ʘʧʘʨʘʪʥʦʛʦ ʽ ʧʨʦʛʨʘʤʥʦʛʦ ʟʘʙʝʟʧʝʯʝʥʥʷ ʐʅʄ, ʩʧʨʠʷʶʯʠ ʩʪʚʦʨʝʥʥʶ 

ʝʬʝʢʪʠʚʥʠʭ ʨʽʰʝʥʴ ʫ ʨʽʟʥʠʭ ʛʘʣʫʟʷʭ ʥʘʫʢʠ, ʧʨʦʤʠʩʣʦʚʦʩʪʽ ʪʘ ʪʝʭʥʦʣʦʛʽʡ. 
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GAIT -BASED EMOTION RECOGNITION WITH PRIVACY PRESERVATION.  

 

Abstract. Gait-based emotion recognition has emerged as a promising research direction due to its 

applicability in healthcare, surveillance, social interaction analysis, and intelligent systems. Unlike traditional 

biometric modalities such as facial expressions or speech, gait enables remote, non-invasive, and privacy-

preserving analysis, maintaining robustness even in low-resolution or unconstrained environments. This study 

introduces the ñWalk-as-you-Feelò (WayF) framework, a novel deep learning methodology designed to 

identify human emotions exclusively from gait patterns while ensuring strict privacy protection by excluding 

all facial cues. To address challenges related to small and imbalanced datasets, a tailored balancing strategy 

is incorporated, combining over-sampling and under-sampling to enhance class distribution for deep learning 

pipelines. Feature extraction is conducted using advanced CNN architectures, specifically EfficientNetV2-L 

and Inception-v3, whose outputs feed sequential classifiers including Gated Recurrent Units (GRUs) and a 

Transformer Encoder. The experimental evaluation is performed using the E-Walk dataset, which contains 

multiple walking styles and emotion annotations. Results demonstrate an average recognition accuracy of 

approximately 77% under balanced conditions, improving to 83.3% when neutral emotions are excluded. 

These findings reveal that gait alone can serve as a reliable and privacy-conscious modality for emotion 

recognition, achieving performance comparable to methods leveraging facial information.  

Keywords: gait analysis; emotion recognition; privacy-preserving biometrics; deep learning; GRU; 

Transformer Encoder; feature extraction. 

ɸʥʦʪʘʮʽʷ. ʈʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʟʘ ʭʦʜʦʶ ʧʨʠʚʝʨʪʘʻ ʜʝʜʘʣʽ ʙʽʣʴʰʝ ʫʚʘʛʠ ʟʘʚʜʷʢʠ ʰʠʨʦʢʠʤ 

ʤʦʞʣʠʚʦʩʪʷʤ ʟʘʩʪʦʩʫʚʘʥʥʷ ʫ ʩʬʝʨʘʭ ʦʭʦʨʦʥʠ ʟʜʦʨʦʚô̫, ʘʥʘʣʽʟʫ ʩʦʮʽʘʣʴʥʠʭ ʚʟʘʻʤʦʜʽʡ, ʩʠʩʪʝʤ 

ʚʽʜʝʦʩʧʦʩʪʝʨʝʞʝʥʥʷ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʝʭʥʦʣʦʛʽʡ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʪʨʘʜʠʮʽʡʥʠʭ ʙʽʦʤʝʪʨʠʯʥʠʭ 

ʧʽʜʭʦʜʽʚ ð ʪʘʢʠʭ ʷʢ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʣʠʯʯʷ ʯʠ ʘʥʘʣʽʟ ʤʦʚʣʝʥʥʷ ð ʭʦʜʘ ʟʘʙʝʟʧʝʯʫʻ ʜʠʩʪʘʥʮʽʡʥʫ, 

ʥʝʚʪʨʫʯʘʣʴʥʫ ʪʘ ʢʦʥʬʽʜʝʥʮʽʡʥʫ ʦʮʽʥʢʫ, ʟʙʝʨʽʛʘʶʯʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʥʘʚʽʪʴ ʫ ʥʝʢʦʥʪʨʦʣʴʦʚʘʥʠʭ ʘʙʦ 

ʥʠʟʴʢʦʨʦʟʜʽʣʴʥʠʭ ʫʤʦʚʘʭ. ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʬʨʝʡʤʚʦʨʢ çWalk-as-you-Feelè (WayF), 

ʽʥʥʦʚʘʮʽʡʥʠʡ ʤʝʪʦʜ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʝʤʦʮʽʡ ʚʠʢʣʶʯʥʦ ʟʘ ʭʦʜʦʶ, ʷʢʠʡ ʟʘʙʝʟʧʝʯʫʻ 

ʟʙʝʨʝʞʝʥʥʷ ʧʨʠʚʘʪʥʦʩʪʽ ʰʣʷʭʦʤ ʧʦʚʥʦʛʦ ʚʠʢʣʶʯʝʥʥʷ ʦʟʥʘʢ ʦʙʣʠʯʯʷ. ɼʣʷ ʧʦʜʦʣʘʥʥʷ ʧʨʦʙʣʝʤʠ ʤʘʣʠʭ 

ʪʘ ʥʝʟʙʘʣʘʥʩʦʚʘʥʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʟʘʩʪʦʩʦʚʘʥʦ ʩʧʝʮʽʘʣʴʥʫ ʩʪʨʘʪʝʛʽʶ ʙʘʣʘʥʩʫʚʘʥʥʷ, ʱʦ ʧʦʻʜʥʫʻ ʥʘʜ- 

ʪʘ ʥʝʜʦʚʠʙʽʨʢʫ ʽ ʧʦʢʨʘʱʫʻ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ. ɺʠʜʽʣʝʥʥʷ ʦʟʥʘʢ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʩʫʯʘʩʥʠʭ 

CNN-ʘʨʭʽʪʝʢʪʫʨ EfficientNetV2-L ʪʘ Inception-v3, ʚʠʭʽʜʥʽ ʚʝʢʪʦʨʠ ʷʢʠʭ ʧʝʨʝʜʘʶʪʴʩʷ ʜʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ GRU ʪʘ Transformer Encoder. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘ ʦʮʽʥʢʘ ʧʨʦʚʦʜʠʣʘʩʴ ʥʘ ʥʘʙʦʨʽ E-Walk, 

ʱʦ ʤʽʩʪʠʪʴ ʨʽʟʥʽ ʩʪʠʣʽ ʭʦʜʠ ʪʘ ʝʢʩʧʝʨʪʥʽ ʦʮʽʥʢʠ ʝʤʦʮʽʡ. ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʘʣʠ ʩʝʨʝʜʥʶ ʪʦʯʥʽʩʪʴ 

ʙʣʠʟʴʢʦ 77% ʫ ʟʙʘʣʘʥʩʦʚʘʥʠʭ ʫʤʦʚʘʭ ʪʘ ʟʨʦʩʪʘʥʥʷ ʜʦ 83,3% ʧʽʩʣʷ ʚʠʢʣʶʯʝʥʥʷ ʥʝʡʪʨʘʣʴʥʦʛʦ ʢʣʘʩʫ. 

ʆʪʨʠʤʘʥʽ ʜʘʥʽ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʭʦʜʘ ʤʦʞʝ ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʤ ʽ ʧʨʠʚʘʪʥʠʤ ʢʘʥʘʣʦʤ ʜʣʷ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʪʦʯʥʽʩʪʴ, ʩʧʽʚʩʪʘʚʥʫ ʟ ʤʝʪʦʜʘʤʠ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʦʙʣʠʯʯʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʘʥʘʣʽʟ ʭʦʜʠ; ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ; ʢʦʥʬʽʜʝʥʮʽʡʥʽ ʙʽʦʤʝʪʨʠʯʥʽ ʩʠʩʪʝʤʠ; 

ʛʣʠʙʠʥʥʝ ʥʘʚʯʘʥʥʷ; GRU; Transformer Encoder; ʚʠʜʽʣʝʥʥʷ ʦʟʥʘʢ. 
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1. Introduction 

Affective state identification represents a significant investigative challenge, contributing to 

technological advancement in domains of medical care, behavioral examination, interpersonal 

communications, and security. Among various biometric approaches, locomotion patterns stand out 

through their capacity to provide distant non-intrusive examination without requiring user 

cooperation. Locomotion patterns constitute a distinctive characteristic that can signal not merely an 

individual's identity but additionally their psychological-emotional condition. Unlike facial 

identification, which may be constrained or undesirable for confidentiality considerations, 

locomotion pattern examination permits creating systems that simultaneously remain informative and 

protected from a privacy standpoint. Nevertheless, precise determination of affective states from 

locomotion patterns remains a challenging task due to movement variability caused by both individual 

characteristics and contextual elements. Within this framework, the WayF architecture proposes a 

comprehensive solution based on deep neural networks, integrating advanced CNN frameworks and 

sequential models, including GRU and Transformer-Encoder. 

2. Methodology 

The WayF methodology incorporates several stages. During the initial stage, from video 

recordings of the E-Walk dataset, 33 bodily keypoints are identified using MediaPipe Pose, while 

facial data is completely disregarded. Each video is standardized to 240 frames to ensure uniformity. 

To address imbalance between classes, under- and over-sampling strategies are implemented. 

Subsequently, two independent computational pipeline models are developed: 

¶ EfficientNetV2-L + Transformer-Encoder, demonstrating superior 

performance in cases of "neutral" and "sad" categories 

¶ Inception-v3 + GRU, which effectively classifies "happy" and "angry" 

affective states 

The pipelines operate on transformed characteristics obtained from CNN, while sequential 

processing models examine temporal dynamics of locomotion patterns. 

3. Results 

Experiments were conducted on both equilibrated and non-equilibrated samples. Both 

pipelines demonstrate complementary advantages. The optimal WayF precision reaches 

approximately 77% under standard circumstances and 83.3% when excluding the neutral category. 

Outcomes surpass the effectiveness of numerous approaches that utilize facial characteristics, 

underscoring the potential of locomotion patterns as an independent source of information regarding 

affective condition. The system consistently classifies affective states across various scenarios while 

maintaining confidentiality. 

4. Conclusions 

The proposed WayF architecture demonstrates the feasibility of creating affective state 

identification systems that rely exclusively on locomotion patterns and require no facial data 

whatsoever. This opens possibilities for applying such systems in confidentiality-sensitive domains, 

such as medical care or monitoring systems. Prospects for further investigations include utilizing 

synthetic data, modeling regression-based affective assessments, and integrating multi-channel 

biometric signals. 
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DISCOVERING TECHNOLOGICAL OPPORTUNITIES  WITH NEURAL NETWORKS 

AND LITERATURE ANALYSIS.  

 
Abstract. This paper presents a novel methodology for identifying technological opportunities by 

combining structured extraction of emerging practices from academic literature with neural-network-based 

impact prediction. Technological opportunities are conceptualized as potential applications of advanced 

technologies in unexplored industries or business processes. The approach begins with a large-scale manual 

review of 33,285 scientific papers, from which 8,406 relevant publications are selected, yielding 14,739 

technologyïindustryïprocess triads. These triads form the basis for training an artificial neural network 

capable of predicting the market- and organization-level impact of untested combinations. The method is 

applied to eleven advanced technologies, including AI, blockchain, 3D printing, IoT, robotics, high-

performance computing, immersive environments, geo-spatial systems, digital applications, proximity 

technologies and open/crowd-based platforms. The resulting ñopportunity mapsò highlight optimal domains 

for future deployment, distinguishing between high-confidence and low-confidence predictions to support 

strategic prioritization. Sensitivity analysis reveals that process variables exert the strongest influence on 

predicted outcomes, followed by industry and technology. The study demonstrates that academic literature 

can serve as a rich foundation for detecting emerging practices and forecasting innovation trajectories. It also 

outlines limitations associated with manual content extraction and emphasizes the potential of NLP-assisted 

automation for future methodological refinements.  

Keywords: technological opportunities; literature analysis; artificial neural networks; emerging 

practices; opportunity mapping; advanced technologies; innovation forecasting; technologyïindustryï

process triad. 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʥʦʚʫ ʤʝʪʦʜʦʣʦʛʽʶ ʚʠʷʚʣʝʥʥʷ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʤʦʞʣʠʚʦʩʪʝʡ 

ʰʣʷʭʦʤ ʧʦʻʜʥʘʥʥʷ ʩʪʨʫʢʪʫʨʦʚʘʥʦʛʦ ʘʥʘʣʽʟʫ ʥʘʫʢʦʚʦʾ ʣʽʪʝʨʘʪʫʨʠ ʟ ʧʨʦʛʥʦʟʫʚʘʥʥʷʤ ʥʘ ʦʩʥʦʚʽ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ʊʝʭʥʦʣʦʛʽʯʥʽ ʤʦʞʣʠʚʦʩʪʽ ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʷʢ ʧʦʪʝʥʮʽʡʥʽ ʥʘʧʨʷʤʠ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʧʝʨʝʜʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ ʚ ʥʦʚʠʭ ʛʘʣʫʟʷʭ ʘʙʦ ʙʽʟʥʝʩ-ʧʨʦʮʝʩʘʭ, ʷʢʽ ʱʝ ʥʝ ʜʦʩʣʽʜʞʝʥʽ ʥʘ ʧʨʘʢʪʠʮʽ. 

ʄʝʪʦʜʦʣʦʛʽʷ ʧʦʯʠʥʘʻʪʴʩʷ ʟ ʤʘʩʰʪʘʙʥʦʛʦ ʨʫʯʥʦʛʦ ʘʥʘʣʽʟʫ 33 285 ʥʘʫʢʦʚʠʭ ʧʫʙʣʽʢʘʮʽʡ, ʽʟ ʷʢʠʭ 8 406 

ʚʠʟʥʘʥʦ ʨʝʣʝʚʘʥʪʥʠʤʠ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʩʬʦʨʤʫʚʘʪʠ 14 739 ʪʨʽʘʜ çʪʝʭʥʦʣʦʛʽʷ ð ʛʘʣʫʟʴ ð ʧʨʦʮʝʩè. ʅʘ 

ʾʭ ʦʩʥʦʚʽ ʥʘʚʯʘʻʪʴʩʷ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ, ʷʢʘ ʧʨʦʛʥʦʟʫʻ ʦʨʛʘʥʽʟʘʮʽʡʥʠʡ ʪʘ ʨʠʥʢʦʚʠʡ ʝʬʝʢʪ ʜʣʷ ʱʝ ʥʝ 

ʧʨʦʪʝʩʪʦʚʘʥʠʭ ʢʦʤʙʽʥʘʮʽʡ. ʄʝʪʦʜ ʚʠʧʨʦʙʫʚʘʥʦ ʥʘ ʦʜʠʥʘʜʮʷʪʠ ʧʝʨʝʜʦʚʠʭ ʪʝʭʥʦʣʦʛʽʷʭ, ʩʝʨʝʜ ʷʢʠʭ 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʙʣʦʢʯʝʡʥ, 3D-ʜʨʫʢ, ʽʥʪʝʨʥʝʪ ʨʝʯʝʡ, ʨʦʙʦʪʦʪʝʭʥʽʢʘ, ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʽ 

ʦʙʯʠʩʣʝʥʥʷ, ʛʝʦʧʨʦʩʪʦʨʦʚʽ ʪʝʭʥʦʣʦʛʽʾ, ʮʠʬʨʦʚʽ ʟʘʩʪʦʩʫʥʢʠ, ʽʤʤʝʨʩʠʚʥʽ ʩʝʨʝʜʦʚʠʱʘ, ʧʣʘʪʬʦʨʤʠ 

ʚʽʜʢʨʠʪʠʭ ʽʥʥʦʚʘʮʽʡ ʽ ʪʝʭʥʦʣʦʛʽʾ ʙʣʠʟʴʢʦʩʪʽ. ʈʝʟʫʣʴʪʘʪʦʤ ʩʪʘʣʠ çʢʘʨʪʠ ʪʝʭʥʦʣʦʛʽʯʥʠʭ 

ʤʦʞʣʠʚʦʩʪʝʡè, ʱʦ ʽʜʝʥʪʠʬʽʢʫʶʪʴ ʥʘʡʙʽʣʴʰ ʧʝʨʩʧʝʢʪʠʚʥʽ ʥʘʧʨʷʤʠ ʪʘ ʨʦʟʨʽʟʥʷʶʪʴ ʧʨʦʛʥʦʟʠ ʚʠʩʦʢʦʾ 

ʡ ʥʠʟʴʢʦʾ ʚʧʝʚʥʝʥʦʩʪʽ ʜʣʷ ʧʽʜʪʨʠʤʢʠ ʩʪʨʘʪʝʛʽʯʥʦʛʦ ʚʠʙʦʨʫ. ɸʥʘʣʽʟ ʯʫʪʣʠʚʦʩʪʽ ʧʦʢʘʟʘʚ, ʱʦ ʧʨʦʮʝʩʠ 

ʤʘʶʪʴ ʥʘʡʙʽʣʴʰʠʡ ʚʧʣʠʚ ʥʘ ʨʝʟʫʣʴʪʘʪ, ʟʘ ʥʠʤʠ ð ʛʘʣʫʟʴ ʽ ʪʝʭʥʦʣʦʛʽʷ. ɼʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʞʫʻ 

ʮʽʥʥʽʩʪʴ ʥʘʫʢʦʚʦʾ ʣʽʪʝʨʘʪʫʨʠ ʷʢ ʜʞʝʨʝʣʘ ʽʥʩʘʡʪʽʚ ʱʦʜʦ ʟʘʨʦʜʞʫʚʘʥʠʭ ʧʨʘʢʪʠʢ ʪʘ ʽʥʥʦʚʘʮʽʡʥʠʭ 

ʪʨʘʻʢʪʦʨʽʡ. ʆʢʨʝʤʦ ʦʢʨʝʩʣʝʥʦ ʦʙʤʝʞʝʥʥʷ ʨʫʯʥʦʛʦ ʘʥʘʣʽʟʫ ʡ ʧʝʨʩʧʝʢʪʠʚʠ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʟʘ 

ʜʦʧʦʤʦʛʦʶ NLP-ʪʝʭʥʦʣʦʛʽʡ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʪʝʭʥʦʣʦʛʽʯʥʽ ʤʦʞʣʠʚʦʩʪʽ; ʘʥʘʣʽʟ ʣʽʪʝʨʘʪʫʨʠ; ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ; ʟʘʨʦʜʞʫʚʘʥʽ 

ʧʨʘʢʪʠʢʠ; ʢʘʨʪʠ ʤʦʞʣʠʚʦʩʪʝʡ; ʽʥʥʦʚʘʮʽʡʥʠʡ ʧʨʦʛʥʦʟ; ʪʨʽʘʜʘ çʪʝʭʥʦʣʦʛʽʷ ð ʛʘʣʫʟʴ ð ʧʨʦʮʝʩè. 

 

1. Introduction 

Innovation prospects define prospective pathways for transforming sectors, commercial 

spaces, and operational frameworks. Organizations strive to recognize such prospects beforehand to 

secure lasting competitive advantages. Traditionally, this was accomplished through specialist 

evaluations, scenario planning, and intellectual property analytics. Nevertheless, intellectual property 

documents possess several drawbacks, particularly during initial phases of solution advancement, 

when innovations have not yet acquired practical form. Scholarly publications, conversely, frequently 
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document the emergence of novel practices prior to their commercial deployment, rendering them a 

valuable resource for examination. 

2. Conceptual Foundation of Innovation Prospects 

Innovation prospects emerge at the convergence of solutions, sectors, and workflows. They 

may relate to both novel solutions and established ones that still possess capabilities for fresh 

implementations. Within this framework, the following are significant: 

¶ examination of solution convergence 

¶ recognition of "vacant applications" 

¶ prediction of prospective commercial directions 

¶ investigation of developing practices presented in scholarly works 

Through the utilization of artificial intelligence, machine learning, and language processing, 

the capability for large-scale publication examination and construction of frameworks capable of 

anticipating novel solution implementations becomes available. 

3. Investigation Approach 

3.1. Stage 1: Information Gathering and Organization 

33,285 scholarly articles were examined manually, of which 8,406 contained applicable 

examples of solution deployment. Based on this, 14,739 triplets were formulated: 

¶ Solution 

¶ Sector 

¶ Workflow 

¶ Anticipated consequence (commercial / corporate) 

These triplets constitute the foundation for subsequent modeling. 

3.2. Stage 2: Artificial Intelligence Model Development 

An artificial intelligence model with a single intermediate layer (configured in SPSS) learns 

from organized categorical information, determining relationships among solution, sector, workflow, 

and anticipated consequence. The objective is forecasting prospective effects for novel pairings. 

3.3. Stage 3: Innovation Prospect Creation 

The framework assesses unexplored pairings and produces: 

¶ Commercial consequence rating 

¶ Corporate consequence rating 

¶ Certainty benchmark 

Pairings with strong certainty are designated as priority for subsequent investments and 

innovations. 

4. Information and Analytics 

4.1. Information Sources 

The database included publications from journals such as Annals of Operations Research, 

Computers & Operations Research, European Journal of Operational Research, and numerous 

others. The proportion of applicable articles varies significantly across journals. 

4.2. Identified Patterns 

¶ 71.35% of prospective pairings remain "unoccupied" 

¶ Additive manufacturing, artificial intelligence, and automation systems 

demonstrate the largest "unfilled areas" 

¶ Workflows exert the most substantial influence in the framework (normalized 

significance = maximum) 

4.3. Prospect Charts 

For each solution, prospect charts were created showing ideal directions for its 

implementation, considering forecasted effects and certainty levels. 

5. Outcomes 
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¶ The artificial intelligence model effectively predicts strong and weak 

consequences of pairings 

¶ Sectors with the greatest quantity of promising "unexplored areas" are clearly 

distinguished 

¶ Pairings with weak certainty are filtered, helping avoid hazardous investment 

choices 

6. Discussion 

The framework confirms that scholarly publications contain numerous signals regarding 

future innovation trends. However, manual examination is costly and time-consuming. Integration of 

language-processing instruments in subsequent investigations may: 

¶ automatically select applicable publications 

¶ extract triplets and consequences 

¶ dynamically refresh frameworks 

CONCLUSIONS. 

The methodology: 

¶ reveals fresh approaches to strategic solution evaluation 

¶ merges specialist examination and artificial intelligence models 

¶ generates valuable prospect charts 

¶ provides foundation for practical innovation choices 

Subsequent investigations will concentrate on automating publication examination and 

expanding the catalog of investigated solutions. 

 

 

 

 

 

UDC 621.9:632.4:004.021 

 

Majewski P., Mrzygğ·d M., Lampa P., Burduk R., Reiner J. (Wrocğaw University of Science 

and Technology, Wroclaw, Poland).  

 

MONITORING INSECT LARVAE GROWTH WITH REGRESSION CNN AND 

KNOWLEDGE TRANSFER.  

 

Abstract. Insect larvae breedingðparticularly Tenebrio molitor and Hermetia illucensðis gaining 

industrial relevance, creating demand for automated methods capable of monitoring larvae growth and size 

distribution. This study presents an efficient approach based on a regression convolutional neural network 

(RegCNN) supported by knowledge transfer from an improved multistage phenotyping method. Larval width 

is used as the primary measurable parameter, with length and volume estimated indirectly through linear 

regression models. To minimize manual labeling, larvae segmentation is performed using a Mask R-CNN 

model trained on synthetic images generated from 266 isolated larvae. These synthetic data enable robust 

segmentation in dense scenes with overlapping larvae. The RegCNN is trained on pseudo target valuesð

quartiles of larval widthðderived from multistage phenotyping and corrected through size-dependent 

calibration factors. Several architectures are evaluated, including ResNet, EfficientNet and custom lightweight 

models; ResNet18 achieves the best accuracy with RMSE = 0.131 mm (width) and 1.12 mm (length), RĮ = 

0.870, and 0.30 s inference time per breeding box. The method provides significant improvements in accuracy 

and speed compared to traditional phenotyping, enabling real-time monitoring on large industrial larvae 

farms.  
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Keywords: insect larvae; size distribution; regression CNN; knowledge transfer; segmentation; 

phenotyping; synthetic data; real-time monitoring. 

ɸʥʦʪʘʮʽʷ. ʈʦʟʚʝʜʝʥʥʷ ʣʠʯʠʥʦʢ ʢʦʤʘʭ ð ʟʦʢʨʝʤʘ Tenebrio molitor ʪʘ Hermetia illucens ð 

ʰʚʠʜʢʦ ʥʘʙʫʚʘʻ ʧʨʦʤʠʩʣʦʚʦʛʦ ʟʥʘʯʝʥʥʷ, ʱʦ ʩʪʚʦʨʶʻ ʧʦʪʨʝʙʫ ʚ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʤʝʪʦʜʘʭ ʢʦʥʪʨʦʣʶ 

ʨʦʩʪʫ ʪʘ ʨʦʟʧʦʜʽʣʫ ʨʦʟʤʽʨʽʚ ʣʠʯʠʥʦʢ. ʋ ʮʽʡ ʨʦʙʦʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʝʬʝʢʪʠʚʥʠʡ ʧʽʜʭʽʜ, ʟʘʩʥʦʚʘʥʠʡ ʥʘ 

ʨʝʛʨʝʩʽʡʥʽʡ ʟʛʦʨʪʢʦʚʽʡ ʥʝʡʨʦʥʥʽʡ ʤʝʨʝʞʽ (RegCNN) ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʤʝʭʘʥʽʟʤʫ ʪʨʘʥʩʬʝʨʫ ʟʥʘʥʴ ʚʽʜ 

ʫʜʦʩʢʦʥʘʣʝʥʦʛʦ ʙʘʛʘʪʦʩʪʫʧʝʥʝʚʦʛʦ ʬʝʥʦʪʠʧʫʚʘʥʥʷ. ʆʩʥʦʚʥʠʤ ʧʘʨʘʤʝʪʨʦʤ ʚʠʤʽʨʶʚʘʥʥʷ ʦʙʨʘʥʦ 

ʰʠʨʠʥʫ ʣʠʯʠʥʢʠ, ʪʦʜʽ ʷʢ ʜʦʚʞʠʥʘ ʪʘ ʦʙôʻʤ ʚʠʟʥʘʯʘʶʪʴʩʷ ʦʧʦʩʝʨʝʜʢʦʚʘʥʦ ʟʘ ʜʦʧʦʤʦʛʦʶ ʣʽʥʽʡʥʠʭ 

ʨʝʛʨʝʩʽʡʥʠʭ ʤʦʜʝʣʝʡ. ʑʦʙ ʤʽʥʽʤʽʟʫʚʘʪʠ ʨʫʯʥʫ ʨʦʟʤʽʪʢʫ, ʩʝʛʤʝʥʪʘʮʽʶ ʣʠʯʠʥʦʢ ʚʠʢʦʥʘʥʦ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʤʦʜʝʣʽ Mask R-CNN, ʥʘʚʯʝʥʦʾ ʥʘ ʩʠʥʪʝʪʠʯʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ, ʩʬʦʨʤʦʚʘʥʠʭ ʽʟ 266 ʦʢʨʝʤʠʭ ʝʢʟʝʤʧʣʷʨʽʚ 

ʣʠʯʠʥʦʢ. ʉʠʥʪʝʪʠʯʥʽ ʜʘʥʽ ʟʘʙʝʟʧʝʯʠʣʠ ʩʪʽʡʢʫ ʩʝʛʤʝʥʪʘʮʽʶ ʚ ʱʽʣʴʥʠʭ ʩʮʝʥʘʭ ʽʟ ʧʝʨʝʢʨʠʪʪʷʤ. RegCNN 

ʥʘʚʯʘʣʘʩʷ ʥʘ ʧʩʝʚʜʦʮʽʣʴʦʚʠʭ ʟʥʘʯʝʥʥʷʭ ð ʢʚʘʨʪʠʣʷʭ ʰʠʨʠʥʠ ʣʠʯʠʥʦʢ, ʦʪʨʠʤʘʥʠʭ ʽʟ 

ʙʘʛʘʪʦʩʪʫʧʝʥʝʚʦʛʦ ʬʝʥʦʪʠʧʫʚʘʥʥʷ ʪʘ ʩʢʦʨʠʛʦʚʘʥʠʭ ʢʘʣʽʙʨʫʚʘʣʴʥʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ, ʟʘʣʝʞʥʠʤʠ ʚʽʜ 

ʨʦʟʤʽʨʫ. ɼʦʩʣʽʜʞʝʥʦ ʢʽʣʴʢʘ ʘʨʭʽʪʝʢʪʫʨ, ʚʢʣʶʯʘʶʯʠ ResNet, EfficientNet ʪʘ ʩʧʝʮʽʘʣʴʥʦ ʨʦʟʨʦʙʣʝʥʽ ʣʝʛʢʽ 

ʤʦʜʝʣʽ. ʅʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʘʣʘ ResNet18: RMSE = 0.131 ʤʤ (ʰʠʨʠʥʘ), 1.12 ʤʤ (ʜʦʚʞʠʥʘ), RĮ 

= 0.870, ʯʘʩ ʽʥʬʝʨʝʥʩʫ ð 0.30 ʩ ʥʘ ʢʦʥʪʝʡʥʝʨ ʽʟ ʨʦʟʚʝʜʝʥʥʷʤ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʟʥʘʯʥʦ ʧʽʜʚʠʱʫʻ 

ʪʦʯʥʽʩʪʴ ʽ ʰʚʠʜʢʽʩʪʴ ʧʦʨʽʚʥʷʥʦ ʟ ʪʨʘʜʠʮʽʡʥʠʤʠ ʤʝʪʦʜʘʤʠ ʬʝʥʦʪʠʧʫʚʘʥʥʷ, ʟʘʙʝʟʧʝʯʫʶʯʠ 

ʤʦʞʣʠʚʽʩʪʴ ʤʦʥʽʪʦʨʠʥʛʫ ʚ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʥʘ ʚʝʣʠʢʠʭ ʧʨʦʤʠʩʣʦʚʠʭ ʬʝʨʤʘʭ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʣʠʯʠʥʢʠ ʢʦʤʘʭ; ʨʦʟʧʦʜʽʣ ʨʦʟʤʽʨʽʚ; ʨʝʛʨʝʩʽʡʥʘ CNN; ʪʨʘʥʩʬʝʨ ʟʥʘʥʴ; 

ʩʝʛʤʝʥʪʘʮʽʷ; ʬʝʥʦʪʠʧʫʚʘʥʥʷ; ʩʠʥʪʝʪʠʯʥʽ ʜʘʥʽ; ʤʦʥʽʪʦʨʠʥʛ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 

 

1. Introduction 

The expanding demand for protein resources is driving advancement in technologies for 

intensive insect larval cultivation. A critical component of process management involves regular 

assessment of their dimensions. However, manual measurement proves slow and unreliable due to 

scene density and specimen overlap. Consequently, computer vision and deep learning methodologies 

are becoming viable alternatives. This work describes a comprehensive approach combining multi-

stage phenotyping, synthetic imagery, and regression-based deep learning frameworks. 

2. Materials and Methodology 

2.1. Image Acquisition and Preprocessing 

Images were captured under commercial conditions using a machine vision system based on 

a robotic platform. A GOX-12401C camera (JAI, Denmark) generated 4096Ĭ3000 px images. 

Preprocessing involved: 

¶ Compensation for uneven illumination 

¶ Distortion correction 

¶ Normalization 

¶ ROI preparation 

2.2. Multi-Stage Phenotyping and Identification 

Identification was performed using Mask R-CNN through three phases: 

1. Training on 200 artificially generated images 

2. Automatic mask acquisition for D3.TRAIN with subsequent expansion of the 

specimen pool to ~65,000 

3. Combined training on synthetic and authentic data utilizing pseudo-labels 

Identification was employed to determine larval breadth, construct skeletal frameworks, and 

calculate body length and mass through linear frameworks. 
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2.3. Artificially Generated Images 

266 individually extracted larvae from D1 were utilized to generate imagery with controlled 

overlap and density. 

2.4. Linear Frameworks 

Based on 266 data points, frameworks were constructed: 

¶ L = f(W) 

¶ V = f(W) 

where W = breadth; L = body length; V = mass (estimated as summation of cylinders along 

skeleton). 

3. RegCNN for Quartile Breadth Estimation 

RegCNN estimates Q1, Q2, and Q3 breadth values from 800Ĭ800 input imagery. Evaluated 

architectures included: ResNet18/50/101, EfficientNet-b0/b4, MobileNetV2, and custom CNN 

designs. MSE loss function and Adam optimizer were employed. 

ResNet18 demonstrated the optimal balance between precision and computational efficiency. 

4. Results 

4.1. Identification Performance 

AP50 improved from 75.0% to 79.2% following integration of synthetic and authentic data. 

Greatest improvement occurred for small larvae (18-23 mm): +10.4%. 

4.2. Parameter Assessment 

ResNet18 achieved: 

¶ RMSE(W) = 0.131 mm 

¶ RMSE(L) = 1.12 mm 

¶ RĮ = 0.870 

¶ Processing time = 0.30 s/container 

4.3. Phenotyping Performance 

¶ Traditional method: ~217 s/container 

¶ Accelerated phenotyping: 2.1-11 s/container 

¶ RegCNN: 0.30 s/container (fastest) 

5. Discussion 

RegCNN with knowledge transfer provides precision comparable to manual measurements 

while significantly exceeding traditional methods in velocity. Artificially generated data substantially 

reduced annotation labor. The methodology proves resilient to overlap, varying density, and 

illumination conditions. 

CONCLUSIONS. 

The methodology combines advantages of classical computer vision techniques and deep 

learning, ensuring precise and rapid determination of larval growth parameters under commercial 

conditions. The algorithm is suitable for scaling and implementation in robotic cultivation systems. 
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ʇʈʆɻʈɸʄʅʆ-ɸʇɸʈɸʊʅɸ ʉʀʉʊɽʄɸ ɿɹʆʈʋ, ɸʅɸʃɯɿʋ ʊɸ ʅɽʁʈʆʄɽʈɽɾʅʆɻʆ  

ʇʈʆɻʅʆɿʋɺɸʅʅʗ  ʄɽʊɽʆʇɸʈɸʄɽʊʈɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʨʦʟʨʦʙʢʫ ʧʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʦʾ ʩʠʩʪʝʤʠ ʜʣʷ ʟʙʦʨʫ, 

ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʪʘ ʥʝʡʨʦʤʝʨʝʞʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʥʘ ʦʩʥʦʚʽ ʜʘʥʠʭ 

ʘʚʪʦʥʦʤʥʠʭ ʥʠʟʴʢʦʙʶʜʞʝʪʥʠʭ ʤʝʪʝʦʩʪʘʥʮʽʡ. ɸʢʪʫʘʣʴʥʽʩʪʴ ʜʦʩʣʽʜʞʝʥʥʷ ʟʫʤʦʚʣʝʥʘ ʧʦʪʨʝʙʦʶ 

ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʣʦʢʘʣʴʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚ ʫʤʦʚʘʭ ʦʙʤʝʞʝʥʦʾ ʢʽʣʴʢʦʩʪʽ ʩʝʥʩʦʨʽʚ ʽ ʥʘʷʚʥʦʩʪʽ 

ʰʫʤʽʚ ʫ ʜʘʥʠʭ. ʉʬʦʨʤʦʚʘʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʢʦʥʚʝʻʨ ʦʙʨʦʙʢʠ ʩʠʛʥʘʣʽʚ, ʱʦ ʦʭʦʧʣʶʻ ʫʩʫʥʝʥʥʷ ʜʫʙʣʽʢʘʪʽʚ, 

ʚʠʷʚʣʝʥʥʷ ʪʘ ʬʽʣʴʪʨʘʮʽʶ ʚʠʢʠʜʽʚ, ʽʥʪʝʨʧʦʣʷʮʽʶ ʧʨʦʧʫʩʢʽʚ ʨʽʟʥʦʾ ʪʨʠʚʘʣʦʩʪʽ, ʟʛʣʘʜʞʫʚʘʥʥʷ ʩʠʛʥʘʣʽʚ 

ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʦʟʥʘʢ ʜʣʷ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʢʘʩʢʘʜʥʝ ʧʦʻʜʥʘʥʥʷ ʤʝʜʽʘʥʥʦʛʦ 

ʬʽʣʴʪʨʘ, ʝʢʩʧʦʥʝʥʮʽʡʥʦʛʦ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ ʪʘ ʢʣʘʩʠʯʥʦʛʦ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʚʠʩʦʢʫ ʷʢʽʩʪʴ ʦʯʠʱʝʥʥʷ ʜʘʥʠʭ. ɼʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʘʥʦ LSTM-ʤʦʜʝʣʴ ʽʟ ʨʦʟʰʠʨʝʥʠʤ ʥʘʙʦʨʦʤ 

ʦʟʥʘʢ, ʚʢʣʶʯʥʦ ʟ ʧʦʭʽʜʥʠʤʠ ʚʝʣʠʯʠʥʘʤʠ ʪʘ ʮʠʢʣʽʯʥʠʤʠ ʯʘʩʦʚʠʤʠ ʧʝʨʝʪʚʦʨʝʥʥʷʤʠ. ʄʦʜʝʣʴ ʟʘʙʝʟʧʝʯʠʣʘ 

ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʥʘ ʛʦʨʠʟʦʥʪʽ 24 ʛʦʜʠʥʠ, ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʚʰʠ RĮ = 0.952, MAPE = 3.07 ʪʘ ʥʠʟʴʢʝ 

ʟʥʘʯʝʥʥʷ MSE. ʅʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ ʦʮʽʥʝʥʦ ʩʪʘʙʽʣʴʥʽʩʪʴ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʪʘ ʡʦʛʦ ʧʨʠʜʘʪʥʽʩʪʴ 

ʜʣʷ ʨʦʟʛʦʨʪʘʥʥʷ ʚ ʫʤʦʚʘʭ ʣʦʢʘʣʴʥʠʭ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʝʪʝʦʩʠʩʪʝʤ, ʟʦʢʨʝʤʘ ʫ ʩʬʝʨʽ 

ʤʽʢʨʦʢʣʽʤʘʪʠʯʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʛʨʘʨʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʤʝʪʝʦʢʦʤʧʣʝʢʩ, ʣʦʢʘʣʴʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʥʝʡʨʦʤʝʨʝʞʥʽ ʤʦʜʝʣʽ, ʽʥʪʝʨʧʦʣʷʮʽʷ 

ʜʘʥʠʭ, ʯʘʩʦʚʽ ʨʷʜʠ, ʦʙʨʦʙʢʘ ʜʘʥʠʭ, LSTM. 

Abstract. The article presents the development of a software-hardware system for collecting, 

preprocessing and neural-network-based forecasting of meteorological parameters using data from 

autonomous low-budget weather stations. The relevance of the study is driven by the need to improve the 

accuracy of local forecasting under conditions of limited sensor availability and noisy measurements. A 

comprehensive data-processing pipeline is designed, covering duplicate removal, detection and filtering of 

outliers, interpolation of gaps of various durations, signal smoothing, and feature engineering for deep 

learning. A cascade of median filtering, exponential moving averaging and classical moving averaging is 

proposed to ensure high-quality signal refinement. An LSTM model with an extended set of features, including 

derivative values and cyclic time transformations, is applied for prediction. The model provides high accuracy 

for a 24-hour forecasting horizon, achieving RĮ = 0.952, MAPE = 3.07 and low MSE. Prediction results and 

model-training stability are demonstrated. The findings confirm the effectiveness of the proposed approach 

and its suitability for local intelligent meteorological systems, particularly for microclimate monitoring and 

agricultural forecasting tasks.  

Keywords: weather complex, local forecasting, neural network models, data interpolation, time series 

processing, data pipeline, LSTM. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ 

ʃʦʢʘʣʴʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʚʽʜʽʛʨʘʻ ʢʣʶʯʦʚʫ ʨʦʣʴ ʫ ʟʘʜʘʯʘʭ 

ʤʦʥʽʪʦʨʠʥʛʫ ʤʽʢʨʦʢʣʽʤʘʪʫ, ʫʧʨʘʚʣʽʥʥʷ ʘʛʨʘʨʥʠʤʠ ʧʨʦʮʝʩʘʤʠ, ʪʝʭʥʽʯʥʠʤʠ ʩʠʩʪʝʤʘʤʠ ʪʘ 

ʽʥʬʨʘʩʪʨʫʢʪʫʨʥʠʤʠ ʦʙôʻʢʪʘʤʠ [1]. ʇʨʦʪʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʘʚʪʦʥʦʤʥʠʭ ʥʠʟʴʢʦʙʶʜʞʝʪʥʠʭ 

ʤʝʪʝʦʩʪʘʥʮʽʡ ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʥʠʟʢʦʶ ʦʙʤʝʞʝʥʴ, ʷʢʽ ʟʥʠʞʫʶʪʴ ʥʘʜʽʡʥʽʩʪʴ ʦʪʨʠʤʘʥʠʭ ʜʘʥʠʭ. 

ʊʘʢʽ ʩʪʘʥʮʽʾ ʟʘʟʚʠʯʘʡ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʚʽʜʥʦʩʥʦ ʥʝʚʝʣʠʢʠʡ ʥʘʙʽʨ ʩʝʥʩʦʨʽʚ: ʪʝʤʧʝʨʘʪʫʨʫ, 

ʚʦʣʦʛʽʩʪʴ, ʘʪʤʦʩʬʝʨʥʠʡ ʪʠʩʢ ʪʘ ʦʩʚʽʪʣʝʥʽʩʪʴ. ʎʝʡ ʥʘʙʽʨ ʩʝʥʩʦʨʽʚ ʬʦʨʤʫʻ ʦʙʤʝʞʝʥʫ 

ʽʥʬʦʨʤʘʪʠʚʥʽʩʪʴ ʚʠʤʽʨʶʚʘʥʴ ʽ ʧʽʜʚʠʱʫʻ ʯʫʪʣʠʚʽʩʪʴ ʜʦ ʰʫʤʽʚ. 

ʆʢʨʽʤ ʮʴʦʛʦ, ʜʘʥʽ, ʦʪʨʠʤʘʥʽ ʟ ʥʝʜʦʨʦʛʠʭ ʩʝʥʩʦʨʽʚ, ʯʘʩʪʦ ʤʽʩʪʷʪʴ ʜʫʙʣʽ, ʧʨʦʧʫʩʢʠ, 

ʢʦʨʦʪʢʦʯʘʩʥʽ ʩʧʣʝʩʢʠ ʘʙʦ ʟʩʫʚʠ, ʩʧʨʠʯʠʥʝʥʽ ʷʢ ʪʝʭʥʽʯʥʠʤʠ ʧʦʭʠʙʢʘʤʠ, ʪʘʢ ʽ ʟʤʽʥʘʤʠ ʟʦʚʥʽʰʥʽʭ 

ʫʤʦʚ. ɿʘ ʚʽʜʩʫʪʥʦʩʪʽ ʷʢʽʩʥʦʛʦ ʧʦʧʝʨʝʜʥʴʦʛʦ ʦʙʨʦʙʣʝʥʥʷ ʮʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʩʫʪʪʻʚʦʛʦ 

ʧʦʛʽʨʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 
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ʇʨʦʙʣʝʤʘ ʫʩʢʣʘʜʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʢʣʘʩʠʯʥʽ ʧʽʜʭʦʜʠ ʜʦ ʟʛʣʘʜʞʫʚʘʥʥʷ ʪʘ ʽʥʪʝʨʧʦʣʷʮʽʾ ʥʝ 

ʟʘʚʞʜʠ ʢʦʨʝʢʪʥʦ ʧʨʘʮʶʶʪʴ ʥʘ ʤʘʣʠʭ ʥʘʙʦʨʘʭ ʧʘʨʘʤʝʪʨʽʚ ʽ ʤʦʞʫʪʴ ʘʙʦ ʚʪʨʘʯʘʪʠ ʚʘʞʣʠʚʽ 

ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ, ʘʙʦ, ʥʘʚʧʘʢʠ, ʩʪʚʦʨʶʚʘʪʠ ʰʪʫʯʥʽ ʪʝʥʜʝʥʮʽʾ. ʊʦʤʫ ʧʦʩʪʘʻ ʧʦʪʨʝʙʘ ʫ ʧʦʙʫʜʦʚʽ 

ʮʽʣʽʩʥʦʛʦ ʢʦʥʚʝʻʨʫ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʟʜʘʪʥʦʛʦ ʥʘʜʽʡʥʦ ʦʯʠʱʫʚʘʪʠ, ʚʽʜʥʦʚʣʶʚʘʪʠ ʪʘ 

ʩʪʨʫʢʪʫʨʫʚʘʪʠ ʽʥʬʦʨʤʘʮʽʶ ʧʝʨʝʜ ʧʝʨʝʜʘʯʝʶ ʜʦ ʤʦʜʝʣʝʡ ʛʣʠʙʠʥʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʆʪʞʝ, ʘʢʪʫʘʣʴʥʦʶ ʧʨʦʙʣʝʤʦʶ ʻ ʨʦʟʨʦʙʣʝʥʥʷ ʥʘʜʽʡʥʦʾ ʩʠʩʪʝʤʠ ʣʦʢʘʣʴʥʦʛʦ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʦʛʦʜʠ ʥʘ ʦʩʥʦʚʽ ʘʚʪʦʥʦʤʥʠʭ ʥʝʜʦʨʦʛʠʭ ʩʝʥʩʦʨʽʚ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʚʘʪʠʤʝ ʚʠʩʦʢʫ 

ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ ʟʘ ʫʤʦʚʠ ʥʘʷʚʥʦʩʪʽ ʦʙʤʝʞʝʥʠʭ ʜʘʥʠʭ ʪʘ ʰʫʤʽʚ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ 

ʋ ʩʫʯʘʩʥʽʡ ʣʽʪʝʨʘʪʫʨʽ, ʣʦʢʘʣʴʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʫʤʦʚʥʦ 

ʤʦʞʥʘ ʨʦʟʜʽʣʠʪʠ ʥʘ ʜʚʘ ʧʽʜʭʦʜʠ: ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʦʚʥʠʭ ʧʨʦʬʝʩʽʡʥʠʭ ʩʪʘʥʮʽʡ ʟ ʚʝʣʠʢʦʶ 

ʢʽʣʴʢʽʩʪʶ ʩʝʥʩʦʨʽʚ ʪʘ ʥʝʜʦʨʦʛʠʭ ʘʚʪʦʥʦʤʥʠʭ ʤʝʪʝʦʩʪʘʥʮʽʡ ʟ ʦʙʤʝʞʝʥʠʤ ʥʘʙʦʨʦʤ ʧʘʨʘʤʝʪʨʽʚ: 

ʪʝʤʧʝʨʘʪʫʨʘ, ʚʽʜʥʦʩʥʘ ʚʦʣʦʛʽʩʪʴ, ʘʪʤʦʩʬʝʨʥʠʡ ʪʠʩʢ ʪʘ ʦʩʚʽʪʣʝʥʽʩʪʴ. ʇʝʨʰʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ 

ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʽ ʜʝʪʘʣʽʟʘʮʽʶ ʧʨʦʛʥʦʟʽʚ, ʘʣʝ ʧʦʪʨʝʙʫʻ ʟʥʘʯʥʠʭ ʬʽʥʘʥʩʦʚʠʭ ʚʠʪʨʘʪ ʪʘ ʩʢʣʘʜʥʦʾ 

ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ, ʱʦ ʦʙʤʝʞʫʻ ʡʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ ʣʦʢʘʣʴʥʠʭ ʽ ʚʽʜʜʘʣʝʥʠʭ ʫʤʦʚʘʭ. ɼʨʫʛʠʡ 

ʧʽʜʭʽʜ ʻ ʝʢʦʥʦʤʽʯʥʦ ʝʬʝʢʪʠʚʥʠʤ ʽ ʤʘʩʰʪʘʙʦʚʘʥʠʤ, ʧʨʦʪʝ ʦʙʤʝʞʝʥʠʡ ʥʘʙʽʨ ʩʝʥʩʦʨʽʚ ʽ ʚʠʩʦʢʘ 

ʤʽʥʣʠʚʽʩʪʴ ʤʽʢʨʦʢʣʽʤʘʪʫ ʩʪʚʦʨʶʶʪʴ ʩʢʣʘʜʥʦʩʪʽ ʜʣʷ ʧʦʙʫʜʦʚʠ ʪʦʯʥʠʭ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʂʣʘʩʠʯʥʽ ʤʝʪʦʜʠ ʯʠʩʝʣʴʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ (NWP), ʦʧʠʩʘʥʽ ɺʦʨʥʝʨʦʤ [2], ʚʠʤʘʛʘʶʪʴ 

ʪʠʩʷʯ ʧʘʨʘʤʝʪʨʽʚ ʽ ʩʫʧʝʨʢʦʤʧ'ʶʪʝʨʽʚ, ʪʦʜʽ ʷʢ ʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʙʘʟʫʻʪʴʩʷ ʥʘ ʣʦʢʘʣʴʥʠʭ 

ʜʘʥʠʭ ʽ ML. ɯʩʥʫʶʯʽ ʨʽʰʝʥʥʷ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʙʘʟʽ ʥʝʜʦʨʦʛʠʭ ʩʪʘʥʮʽʡ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ 

ʢʣʘʩʠʯʥʽ ʩʪʘʪʠʩʪʠʯʥʽ ʤʝʪʦʜʠ ʘʙʦ ʧʨʦʩʪʽ ʯʘʩʦʚʽ ʨʷʜʠ [3]. ʊʘʢʽ ʧʽʜʭʦʜʠ ʯʘʩʪʦ ʥʝ ʚʨʘʭʦʚʫʶʪʴ 

ʰʫʤʠ, ʧʨʦʧʫʩʢʠ ʘʙʦ ʢʦʨʦʪʢʦʯʘʩʥʽ ʩʧʣʝʩʢʠ ʟʥʘʯʝʥʴ, ʱʦ ʩʫʪʪʻʚʦ ʟʥʠʞʫʻ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʢʦʥʚʝʻʨʫ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʷʢʠʡ ʚʢʣʶʯʘʻ ʚʠʜʘʣʝʥʥʷ ʜʫʙʣʽʢʘʪʽʚ, 

ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʝ ʟʘʧʦʚʥʝʥʥʷ ʧʨʦʧʫʩʢʽʚ ʪʘ ʧʦʙʫʜʦʚʫ ʦʟʥʘʢ ʜʣʷ 

ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʤʦʜʝʣʝʡ, ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ ʧʨʘʮʶʚʘʪʠ ʥʘʚʽʪʴ ʥʘ ʦʙʤʝʞʝʥʠʭ ʥʘʙʦʨʘʭ 

ʧʘʨʘʤʝʪʨʽʚ. 

ʋ ʧʨʝʜʩʪʘʚʣʝʥʽʡ ʨʦʙʦʪʽ ʦʩʥʦʚʥʘ ʫʚʘʛʘ ʟʦʩʝʨʝʜʞʝʥʘ ʥʘ ʧʨʦʛʥʦʟʫʚʘʥʥʽ ʢʦʨʦʪʢʦʩʪʨʦʢʦʚʠʭ 

ʟʤʽʥ ʪʝʤʧʝʨʘʪʫʨʠ ʧʦʚʽʪʨʷ ʟ ʛʦʨʠʟʦʥʪʦʤ 24 ʛʦʜʠʥʠ ʥʘ ʦʩʥʦʚʽ ʜʘʥʠʭ ʟ ʘʚʪʦʥʦʤʥʠʭ 

ʥʠʟʴʢʦʙʶʜʞʝʪʥʠʭ ʤʝʪʝʦʩʪʘʥʮʽʡ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ 

ʧʨʦʛʥʦʟʽʚ ʽ ʟʘʙʝʟʧʝʯʫʻ ʦʧʝʨʘʪʠʚʥʠʡ ʤʦʥʽʪʦʨʠʥʛ ʤʽʢʨʦʢʣʽʤʘʪʠʯʥʠʭ ʫʤʦʚ ʫ ʣʦʢʘʣʴʥʠʭ ʫʤʦʚʘʭ, 

ʱʦ ʨʦʙʠʪʴ ʡʦʛʦ ʦʩʦʙʣʠʚʦ ʮʽʥʥʠʤ ʜʣʷ ʘʛʨʘʨʥʠʭ ʛʦʩʧʦʜʘʨʩʪʚ, ʤʘʣʠʭ ʧʽʜʧʨʠʻʤʩʪʚ ʪʘ ʨʝʛʽʦʥʽʚ ʽʟ 

ʦʙʤʝʞʝʥʠʤ ʜʦʩʪʫʧʦʤ ʜʦ ʮʝʥʪʨʘʣʽʟʦʚʘʥʠʭ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʜʘʥʠʭ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ 

ʄʝʪʘ ʨʦʙʦʪʠ: ʈʦʟʨʦʙʢʘ ʧʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʦʾ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʩʠʩʪʝʤʠ 

ʢʦʨʦʪʢʦʩʪʨʦʢʦʚʦʛʦ ʚʠʩʦʢʦʪʦʯʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ (ʪʝʤʧʝʨʘʪʫʨʠ, 

ʚʦʣʦʛʦʩʪʽ, ʪʠʩʢʫ ʪʘ ʦʩʚʽʪʣʝʥʦʩʪʽ) ʥʘ ʦʩʥʦʚʽ ʜʘʥʠʭ ʟ ʘʚʪʦʥʦʤʥʠʭ ʥʠʟʴʢʦʙʶʜʞʝʪʥʠʭ 

ʤʝʪʝʦʩʪʘʥʮʽʡ. ɼʣʷ ʮʴʦʛʦ ʥʝʦʙʭʽʜʥʦ ʩʪʚʦʨʠʪʠ ʢʦʥʚʝʻʨ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʷʢʠʡ ʟʘʙʝʟʧʝʯʫʻ 

ʦʯʠʱʝʥʥʷ, ʽʥʪʝʨʧʦʣʷʮʽʶ ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʦʟʥʘʢ ʧʝʨʝʜ ʧʦʜʘʯʝʶ ʚ ʤʦʜʝʣʴ, ʘ ʪʘʢʦʞ ʨʝʘʣʽʟʫʚʘʪʠ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʛʦʨʠʟʦʥʪʽ ʜʦ 24 ʛʦʜʠʥ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ: 

1. ʈʦʟʨʦʙʠʪʠ ʩʠʩʪʝʤʫ ʟʙʦʨʫ ʪʘ ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʟ ʘʚʪʦʥʦʤʥʠʭ ʤʝʪʝʦʩʪʘʥʮʽʡ ʫ 
ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 

2. ʇʨʦʚʝʩʪʠ ʦʯʠʱʝʥʥʷ ʜʘʥʠʭ, ʚʢʣʶʯʘʶʯʠ ʫʩʫʥʝʥʥʷ ʜʫʙʣʽʢʘʪʽʚ, ʧʨʦʧʫʩʢʽʚ ʪʘ ʘʥʦʤʘʣʽʡ ʫ 

ʚʠʤʽʨʶʚʘʥʥʷʭ ʪʝʤʧʝʨʘʪʫʨʠ, ʚʦʣʦʛʦʩʪʽ, ʪʠʩʢʫ ʪʘ ʦʩʚʽʪʣʝʥʦʩʪʽ. 

3. ɿʘʩʪʦʩʫʚʘʪʠ ʤʝʪʦʜʠ ʽʥʪʝʨʧʦʣʷʮʽʾ ʪʘ ʟʛʣʘʜʞʫʚʘʥʥʷ ʜʘʥʠʭ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʩʠʛʥʘʣʫ 
ʪʘ ʧʽʜʛʦʪʦʚʢʠ ʡʦʛʦ ʜʣʷ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

4. ʉʪʚʦʨʠʪʠ ʥʘʙʽʨ ʦʟʥʘʢ ʥʘ ʦʩʥʦʚʽ ʯʘʩʦʚʠʭ ʨʷʜʽʚ ʪʘ ʜʦʜʘʪʢʦʚʠʭ ʪʨʘʥʩʬʦʨʤʘʮʽʡ 

(ʜʠʬʝʨʝʥʮʽʘʣʴʥʽ ʟʥʘʯʝʥʥʷ, ʩʠʥʫʩʦ- ʪʘ ʢʦʩʠʥʫʩʦ-ʧʝʨʝʪʚʦʨʝʥʥʷ ʯʘʩʫ) ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ 

ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʽ. 
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5. ʈʦʟʨʦʙʠʪʠ ʪʘ ʥʘʚʯʠʪʠ LSTM-ʤʦʜʝʣʴ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʥʘ 

ʛʦʨʠʟʦʥʪʽ 24 ʛʦʜʠʥ ʽ ʧʝʨʝʚʽʨʠʪʠ ʾʾ ʝʬʝʢʪʠʚʥʽʩʪʴ ʥʘ ʨʝʘʣʴʥʠʭ ʜʘʥʠʭ. 

ʇʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʠʡ ʢʦʤʧʣʝʢʩ ʟʙʦʨʫ ʜʘʥʠʭ ʥʘ ʙʘʟʽ ESP32. 

ʈʦʟʨʦʙʣʝʥʠʡ ʢʦʤʧʣʝʢʩ ʤʘʻ ʜʚʽ ʦʩʥʦʚʥʽ ʯʘʩʪʠʥʠ: ʘʧʘʨʘʪʥʫ ʪʘ ʧʨʦʛʨʘʤʥʫ. ʉʝʨʮʝʤ 

ʘʧʘʨʘʪʥʦʾ ʯʘʩʪʠʥʠ ʚʠʩʪʫʧʘʪʤʝ ʤʽʢʨʦʢʦʥʪʨʦʣʝʨ ESP32. ʊʘʢʠʡ ʚʠʙʽʨ ʟʫʤʦʚʣʝʥʠʡ ʡʦʛʦ ʥʠʟʴʢʠʤ 

ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷʤ, ʚʙʫʜʦʚʥʠʤ WIFI ʽ Bluetooth ʤʦʜʫʣʷʤʠ ʪʘ ʥʠʟʴʢʦʶ ʚʘʨʪʽʩʪʶ ʡ ʥʘʷʚʥʽʩʪʶ 

ʥʝʦʙʭʽʜʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʦʨʪʽʚ. ʉʝʥʩʦʨʘʤʠ ʚʠʩʪʫʧʘʪʠʤʫʪʴ ʪʘʢʽ ʤʦʜʫʣʽ: ʩʝʥʩʦʨ ʪʝʤʧʝʨʘʪʫʨʠ 

DHT22, ʧʨʦʛʨʘʤʥʦ ʚʽʜʢʘʣʽʙʨʦʚʥʠʡ ʬʦʪʦʨʝʟʠʩʪʦʨ ʪʘ ʙʘʨʦʤʝʪʨ BMP380. ʊʘʢʠʡ ʥʘʙʽʨ ʩʝʥʩʦʨʽʚ 

ʥʘʜʘʩʪʴ ʟʤʦʛʫ ʚʠʤʽʨʶʚʘʪʠ ʪʝʤʧʝʨʘʪʫʨʫ, ʚʦʣʦʛʽʩʪʴ, ʨʽʚʝʥʴ ʦʩʚʽʪʣʝʥʦʩʪʽ ʡ ʘʪʤʦʩʬʝʨʥʠʡ ʪʠʩʢ. 

ɸʧʘʨʘʪʥʘ ʯʘʩʪʠʥʘ ʪʘʢʦʞ ʚʢʣʶʯʘʪʠʤʝ ʤʦʜʫʣʴ ʛʝʦʧʦʟʠʮʽʶʚʘʥʥʷ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ 

ʤʽʩʮʝʟʥʘʭʦʜʞʝʥʥʷ ʢʦʤʧʣʝʢʩʫ. 

ɺʟʘʻʤʦʜʽʷ ESP32 ʟ ʩʝʨʚʝʨʥʦʶ ʯʘʩʪʠʥʦʶ ʚʽʜʙʫʚʘʻʪʴʩʷ ʰʣʷʭʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ HTTP-

ʟʘʧʠʪʽʚ ʧʦ ʣʦʢʘʣʴʥʽʡ WIFI-ʤʝʨʝʞʽ. ʅʘʜʘʣʽ ʤʦʞʣʠʚʠʡ ʧʝʨʝʭʽʜ ʥʘ MQTT-ʧʨʦʪʦʢʦʣ ʜʣʷ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʘʨʭʽʪʝʢʪʫʨʠ, ʦʨʽʻʥʪʦʚʘʥʦʾ ʥʘ ʜʘʥʽ (Data Driven), ʱʦ ʦʩʦʙʣʠʚʦ ʜʦʮʽʣʴʥʦ ʜʣʷ 

ʤʝʪʝʦʢʦʤʧʣʝʢʩʽʚ [4]. 

ʇʨʦʛʨʘʤʥʘ ʯʘʩʪʠʥʘ ʚʢʣʶʯʘʻ  3 ʦʩʥʦʚʥʽ ʝʣʝʤʝʥʪʠ. ʈʽʚʝʥʴ ʩʝʨʚʝʨʥʦʾ ʦʙʨʦʙʢʠ ʚʢʣʶʯʘʻ 

ʩʝʨʚʝʨ ʥʘ Express.js, ʷʢʠʡ ʬʫʥʢʮʽʦʥʘʣʴʥʦ ʟôʻʜʥʫʻ ʚʩʽ ʤʦʜʫʣʽ ʤʽʞ ʩʦʙʦʶ ʪʘ ʘʥʘʣʽʪʠʯʥʠʡ Python-

ʤʦʜʫʣʴ. ʁʦʛʦ ʦʩʥʦʚʥʠʤ ʧʨʠʟʥʘʯʝʥʥʷʤ ʻ ʧʦʜʘʣʴʰʘ ʦʙʨʦʙʢʘ ʜʘʥʠʭ, ʱʦ ʚʢʣʶʯʘʪʠʤʝ ʬʫʥʢʮʽʾ 

ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, ʚʠʢʠʜʽʚ ʪʘ ʧʦʙʫʜʦʚʠ ʧʨʦʛʥʦʟʽʚ. 

 ʈʽʚʝʥʴ ʟʙʝʨʽʛʘʥʥʷ ʜʘʥʠʭ: ʙʘʟʘ ʜʘʥʠʭ ʟ ʉʋɹɼ MySql ʜʣʷ ʟʙʝʨʽʛʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ 

ʩʪʘʥʮʽʾ, ʘʚʪʦʨʠʟʘʮʽʡʥʫ ʽʥʬʦʨʤʘʮʽʶ ʪʘ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚʠʤʽʨʠ ʟ ʩʪʘʥʮʽʾ ʪʘ ʛʨʘʬʽʯʥʠʡ ʽʥʪʝʨʬʝʡʩ 

ʢʦʨʠʩʪʫʚʘʯʘ ʫ ʨʦʣʽ Web-ʟʘʩʪʦʩʫʥʢʫ, ʩʪʚʦʨʝʥʦʛʦ ʥʘ Next.js. ʂʦʤʫʥʽʢʘʮʽʷ ʤʦʜʫʣʽʚ ʚʽʜʙʫʚʘʻʪʴʩʷ 

ʟʘ ʜʦʧʦʤʦʛʦʶ HTTP-ʟʘʧʠʪʽʚ ʫ ʚʽʜʧʦʚʽʜʦʩʪʽ ʜʦ REST-ʧʽʜʭʦʜʽʚ. ɯʥʪʝʨʬʝʡʩ ʢʦʨʠʩʪʫʚʘʯʘ 

ʤʽʩʪʠʪʠʪʴ ʚ ʩʦʙʽ ʘʚʪʦʨʠʟʘʮʽʡʥʠʡ ʤʦʜʫʣʴ, ʧʘʥʝʣʴ ʜʣʷ ʥʘʣʘʰʪʫʚʘʥʥʷ ʩʪʘʥʮʽʡ, ʙʣʦʢ ʧʝʨʝʛʣʷʜʫ 

ʚʠʤʽʨʽʚ ʪʘ ʘʥʘʣʽʪʠʯʥʠʡ ʙʣʦʢ. ʉʪʨʫʢʪʫʨʥʘ ʩʭʝʤʘ ʨʦʟʨʦʙʣʝʥʦʛʦ ʢʦʤʧʣʝʢʩʫ ʟʦʙʨʘʞʝʥʘ ʥʘ ʨʠʩ. 1. 

 
ʈʠʩʫʥʦʢ 1. ʉʪʨʫʢʪʫʨʥʘ ʩʭʝʤʘ ʧʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʦʛʦ ʤʝʪʝʦʢʦʤʣʝʢʩʫ. 

 

ɿʘ ʜʦʧʦʤʦʛʦʶ ʢʦʤʧʣʝʢʩʫ ʟ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ ʟʜʽʡʩʥʶʻʪʴʩʷ ʙʝʟʧʝʨʝʨʚʥʠʡ 

ʟʙʽʨ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʜʘʥʠʭ ʟ ʘʧʘʨʘʪʥʦʾ ʯʘʩʪʠʥʠ ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ʆʪʨʠʤʘʥʽ ʜʘʥʽ 

ʧʨʦʭʦʜʷʪʴ ʧʦʧʝʨʝʜʥʶ ʦʙʨʦʙʢʫ, ʱʦ ʚʢʣʶʯʘʻ ʬʽʣʴʪʨʘʮʽʶ ʰʫʤʽʚ, ʚʠʷʚʣʝʥʥʷ ʪʘ ʢʦʨʝʢʮʽʶ 
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ʚʠʢʠʜʽʚ, ʧʽʩʣʷ ʯʦʛʦ ʚʦʥʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʧʦʙʫʜʦʚʠ ʧʨʦʛʥʦʟʥʠʭ ʤʦʜʝʣʝʡ ʪʝʤʧʝʨʘʪʫʨʠ ʟ 

ʚʠʩʦʢʦʶ ʪʦʯʥʽʩʪʶ. 

ʆʯʠʱʝʥʥʷ ʜʘʥʠʭ 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʘʥʘʣʽʟʫ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʘʥʽ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʫ ʨʝʛʫʣʷʨʥʫ (gridded) 

ʯʘʩʦʚʫ ʩʽʪʢʫ ʟ ʜʠʩʢʨʝʪʥʽʩʪʶ 10 ʭʚʠʣʠʥ. ʋ ʚʠʧʘʜʢʘʭ ʚʽʜʩʫʪʥʦʩʪʽ ʚʠʤʽʨʽʚ ʜʣʷ ʧʝʚʥʠʭ ʯʘʩʦʚʠʭ 

ʪʦʯʦʢ ʫʪʚʦʨʶʶʪʴʩʷ ʧʨʦʧʫʩʢʠ (NaN), ʷʢʽ ʥʘʜʘʣʽ ʙʫʜʫʪʴ ʦʙʨʦʙʣʝʥʽ ʤʝʪʦʜʘʤʠ ʽʥʪʝʨʧʦʣʷʮʽʾ. ʋ 

ʜʦʩʣʽʜʞʝʥʥʽ ʧʝʨʝʜʙʘʯʘʻʪʴʩʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʙʦʨʫ ʜʘʥʠʭ ʧʨʦʪʷʛʦʤ ʦʜʥʦʛʦ ʤʽʩʷʮʷ, ʱʦ, 

ʚʨʘʭʦʚʫʶʯʠ ʦʙʨʘʥʫ ʜʠʩʢʨʝʪʥʽʩʪʴ ʚʠʤʽʨʶʚʘʥʴ, ʟʘʙʝʟʧʝʯʫʻ ʜʦʩʪʘʪʥʶ ʢʽʣʴʢʽʩʪʴ ʪʦʯʦʢ ʜʣʷ 

ʝʬʝʢʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʦʮʽʥʢʠ ʤʦʜʝʣʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ɺʽʜʧʦʚʽʜʥʠʡ ʛʨʘʬʽʢ ʟ ʨʝʛʫʣʷʨʥʦʶ 

ʯʘʩʦʚʦʶ ʩʽʪʢʦʶ ʥʘʚʝʜʝʥʠʡ ʥʘ ʨʠʩ. 2. 

 

 
ʈʠʩʫʥʦʢ 2. ʊʝʤʧʝʨʘʪʫʨʥʠʡ ʛʨʘʬʽʢ ʟ ʨʝʛʫʣʷʨʥʦʶ ʯʘʩʦʚʦʶ ʩʽʪʢʦʶ (ʜʠʩʢʨʝʪʥʽʩʪʴ 10ʭʚ.). 

 

ʅʘ ʛʨʘʬʽʢʫ ʚʠʜʥʦ, ʱʦ ʯʝʨʝʟ ʪʝʭʥʽʯʥʽ ʦʩʦʙʣʠʚʦʩʪʽ ʟʙʦʨʫ ʜʘʥʠʭ ʚʠʥʠʢʘʶʪʴ ʧʨʦʧʫʩʢʠ. ɼʣʷ 

ʦʜʥʦʛʦ ʜʥʷ ʜʦʮʽʣʴʥʠʤ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʧʣʘʡʥʦʚʦʾ ʽʥʪʝʨʧʦʣʷʮʽʾ ʜʨʫʛʦʛʦ ʧʦʨʷʜʢʫ, ʱʦ ʜʦʟʚʦʣʷʻ 

ʦʪʨʠʤʘʪʠ ʛʣʘʜʢʠʡ ʩʠʛʥʘʣ ʪʘ ʟʙʝʨʝʛʪʠ ʣʦʢʘʣʴʥʫ ʩʪʨʫʢʪʫʨʫ ʢʦʣʠʚʘʥʴ. 

 
ʈʠʩʫʥʦʢ  3. ʊʝʤʧʝʨʘʪʫʨʥʠʡ ʛʨʘʬʽʢ ʟ ʽʥʪʝʨʧʦʣʴʦʚʘʥʠʤʠ ʜʘʥʠʤʠ ʚ ʤʝʞʘʭ ʥʝʚʝʣʠʢʠʭ ʧʨʦʧʫʩʢʽʚ. 

 

ʗʢ ʚʠʜʥʦ ʟ ʨʠʩ. 3, ʩʧʣʘʡʥʠ ʝʬʝʢʪʠʚʥʦ ʟʘʧʦʚʥʶʶʪʴ ʣʦʢʘʣʴʥʽ ʧʨʦʛʘʣʠʥʠ, ʟʙʝʨʽʛʘʶʯʠ 

ʟʘʛʘʣʴʥʫ ʜʠʥʘʤʽʢʫ ʪʘ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʪʝʤʧʝʨʘʪʫʨʥʦʛʦ ʩʠʛʥʘʣʫ. ʎʝ ʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ ʪʝ, ʱʦ 

ʩʧʣʘʡʥʠ ʘʧʨʦʢʩʠʤʫʶʪʴ ʽʩʥʫʶʯʽ ʪʦʯʢʠ, ʚʨʘʭʦʚʫʶʯʠ ʩʫʩʽʜʥʽ ʟʥʘʯʝʥʥʷ, ʟʘʚʜʷʢʠ ʯʦʤʫ 

ʟʙʝʨʽʛʘʻʪʴʩʷ ʪʨʝʥʜʠ ʪʘ ʣʦʢʘʣʴʥʽ ʢʦʣʠʚʘʥʥʷ ʩʠʛʥʘʣʫ ʙʝʟ ʩʪʨʠʙʢʽʚ. 

ʅʘʩʪʫʧʥʠʤ ʝʪʘʧʦʤ ʦʙʨʦʙʢʠ ʻ ʟʘʧʦʚʥʝʥʥʷ ʜʘʥʠʭ ʪʠʭ ʜʥʽʚ, ʜʣʷ ʷʢʠʭ ʥʘʷʚʥʘ ʣʠʰʝ ʤʘʣʘ 

ʢʽʣʴʢʽʩʪʴ ʚʠʤʽʨʽʚ ʘʙʦ ʚʦʥʠ ʚʟʘʛʘʣʽ ʚʽʜʩʫʪʥʽ. ɺ ʨʝʟʫʣʴʪʘʪʽ ʘʥʘʣʽʟʫ ʩʪʨʫʢʪʫʨʠ ʩʠʛʥʘʣʫ ʙʫʣʦ 

ʦʙʨʘʥʦ ʤʝʪʦʜ ʟʚʘʞʝʥʦʾ ʽʥʪʝʨʧʦʣʷʮʽʾ ʥʘ ʦʩʥʦʚʽ ʘʥʘʣʦʛʽʯʥʠʭ ʯʘʩʦʚʠʭ ʪʦʯʦʢ ʫ ʩʫʩʽʜʥʽʭ ʜʥʷʭ. 

ʂʦʞʥʝ ʚʽʜʩʫʪʥʻ ʟʥʘʯʝʥʥʷ ʦʮʽʥʶʻʪʴʩʷ ʷʢ ʟʚʘʞʝʥʘ ʩʝʨʝʜʥʷ ʟʥʘʯʝʥʴ ʫ ʪʠʭ ʩʘʤʠʭ ʯʘʩʦʚʠʭ ʪʦʯʢʘʭ 

ʥʘʡʙʣʠʞʯʠʭ ʟʘ ʜʘʪʦʶ ʜʥʽʚ, ʧʨʠʯʦʤʫ ʙʽʣʴʰʫ ʚʘʛʫ ʥʘʜʘʶʪʴ ʙʽʣʴʰ ʙʣʠʟʴʢʠʤ ʫ ʯʘʩʽ ʜʥʷʤ [5]. 
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ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʚʽʜʥʦʚʠʪʠ ʚʽʜʩʫʪʥʽ ʜʘʥʽ, ʟʙʝʨʽʛʘʶʯʠ ʩʝʟʦʥʥʫ ʪʘ ʜʦʙʦʚʫ ʩʪʨʫʢʪʫʨʫ 

ʩʠʛʥʘʣʫ. ɺʽʜʧʦʚʽʜʥʠʡ ʛʨʘʬʽʢ ʟʦʙʨʘʞʝʥʠʡ ʥʘ ʨʠʩ. 4. 

 
ʈʠʩʫʥʦʢ  4. ʊʝʤʧʝʨʘʪʫʨʥʠʡ ʛʨʘʬʽʢ ʟ ʽʥʪʝʨʧʦʣʴʦʚʘʥʠʤʠ ʜʘʥʠʤʠ ʚ ʤʝʞʘʭ ʚʝʣʠʢʠʭ ʧʨʦʧʫʩʢʽʚ. 

 

ʇʽʩʣʷ ʚʠʢʦʥʘʥʥʷ ʚʩʽʭ ʚʠʱʝʟʘʟʥʘʯʝʥʠʭ ʝʪʘʧʽʚ ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʦʪʨʠʤʘʥʦ 

ʪʝʤʧʝʨʘʪʫʨʥʠʡ ʛʨʘʬʽʢ. ʆʪʨʠʤʘʥʠʡ ʛʨʘʬʽʢ ʤʽʩʪʠʪʴ ʧʦʚʥʽʩʪʶ ʦʯʠʱʝʥʽ ʪʘ ʚʽʜʥʦʚʣʝʥʽ ʟʥʘʯʝʥʥʷ ʪʘ 

ʤʦʞʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʷʢ ʦʩʥʦʚʘ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʤʦʜʝʣʶʚʘʥʥʷ. 

ɺʠʷʚʣʝʥʥʷ ʚʠʢʠʜʽʚ ʪʘ ʬʽʣʴʪʨʘʮʽʷ 

ɺ ʧʨʦʮʝʩʽ ʟʙʦʨʫ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʜʘʥʠʭ ʯʘʩʪʦ ʚʠʥʠʢʘʶʪʴ ʘʥʦʤʘʣʴʥʽ ʟʥʘʯʝʥʥʷ ð 

ʚʠʢʠʜʠ, ʱʦ ʥʝ ʚʽʜʧʦʚʽʜʘʶʪʴ ʬʽʟʠʯʥʽʡ ʜʠʥʘʤʽʮʽ ʩʠʛʥʘʣʫ. ʇʨʠʯʠʥʘʤʠ ʾʭ ʧʦʷʚʠ ʤʦʞʫʪʴ ʙʫʪʠ 

ʪʝʭʥʽʯʥʽ ʟʙʦʾ ʩʝʥʩʦʨʽʚ, ʧʝʨʝʨʠʚʘʥʥʷ ʟʚôʷʟʢʫ ʟ ʘʧʘʨʘʪʥʦʶ ʯʘʩʪʠʥʦʶ ʘʙʦ ʚʠʧʘʜʢʦʚʽ ʧʦʤʠʣʢʠ 

ʚʠʤʽʨʶʚʘʥʥʷ. ɺʠʢʠʜʠ ʩʫʪʪʻʚʦ ʩʧʦʪʚʦʨʶʶʪʴ ʩʪʘʪʠʩʪʠʯʥʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʩʠʛʥʘʣʫ, ʱʦ ʤʦʞʝ 

ʧʨʠʟʚʝʩʪʠ ʜʦ ʥʝʢʦʨʝʢʪʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʧʨʠ ʧʨʦʛʥʦʟʫʚʘʥʥʽ ʪʝʤʧʝʨʘʪʫʨʠ ʘʙʦ ʚʠʷʚʣʝʥʥʽ 

ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ. 

ɼʣʷ ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʴʥʠʭ ʟʥʘʯʝʥʴ ʫ ʨʦʟʨʦʙʣʝʥʦʤʫ ʢʦʤʧʣʝʢʩʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʴ ʪʨʠ 

ʤʝʪʦʜʠ: Z-score, Modifiable Z-score (MZ-score) ʪʘ IQR (ʽʥʪʝʨʢʚʘʨʪʠʣʴʥʠʡ ʨʦʟʤʘʭ). ʂʦʞʝʥ ʤʝʪʦʜ 

ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʟ ʚʽʜʧʦʚʽʜʥʠʤʠ ʧʦʨʦʛʘʤʠ (max_z=2.5, max_mz=3.5, iqr_multiplier=1.5), ʱʦ 

ʜʦʟʚʦʣʷʻ ʚʠʷʚʣʷʪʠ ʷʢ ʦʢʨʝʤʽ ʨʽʟʢʽ ʚʠʢʠʜʠ, ʪʘʢ ʽ ʧʦʤʽʨʥʽ ʚʽʜʭʠʣʝʥʥʷ ʚʽʜ ʪʠʧʦʚʦʛʦ ʩʠʛʥʘʣʫ [6]. 

ɺʠʷʚʣʝʥʽ ʚʠʢʠʜʠ ʚʽʜʦʙʨʘʞʘʶʪʴʩʷ ʥʘ ʛʨʘʬʽʢʫ (ʈʠʩ. 5), ʱʦ ʜʘʻ ʟʤʦʛʫ ʚʽʟʫʘʣʴʥʦ ʦʮʽʥʠʪʠ ʾʭ 

ʨʦʟʧʦʜʽʣ ʫ ʯʘʩʽ ʪʘ ʣʦʢʘʣʽʟʘʮʽʶ. ʇʽʩʣʷ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʪʘʢʽ ʟʥʘʯʝʥʥʷ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʣʶʯʝʥʽ ʘʙʦ 

ʩʢʦʨʠʛʦʚʘʥʽ ʧʽʜ ʯʘʩ ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʪʦʯʥʝ ʪʘ ʥʘʜʽʡʥʝ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʝʤʧʝʨʘʪʫʨʠ ʪʘ ʽʥʰʠʭ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ. 

 
ʈʠʩʫʥʦʢ  5. ʊʝʤʧʝʨʘʪʫʨʥʠʡ ʛʨʘʬʽʢ ʟ ʧʦʟʥʘʯʝʥʠʤʠ ʪʦʯʢʘʤʠ-ʚʠʢʠʜʘʤʠ. 
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ʉʣʽʜ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʜʝʷʢʽ ʚʝʣʠʢʽ ʧʽʢʠ ʩʠʛʥʘʣʫ ʚʠʟʥʘʯʝʥʽ ʤʝʪʦʜʘʤʠ MZ-score ʪʘ IQR ʷʢ 

ʚʠʢʠʜʠ, ʭʦʯʘ ʚʦʥʠ ʯʘʩʪʢʦʚʦ ʚʽʜʦʙʨʘʞʘʶʪʴ ʟʘʛʘʣʴʥʫ ʪʝʥʜʝʥʮʽʶ ʩʠʛʥʘʣʫ. ʏʝʨʝʟ ʪʝʭʥʽʯʥʽ 

ʦʩʦʙʣʠʚʦʩʪʽ ʩʝʥʩʦʨʽʚ ʮʽ ʝʢʩʪʨʝʤʘʣʴʥʽ ʟʥʘʯʝʥʥʷ ʥʝ ʟʘʚʞʜʠ ʚʽʜʦʙʨʘʞʘʶʪʴ ʨʝʘʣʴʥʽ ʤʝʪʝʦʬʘʢʪʦʨʠ, 

ʪʦʤʫ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʦʥʠ ʧʦʪʨʝʙʫʶʪʴ ʬʽʣʴʪʨʘʮʽʾ. 

ɼʣʷ ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʪʘ ʟʛʣʘʜʞʫʚʘʥʥʷ ʩʠʛʥʘʣʫ ʜʦʮʽʣʴʥʠʤ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʢʘʩʢʘʜʥʦʾ 

ʢʦʤʙʽʥʘʮʽʾ ʤʝʜʽʘʥʥʦʛʦ ʬʽʣʴʪʨʘ, ʝʢʩʧʦʥʝʥʮʽʡʥʦʛʦ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ ʪʘ ʟʚʠʯʘʡʥʦʛʦ ʢʦʚʟʥʦʛʦ 

ʩʝʨʝʜʥʴʦʛʦ [7]. ʊʘʢʠʡ ʧʽʜʭʽʜ ʧʦʻʜʥʫʻ ʧʝʨʝʚʘʛʠ ʢʦʞʥʦʛʦ ʤʝʪʦʜʫ: 

1. ʄʝʜʽʘʥʥʠʡ ʬʽʣʴʪʨ (ʨʦʟʤʽʨ ʚʽʢʥʘ = 6) ʝʬʝʢʪʠʚʥʦ ʚʠʜʘʣʷʻ ʢʦʨʦʪʢʦʯʘʩʥʽ ʩʧʣʝʩʢʠ ʪʘ 

ʽʤʧʫʣʴʩʥʽ ʚʠʢʠʜʠ, ʥʝ ʩʧʦʪʚʦʨʶʶʯʠ ʟʘʛʘʣʴʥʦʾ ʩʪʨʫʢʪʫʨʠ ʩʠʛʥʘʣʫ; 

2. ɽʢʩʧʦʥʝʥʮʽʡʥʝ ʢʦʚʟʥʝ ʩʝʨʝʜʥʻ (Ŭ = 0.15) ʟʘʙʝʟʧʝʯʫʻ ʧʣʘʚʥʝ ʟʚʘʞʫʚʘʥʥʷ ʦʩʪʘʥʥʽʭ 
ʚʠʤʽʨʽʚ, ʜʦʟʚʦʣʷʶʯʠ ʰʚʠʜʢʦ ʨʝʘʛʫʚʘʪʠ ʥʘ ʣʦʢʘʣʴʥʽ ʟʤʽʥʠ ʩʠʛʥʘʣʫ, ʟʙʝʨʽʛʘʶʯʠ ʪʨʝʥʜ; 

3. ʂʣʘʩʠʯʥʝ ʢʦʚʟʥʝ ʩʝʨʝʜʥʻ (ʚʽʢʥʦ = 6) ʜʦʜʘʪʢʦʚʦ ʟʛʣʘʜʞʫʻ ʟʘʣʠʰʢʦʚʽ ʢʦʣʠʚʘʥʥʷ, 

ʟʘʙʝʟʧʝʯʫʶʯʠ ʨʽʚʥʦʤʽʨʥʠʡ ʩʠʛʥʘʣ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʂʦʤʙʽʥʘʮʽʷ ʮʠʭ ʪʨʴʦʭ ʬʽʣʴʪʨʽʚ ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ ʫʩʫʥʫʪʠ ʰʫʤ ʪʘ ʘʥʦʤʘʣʽʾ, 

ʟʙʝʨʽʛʘʶʯʠ ʬʽʟʠʯʥʦ ʟʥʘʯʫʱʽ ʦʩʦʙʣʠʚʦʩʪʽ ʩʠʛʥʘʣʫ ʪʘ ʜʦʙʦʚʫ/ʩʝʟʦʥʥʫ ʩʪʨʫʢʪʫʨʫ ʤʝʪʝʦʜʘʥʠʭ. 

ʊʘʢʠʡ ʢʘʩʢʘʜʥʠʡ ʧʽʜʭʽʜ ʻ ʦʧʪʠʤʘʣʴʥʠʤ ʜʣʷ ʧʽʜʛʦʪʦʚʢʠ ʜʘʥʠʭ ʜʦ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʪʝʤʧʝʨʘʪʫʨʠ ʪʘ ʽʥʰʠʭ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ. ɿʘʩʪʦʩʫʚʘʥʥʷ ʪʘʢʦʛʦ ʬʽʣʴʪʨʫ ʟʦʙʨʘʞʝʥʦ ʥʘ ʨʠʩ. 6. 

 
ʈʠʩʫʥʦʢ 6. ʇʨʦʬʽʣʴʪʨʦʚʘʥʠʡ ʛʨʘʬʽʢ ʩʠʛʥʘʣʫ ʟʘ ʜʦʧʦʤʦʛʦʶ ʢʘʩʢʘʜʥʦʾ ʢʦʤʙʽʥʘʮʽʾ ʤʝʜʽʘʥʥʦʛʦ 

ʬʽʣʴʪʨʘ, ʝʢʩʧʦʥʝʥʮʽʡʥʦʛʦ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ ʪʘ ʟʚʠʯʘʡʥʦʛʦ ʢʦʚʟʥʦʛʦ ʩʝʨʝʜʥʴʦʛʦ. 

 

ɿʘʩʪʦʩʦʚʘʥʠʡ ʢʘʩʢʘʜʥʠʡ ʬʽʣʴʪʨ ʝʬʝʢʪʠʚʥʦ ʫʩʫʚʘʻ ʚʠʩʦʢʦʯʘʩʪʦʪʥʽ ʢʦʣʠʚʘʥʥʷ ʩʠʛʥʘʣʫ, 

ʨʦʙʣʷʯʠ ʛʨʘʬʽʢ ʤʘʡʞʝ ʙʝʟʰʫʤʥʠʤ, ʧʨʠ ʮʴʦʤʫ ʟʙʝʨʽʛʘʻʪʴʩʷ ʟʘʛʘʣʴʥʘ ʬʦʨʤʘ ʪʘ ʜʠʥʘʤʽʢʘ 

ʪʝʤʧʝʨʘʪʫʨʥʦʛʦ ʩʠʛʥʘʣʫ. 

ɼʣʷ ʧʦʨʽʚʥʷʥʥʷ ʥʠʞʯʝ ʥʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪ ʟʘʩʪʦʩʫʚʘʥʥʷ ʬʽʣʴʪʨʫ ʉʘʚʽʪʩʴʢʦʛʦïɻʦʣaʷ 

ʪʨʝʪʴʦʛʦ ʧʦʨʷʜʢʫ (ʨʠʩ. 7), ʷʢʠʡ ʘʧʨʦʢʩʠʤʫʻ ʩʠʛʥʘʣ ʧʦʣʽʥʦʤʘʤʠ ʪʨʝʪʴʦʛʦ ʩʪʫʧʝʥʷ ʪʘ ʦʙʯʠʩʣʶʻ 

ʢʦʚʟʥʝ ʩʝʨʝʜʥʻ [8]. ʎʝʡ  ʤʝʪʦʜ ʧʦʢʘʟʘʚ ʜʝʱʦ ʛʽʨʰʠʡ ʨʝʟʫʣʴʪʘʪ, ʦʩʢʽʣʴʢʠ ʯʘʩʪʠʥʘ ʢʦʣʠʚʘʥʴ 

ʟʘʣʠʰʠʣʘʩʷ, ʱʦ ʧʦʪʝʥʮʽʡʥʦ ʤʦʛʣʘ ʙ ʥʝʛʘʪʠʚʥʦ ʚʧʣʠʥʫʪʠ ʥʘ ʷʢʽʩʪʴ ʥʘʚʯʘʥʥʷ ʧʨʦʛʥʦʟʥʠʭ 

ʤʦʜʝʣʝʡ. 
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ʈʠʩʫʥʦʢ  7. ʇʨʦʬʽʣʴʪʨʦʚʘʥʠʡ ʛʨʘʬʽʢ ʩʠʛʥʘʣʫ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʽʣʴʪʨʫ ʉʘʚʽʪʩʴʢʦʛʦïɻʦʣʝʷ. 

 

ʂʨʽʤ ʪʦʛʦ, ʥʘ ʦʢʨʝʤʠʭ ʜʽʣʷʥʢʘʭ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʣʦʢʘʣʴʥʝ ʟʛʣʘʜʞʫʚʘʥʥʷ ʧʽʢʽʚ, ʱʦ 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʯʘʩʪʢʦʚʦʾ ʚʪʨʘʪʠ ʚʘʞʣʠʚʠʭ ʟʤʽʥ ʫ ʜʠʥʘʤʽʮʽ ʪʝʤʧʝʨʘʪʫʨʠ. ʋ ʧʽʜʩʫʤʢʫ ʪʘʢʠʡ 

ʤʝʪʦʜ ʬʽʣʴʪʨʘʮʽʾ ʥʝ ʟʘʙʝʟʧʝʯʫʻ ʜʦʩʪʘʪʥʴʦʛʦ ʙʘʣʘʥʩʫ ʤʽʞ ʧʨʠʜʫʰʝʥʥʷʤ ʰʫʤʫ ʪʘ ʟʙʝʨʝʞʝʥʥʷʤ 

ʪʨʝʥʜʫ, ʱʦ ʨʦʙʠʪʴ ʡʦʛʦ ʤʝʥʰ ʧʨʠʜʘʪʥʠʤ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ. 

ʇʦʙʫʜʦʚʘ LSTM 

ɼʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʝʤʧʝʨʘʪʫʨʠ ʫ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ ʚ ʨʦʟʨʦʙʣʝʥʦʤʫ ʢʦʤʧʣʝʢʩʽ 

ʚʠʢʦʨʠʩʪʘʥʘ LSTM-ʤʝʨʝʞʘ ʟ ʙʘʛʘʪʦʨʽʚʥʝʚʦʶ ʦʙʨʦʙʢʦʶ ʪʘ ʜʝʣʴʪʘ-ʮʽʣʷʤʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ 

ʝʬʝʢʪʠʚʥʦ ʚʽʜʦʙʨʘʞʘʪʠ ʜʠʥʘʤʽʢʫ ʩʠʛʥʘʣʫ ʥʘʚʽʪʴ ʫ ʚʠʧʘʜʢʘʭ ʰʫʤʥʠʭ ʘʙʦ ʥʝʧʦʚʥʠʭ ʜʘʥʠʭ [9]. 

ɿʘʤʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʘʙʩʦʣʶʪʥʠʭ ʟʥʘʯʝʥʴ ʪʝʤʧʝʨʘʪʫʨʠ ʤʦʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ ʧʝʨʝʜʙʘʯʘʪʠ 

ʟʤʽʥʠ ʩʠʛʥʘʣʫ ʥʘ ʨʽʟʥʠʭ ʛʦʨʠʟʦʥʪʘʭ, ʱʦ ʜʦʟʚʦʣʷʻ ʟʦʩʝʨʝʜʠʪʠʩʷ ʥʘ ʪʝʤʧʘʭ ʟʤʽʥ ʽ ʟʤʝʥʰʠʪʠ 

ʚʧʣʠʚ ʩʝʟʦʥʥʠʭ ʢʦʣʠʚʘʥʴ ʪʘ ʣʦʢʘʣʴʥʠʭ ʰʫʤʽʚ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʩʪʘʙʽʣʴʥʽ ʪʘ 

ʬʽʟʠʯʥʦ ʘʜʝʢʚʘʪʥʽ ʧʨʦʛʥʦʟʠ (ʨʠʩ. 8). 

 
ʈʠʩʫʥʦʢ 8. ʇʨʦʛʥʦʟ ʤʦʜʝʣʽ ʚ ʧʦʨʽʚʥʷʥʥʽ ʟ ʽʩʪʠʥʠʤʠ ʟʥʘʯʝʥʥʷʤʠ. 

 

ɺʭʽʜʥʽ ʦʟʥʘʢʠ ʤʦʜʝʣʽ ʬʦʨʤʫʶʪʴʩʷ ʥʝ ʣʠʰʝ ʟ ʙʘʟʦʚʠʭ ʧʘʨʘʤʝʪʨʽʚ ð ʪʝʤʧʝʨʘʪʫʨʠ, 

ʚʦʣʦʛʦʩʪʽ, ʪʠʩʢʫ ʪʘ ʦʩʚʽʪʣʝʥʦʩʪʽ, ʘ ʡ ʟ ʜʦʜʘʪʢʦʚʠʭ ʪʨʘʥʩʬʦʨʤʘʮʽʡ ʪʘ ʧʦʭʽʜʥʠʭ ʚʝʣʠʯʠʥ, ʪʘʢʠʭ 

ʷʢ ʣʦʛʘʨʠʬʤ ʦʩʚʽʪʣʝʥʦʩʪʽ, ʩʠʥʫʩ ʽ ʢʦʩʠʥʫʩ ʛʦʜʠʥʠ ʜʦʙʠ, ʘ ʪʘʢʦʞ ʨʽʟʥʠʮʽ ʤʽʞ ʧʦʩʣʽʜʦʚʥʠʤʠ 

ʟʥʘʯʝʥʥʷʤʠ ʧʘʨʘʤʝʪʨʽʚ (pressure_diff, humidity_diff, lightness_diff). ʎʝ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ 

ʚʽʜʩʪʝʞʫʚʘʪʠ ʣʦʢʘʣʴʥʽ ʪʨʝʥʜʠ ʪʘ ʜʠʥʘʤʽʢʫ ʢʦʣʠʚʘʥʴ ʩʠʛʥʘʣʫ, ʟʙʝʨʽʛʘʶʯʠ ʬʽʟʠʯʥʦ ʟʥʘʯʫʱʽ 

ʩʪʨʫʢʪʫʨʠ ʪʘ ʜʦʙʦʚʽ ʡ ʩʝʟʦʥʥʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʤʝʨʝʞʽ ʧʦʙʫʜʦʚʘʥʘ ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ ʤʘʢʩʠʤʘʣʴʥʦ ʚʨʘʭʦʚʫʚʘʪʠ ʩʢʣʘʜʥʽ 

ʚʟʘʻʤʦʟʚôʷʟʢʠ ʤʽʞ ʦʟʥʘʢʘʤʠ. Bidirectional LSTM ʜʦʟʚʦʣʷʻ ʤʝʨʝʞʽ ʘʥʘʣʽʟʫʚʘʪʠ ʩʠʛʥʘʣ ʷʢ ʫ 

ʥʘʧʨʷʤʢʫ ʯʘʩʫ ʚʧʝʨʝʜ, ʪʘʢ ʽ ʥʘʟʘʜ, ʱʦ ʚʘʞʣʠʚʦ ʜʣʷ ʤʝʪʝʦʩʠʛʥʘʣʽʚ, ʜʝ ʢʦʨʦʪʢʦʯʘʩʥʽ ʟʤʽʥʠ ʯʘʩʪʦ 
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ʟʘʣʝʞʘʪʴ ʚʽʜ ʣʦʢʘʣʴʥʦʾ ʪʝʥʜʝʥʮʽʾ ʚ ʦʙʦʭ ʥʘʧʨʷʤʢʘʭ. Dropout-ʰʘʨ ʧʽʩʣʷ LSTM ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ 

ʜʣʷ ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʟʤʝʥʰʫʶʯʠ ʢʦʨʝʣʷʮʽʶ ʤʽʞ ʥʝʡʨʦʥʘʤʠ ʪʘ ʟʘʧʦʙʽʛʘʶʯʠ ʧʝʨʝʥʘʚʯʘʥʥʶ. 

BatchNormalization ʥʦʨʤʘʣʽʟʫʻ ʧʨʦʤʽʞʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʩʠʛʥʘʣʫ, ʧʦʢʨʘʱʫʶʯʠ ʩʪʘʙʽʣʴʥʽʩʪʴ ʪʘ 

ʰʚʠʜʢʽʩʪʴ ʥʘʚʯʘʥʥʷ, ʘ Dense-ʰʘʨʠ ʥʘ ʚʠʭʦʜʽ ʧʝʨʝʪʚʦʨʶʶʪʴ ʙʘʛʘʪʦʚʠʤʽʨʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ 

LSTM ʫ ʧʨʦʛʥʦʟʥʽ ʜʝʣʴʪʠ ʪʝʤʧʝʨʘʪʫʨʠ ʜʣʷ ʢʽʣʴʢʦʭ ʛʦʨʠʟʦʥʪʽʚ, ʟ ʥʝʣʽʥʽʡʥʦʶ ʪʨʘʥʩʬʦʨʤʘʮʽʻʶ 

ReLU ʜʣʷ ʟʘʭʦʧʣʝʥʥʷ ʩʢʣʘʜʥʠʭ ʧʘʪʝʨʥʽʚ [10].  

ʇʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ ʜʘʥʠʭ ʚʢʣʶʯʘʻ ʩʪʘʥʜʘʨʪʠʟʘʮʽʶ ʦʟʥʘʢ (StandardScaler), ʬʽʣʴʪʨʘʮʽʶ 

ʰʫʤʽʚ ʪʘ ʟʘʧʦʚʥʝʥʥʷ ʧʨʦʧʫʩʢʽʚ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʘʜʝʢʚʘʪʥʫ ʷʢʽʩʪʴ ʩʠʛʥʘʣʫ ʜʣʷ ʥʘʚʯʘʥʥʷ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʧʦʭʽʜʥʠʭ ʦʟʥʘʢ ʽ ʜʝʣʴʪʘ-ʮʽʣʝʡ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ çʣʦʚʠʪʠè ʩʫʪʪʻʚʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ 

ʩʠʛʥʘʣʫ, ʘ ʥʝ ʧʦʚʝʨʭʥʝʚʽ ʢʦʣʠʚʘʥʥʷ.ʇ ʘʨʘʤʝʪʨʠ ʧʦʙʫʜʦʚʘʥʦʾ ʤʦʜʝʣʽ ʧʦʜʘʥʽ ʚ ʪʘʙʣʠʮʽ 1. 

 

ʊʘʙʣʠʮʷ 1 ï ʇʘʨʘʤʝʪʨʠ ʧʦʙʫʜʦʚʘʥʦʾ LSTM ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ 

ʇʘʨʘʤʝʪʨ ʇʦ̫ʩʥʝʥʥʷ 

ɺʽʢʥʦ ʽʩʪʦʨʠʯʥʠʭ ʜʘʥʠʭ window ɺʠʟʥʘʯʘʻ ʢʽʣʴʢʽʩʪʴ ʧʦʧʝʨʝʜʥʽʭ ʯʘʩʦʚʠʭ ʢʨʦʢʽʚ, ʷʢʽ 

ʧʦʜʘʶʪʴʩʷ ʥʘ ʚʭʽʜ ʤʦʜʝʣʽ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ 

ʤʘʡʙʫʪʥʴʦʾ ʪʝʤʧʝʨʘʪʫʨʠ. 

ʆʟʥʘʢʠ (features): temp_smooth, 

humidity, pressure, lightness_log, 

hour_sin, hour_cos, pressure_diff, 

humidity_diff, lightness_diff 

ɺʢʣʶʯʘʶʪʴ ʦʩʥʦʚʥʽ ʤʝʪʝʦʧʘʨʘʤʝʪʨʠ ʪʘ  

ʾʭ ʪʨʘʥʩʬʦʨʤʘʮʽʾ, ʱʦ ʜʦʧʦʤʘʛʘʶʪʴ  

ʤʝʨʝʞʽ ʚʨʘʭʦʚʫʚʘʪʠ ʪʝʥʜʝʥʮʽʾ ʪʘ ʜʦʙʦʚʽ ʮʠʢʣʠ. 

Bidirectional LSTM, 128 

ʥʝʡʨʦʥʽʚ, return_sequences=True 

ɼʦʟʚʦʣʷʻ ʤʝʨʝʞʽ ʦʜʥʦʯʘʩʥʦ  

ɸʥʘʣʽʟʫʚʘʪʠ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʚ ʦʙʦʭ ʥʘʧʨʷʤʢʘʭ ʪʘ 

ʧʝʨʝʜʘʚʘʪʠ ʧʦʚʥʫ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʜʘʣʽ ʜʣʷ ʥʘʩʪʫʧʥʠʭ 

ʰʘʨʽʚ. 

Dropout 0.3 ʧʽʩʣʷ ʧʝʨʰʦʛʦ LSTM ɿʤʝʥʰʫʻ ʨʠʟʠʢ ʧʝʨʝʥʘʚʯʘʥʥʷ ʰʣʷʭʦʤ ʚʠʧʘʜʢʦʚʦʛʦ 

ʚʠʢʣʶʯʝʥʥʷ 30% ʥʝʡʨʦʥʽʚ ʧʽʜ ʯʘʩ ʪʨʝʥʫʚʘʥʥʷ. 

BatchNormalization ʧʽʩʣʷ 

ʧʝʨʰʦʛʦ LSTM 

ʅʦʨʤʘʣʽʟʫʻ ʚʠʭʽʜʥʽ ʟʥʘʯʝʥʥʷ ʰʘʨʫ, ʱʦ ʩʪʘʙʽʣʽʟʫʻ ʪʘ 

ʧʨʠʩʢʦʨʶʻ ʧʨʦʮʝʩ ʥʘʚʯʘʥʥʷ. 

LSTM 64 ʥʝʡʨʦʥʠ, 

return_sequences=False 

ɼʨʫʛʠʡ ʨʝʢʫʨʝʥʪʥʠʡ ʰʘʨ ʧʽʜʩʫʤʦʚʫʻ ʽʥʬʦʨʤʘʮʽʶ ʧʦ 

ʚʩʽʡ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʢʦʤʧʘʢʪʥʦʛʦ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʦʟʥʘʢ. 

Dropout 0.3 ʧʽʩʣʷ ʜʨʫʛʦʛʦ LSTM ɼʦʜʘʪʢʦʚʦ ʟʤʝʥʰʫʻ ʧʝʨʝʥʘʚʯʘʥʥʷ ʜʨʫʛʦʛʦ LSTM 

ʰʘʨʫ, ʧʽʜʚʠʱʫʶʯʠ ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʫ  

ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ. 

Dense 64 ʥʝʡʨʦʥʠ, ʘʢʪʠʚʘʮʽʷ 

ReLU 

ʑʽʣʴʥʠʡ ʰʘʨ ʜʣʷ ʥʝʣʽʥʽʡʥʦʾ ʦʙʨʦʙʢʠ ʦʟʥʘʢ ʽ 

ʧʽʜʛʦʪʦʚʢʠ ʜʦ ʬʽʥʘʣʴʥʦʛʦ ʧʨʦʛʥʦʟʥʦʛʦ ʚʝʢʪʦʨʘ. 

Dense 8 ʥʝʡʨʦʥʽʚ ʥʘ ʚʠʭʦʜʽ ɺʠʭʽʜʥʠʡ ʰʘʨ ʬʦʨʤʫʻ ʧʨʦʛʥʦʟʥʽ ʟʤʽʥʠ ʪʝʤʧʝʨʘʪʫʨʠ 

ʜʣʷ 8 ʯʘʩʦʚʠʭ ʢʨʦʢʽʚ ʚʧʝʨʝʜ (3ï24 ʛʦʜʠʥʠ). 

ʆʧʪʠʤʽʟʘʪʦʨ Adam, learning rate 

0.001 

ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʘʜʘʧʪʠʚʥʦʛʦ ʦʥʦʚʣʝʥʥʷ ʚʘʛ 

ʤʦʜʝʣʽ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʟ ʦʧʪʠʤʘʣʴʥʠʤ ʢʨʦʢʦʤ. 

ʌʫʥʢʮʽʷ ʚʪʨʘʪ: MSE ʆʮʥ̔ʶʻ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ, ʤʽʥʽʤʽʟʫʶʯʠ ʩʝʨʝʜʥʽʡ 

ʢʚʘʜʨʘʪ ʨʽʟʥʠʮʽ ʤʽʞ ʧʝʨʝʜʙʘʯʝʥʠʤ ʪʘ ʨʝʘʣʴʥʠʤ 

ʟʥʘʯʝʥʥʷʤ ʪʝʤʧʝʨʘʪʫʨʠ. 

Callbacks: EarlyStopping, 

ReduceLROnPlateau 

ɼʦʟʚʦʣʷʶʪʴ ʘʚʪʦʤʘʪʠʯʥʦ ʟʫʧʠʥʷʪʠ ʥʘʚʯʘʥʥʷ ʧʨʠ 

ʚʽʜʩʫʪʥʦʩʪʽ ʧʦʢʨʘʱʝʥʥʷ ʪʘ ʟʤʝʥʰʫʚʘʪʠ ʰʚʠʜʢʽʩʪʴ 

ʥʘʚʯʘʥʥʷ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʢʨʘʱʦʾ ʢʦʥʚʝʨʛʝʥʮʽʾ. 

ɽʧʦʭʠ ʥʘʚʯʘʥʥʷ: 70 ʂʽʣʴʢʽʩʪʴ ʧʨʦʭʦʜʽʚ ʯʝʨʝʟ ʚʝʩʴ ʥʘʚʯʘʣʴʥʠʡ ʥʘʙʽʨ 

ʜʘʥʠʭ ʧʽʜ ʯʘʩ ʪʨʝʥʫʚʘʥʥʷ ʤʦʜʝʣʽ. 

ʈʦʟʤʽʨ ʧʘʢʝʪʘ (batch size): 32 ɺʠʟʥʘʯʘʻ ʢʽʣʴʢʽʩʪʴ ʟʨʘʟʢʽʚ, 
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ʦʙʨʦʙʣʶʚʘʥʠʭ ʦʜʥʦʯʘʩʥʦ ʧʝʨʝʜ ʦʥʦʚʣʝʥʥʷʤ ʚʘʛ 

ʤʦʜʝʣʽ. 

ʅʘ ʧʨʠʢʣʘʜʽ ʧʨʦʛʥʦʟʫ ʥʘ ʩʝʨʝʜʠʥʫ ʥʘʷʚʥʦʛʦ ʩʠʛʥʘʣʫ (ʨʠʩ. 8) ʚʠʜʥʦ, ʱʦ ʤʦʜʝʣʴ ʟʜʘʪʥʘ 

ʪʦʯʥʦ ʚʽʜʪʚʦʨʶʚʘʪʠ ʨʝʘʣʴʥʽ ʢʦʣʠʚʘʥʥʷ ʪʝʤʧʝʨʘʪʫʨʠ, ʟʙʝʨʽʛʘʶʯʠ ʬʦʨʤʫ ʩʠʛʥʘʣʫ ʪʘ ʣʦʢʘʣʴʥʽ 

ʪʝʥʜʝʥʮʽʾ. ʇʨʦʛʥʦʟ ʥʘ ʤʘʡʙʫʪʥʻ (ʨʠʩ. 9) ʜʝʤʦʥʩʪʨʫʻ ʩʪʘʙʽʣʴʥʽʩʪʴ ʪʘ ʘʜʝʢʚʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʥʘʚʽʪʴ 

ʜʣʷ ʥʝʚʽʜʦʤʠʭ ʟʥʘʯʝʥʴ, ʱʦ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʨʽʚʥʽ ʩʪʘʥʮʽʡ.  

 
ʈʠʩʫʥʦʢ 9. ʇʨʦʛʥʦʟ ʤʦʜʝʣʽ. 

 

ʆʙʨʘʭʦʚʘʥʽ ʤʝʪʨʠʢʠ ʷʢʦʩʪʽ ʧʨʦʛʥʦʟʫ ʧʦʢʘʟʫʶʪʴ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ: MAPE = 3.07, MSE = 

0.182, RĮ = 0.952, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʥʠʟʴʢʫ ʩʝʨʝʜʥʶ ʚʽʜʥʦʩʥʫ ʧʦʤʠʣʢʫ, ʥʝʚʝʣʠʢʝ ʩʝʨʝʜʥʻ 

ʢʚʘʜʨʘʪʠʯʥʝ ʚʽʜʭʠʣʝʥʥʷ ʪʘ ʚʠʩʦʢʫ ʧʦʷʩʥʶʚʘʣʴʥʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ. ɻʨʘʬʽʢ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ, 

ʟʦʙʨʘʞʝʥʠʡ ʥʘ ʨʠʩ. 10 ʜʝʤʦʥʩʪʨʫʻ ʟʤʽʥʫ ʬʫʥʢʮʽʾ ʚʪʨʘʪ ʜʣʷ ʪʨʝʥʫʚʘʣʴʥʦʾ ʪʘ ʚʘʣʽʜʘʮʽʡʥʦʾ 

ʚʠʙʽʨʢʠ (loss ʪʘ val_loss).  

 
ʈʠʩʫʥʦʢ 10. ɻʨʘʬʽʢ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ. 

 

ʗʢ ʚʠʜʥʦ, ʦʙʠʜʚʽ ʢʨʠʚʽ ʤʘʡʞʝ ʟʙʽʛʘʶʪʴʩʷ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʩʪʘʙʽʣʴʥʝ ʥʘʚʯʘʥʥʷ ʙʝʟ 

ʧʝʨʝʥʘʚʯʘʥʥʷ ʪʘ ʘʜʝʢʚʘʪʥʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʫʟʘʛʘʣʴʥʶʚʘʪʠ ʟʥʘʥʥʷ ʥʘ ʥʦʚʽ ʜʘʥʽ. ʅʝʚʝʣʠʢʽ 

ʢʦʣʠʚʘʥʥʷ ʬʫʥʢʮʽʾ ʚʪʨʘʪ ʥʘ ʚʘʣʽʜʘʮʽʾ ʚʽʜʧʦʚʽʜʘʶʪʴ ʧʨʠʨʦʜʥʦʤʫ ʰʫʤʫ ʚ ʤʝʪʝʦʜʘʥʠʭ ʽ ʥʝ 

ʚʧʣʠʚʘʶʪʴ ʥʘ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ. ʊʘʢʘ ʧʦʚʝʜʽʥʢʘ ʧʽʜʪʚʝʨʜʞʫʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʠʭ 

ʤʝʪʦʜʽʚ ʨʝʛʫʣʷʨʠʟʘʮʽʾ (Dropout, BatchNormalization) ʪʘ ʷʢʽʩʥʫ ʧʽʜʛʦʪʦʚʢʫ ʚʭʽʜʥʠʭ ʦʟʥʘʢ. 

ɺʀʉʅʆɺʂʀ. 

ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʥʝʡʨʦʤʝʨʝʞʥʫ ʪʝʭʥʦʣʦʛʽʶ ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʥʘ ʦʩʥʦʚʽ ʜʘʥʠʭ IoT-ʤʝʪʝʦʩʪʘʥʮʽʡ. ɼʘʥʽ ʧʦʧʝʨʝʜʥʴʦ 

ʦʯʠʱʫʚʘʣʠʩʷ: ʤʘʣʽ ʧʨʦʧʫʩʢʠ ʽʥʪʝʨʧʦʣʶʚʘʣʠʩʷ ʩʧʣʘʡʥʘʤʠ, ʘ ʚʝʣʠʢʽ ʧʨʦʤʽʞʢʠ ʚʽʜʥʦʚʣʶʚʘʣʠʩʷ 

ʟʘ ʜʦʧʦʤʦʛʦʶ day-weighted k-neighbors. ʈʝʟʫʣʴʪʘʪʠ ʬʽʣʴʪʨʘʮʽʾ ʨʽʟʥʠʭ ʤʝʪʦʜʽʚ ʧʦʨʽʚʥʶʚʘʣʠʩʷ, 

ʽ ʙʫʣʦ ʦʙʨʘʥʦ ʪʦʡ, ʷʢʠʡ ʟʘʙʝʟʧʝʯʫʻ ʛʣʘʜʢʽʩʪʴ ʪʘ ʟʙʝʨʽʛʘʻ ʪʨʝʥʜ ʩʠʛʥʘʣʫ. ʇʽʩʣʷ ʮʴʦʛʦ ʥʘʚʯʝʥʦ 

ʤʦʜʝʣʴ ʽʟ ʢʘʩʢʘʜʥʦʶ LSTM-ʘʨʭʽʪʝʢʪʫʨʦʶ ʪʘ ʨʦʟʰʠʨʝʥʠʤ ʥʘʙʦʨʦʤ ʦʟʥʘʢ, ʱʦ ʜʦʟʚʦʣʠʣʦ 

ʦʪʨʠʤʘʪʠ ʚʠʩʦʢʦʪʦʯʥʽ ʧʨʦʛʥʦʟʠ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ ʟ ʚʠʩʦʢʦʶ ʪʦʯʥʽʩʪʶ (MAPE = 3.07, MSE = 

0.182, RĮ = 0.952). 
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ʋ ʧʝʨʩʧʝʢʪʠʚʽ ʧʣʘʥʫʻʪʴʩʷ ʨʦʟʰʠʨʝʥʥʷ ʧʽʜʪʨʠʤʢʠ ʩʝʥʩʦʨʽʚ ʢʦʤʧʣʝʢʩʫ, ʱʦ ʜʦʟʚʦʣʠʪʴ 

ʽʥʪʝʛʨʫʚʘʪʠ ʥʦʚʽ ʪʠʧʠ ʚʠʤʽʨʶʚʘʣʴʥʠʭ ʧʨʠʩʪʨʦʾʚ, ʘ ʪʘʢʦʞ ʨʦʟʰʠʨʝʥʥʷ ʬʫʥʢʮʽʦʥʘʣʫ 

ʘʥʘʣʽʪʠʯʥʦʛʦ ʤʦʜʫʣʷ, ʚʢʣʶʯʘʶʯʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʦʜʘʪʢʦʚʠʭ ʤʝʪʝʦʧʘʨʘʤʝʪʨʽʚ ʪʘ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʤʝʪʦʜʽʚ ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, ʱʦ ʧʽʜʚʠʱʠʪʴ ʫʥʽʚʝʨʩʘʣʴʥʽʩʪʴ ʩʠʩʪʝʤʠ ʽ ʾʾ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʣʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʧʦʛʦʜʥʠʭ ʫʤʦʚ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 
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ɿɸʉʊʆʉʋɺɸʅʅʗ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ ɼʃʗ ɼʆʉʃɯɼɾɽʅʅʗ ɺʇʃʀɺʋ ʈɯɿʅʀʍ 

ʌɸʂʊʆʈɯɺ ʅɸ ʈɯɺɽʅʔ ɿɸʍɺʆʈʖɺɸʅʆʉʊɯ ʇɯɼ ʏɸʉ ʇɸʅɼɽʄɯɰ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʘʥʘʣʽʟ ʚʧʣʠʚʫ ʢʘʨʘʥʪʠʥʥʠʭ, ʩʦʮʽʘʣʴʥʦ-

ʝʢʦʥʦʤʽʯʥʠʭ ʪʘ ʢʣʽʤʘʪʠʯʥʠʭ ʬʘʢʪʦʨʽʚ ʥʘ ʨʽʚʝʥʴ ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ ʧʽʜ ʯʘʩ ʧʘʥʜʝʤʽʾ ʽʥʬʝʢʮʽʡʥʠʭ ʭʚʦʨʦʙ, 

ʟʦʢʨʝʤʘ COVID-19. ɼʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʩʪʦʩʦʚʘʥʦ ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʱʦ ʜʘʶʪʴ ʤʦʞʣʠʚʽʩʪʴ 

ʤʦʜʝʣʶʚʘʪʠ ʩʢʣʘʜʥʽ ʥʝʣʽʥʽʡʥʽ ʚʟʘʻʤʦʟʚôʷʟʢʠ ʤʽʞ ʚʭʽʜʥʠʤʠ ʪʘ ʚʠʭʽʜʥʠʤʠ ʧʦʢʘʟʥʠʢʘʤʠ. ʈʦʙʦʪʫ 

ʚʠʢʦʥʘʥʦ ʫ ʜʚʦʭ ʥʘʧʨʷʤʢʘʭ: ʧʝʨʰʠʡ ʩʧʨʷʤʦʚʘʥʦ ʥʘ ʦʮʽʥʶʚʘʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʨʽʟʥʠʭ ʢʘʨʘʥʪʠʥʥʠʭ 

ʟʘʭʦʜʽʚ, ʜʨʫʛʠʡ ð ʥʘ ʜʦʩʣʽʜʞʝʥʥʷ ʚʧʣʠʚʫ ʩʦʮʽʘʣʴʥʦ-ʢʣʽʤʘʪʠʯʥʠʭ ʫʤʦʚ ʫ ʥʠʟʮʽ ʢʨʘʾʥ ʽʟ ʨʽʟʥʠʤʠ ʨʽʚʥʷʤʠ 

ʨʦʟʚʠʪʢʫ ʪʘ ʜʝʤʦʛʨʘʬʽʯʥʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ. ʉʪʚʦʨʝʥʽ ʤʦʜʝʣʽ ʙʫʣʦ ʦʧʪʠʤʽʟʦʚʘʥʦ ʰʣʷʭʦʤ ʜʦʙʦʨʫ 
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ʧʘʨʘʤʝʪʨʽʚ ʢʽʣʴʢʦʩʪʽ ʧʨʠʭʦʚʘʥʠʭ ʰʘʨʽʚ ʪʘ ʥʝʡʨʦʥʽʚ, ʱʦ ʟʘʙʝʟʧʝʯʠʣʦ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʥʘʡʙʽʣʴʰʠʡ ʚʧʣʠʚ ʥʘ ʟʤʝʥʰʝʥʥʷ ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ ʩʝʨʝʜ 

ʘʜʤʽʥʽʩʪʨʘʪʠʚʥʠʭ ʟʘʭʦʜʽʚ ʤʘʻ ʦʙʦʚôʷʟʢʦʚʘ ʚʘʢʮʠʥʘʮʽʷ, ʪʦʜʽ ʷʢ ʽʥʰʽ ʬʘʢʪʦʨʠ ʤʘʶʪʴ ʦʧʦʩʝʨʝʜʢʦʚʘʥʠʡ 

ʘʙʦ ʢʦʨʝʣʴʦʚʘʥʠʡ ʭʘʨʘʢʪʝʨ. ʉʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʽ ʪʘ ʢʣʽʤʘʪʠʯʥʽ ʧʘʨʘʤʝʪʨʠ ʪʘʢʦʞ ʚʽʜʽʛʨʘʶʪʴ 

ʩʫʪʪʻʚʫ ʨʦʣʴ ʫ ʬʦʨʤʫʚʘʥʥʽ ʝʧʽʜʝʤʽʦʣʦʛʽʯʥʦʾ ʩʠʪʫʘʮʽʾ. ɿʘʩʪʦʩʦʚʘʥʽ ʥʝʡʨʦʤʝʨʝʞʥʽ ʧʽʜʭʦʜʠ ʧʽʜʪʚʝʨʜʠʣʠ 

ʩʚʦʶ ʝʬʝʢʪʠʚʥʽʩʪʴ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʫ ʩʬʝʨʽ ʛʨʦʤʘʜʩʴʢʦʛʦ ʟʜʦʨʦʚôʷ, ʘ 

ʪʘʢʦʞ ʜʦʚʝʣʠ ʤʦʞʣʠʚʽʩʪʴ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ ʧʦʨʽʚʥʷʥʥʷ ʩʮʝʥʘʨʽʾʚ 

ʧʦʰʠʨʝʥʥʷ ʽʥʬʝʢʮʽʡ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʧʘʥʜʝʤʽʷ, ʬʘʢʪʦʨʠ ʚʧʣʠʚʫ, ʢʘʨʘʥʪʠʥʥʽ ʟʘʭʦʜʠ, 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʟʘʭʚʦʨʶʚʘʥʽʩʪʴ. 

Abstract. The article presents a comprehensive analysis of the impact of quarantine, socio-economic, 

and climatic factors on morbidity during a pandemic of infectious diseases, particularly COVID-19. Artificial 

neural networks were used to model complex nonlinear relationships between input and output indicators. The 

study was conducted in two directions: the first focused on evaluating the effectiveness of various quarantine 

measures, while the second examined the influence of socio-climatic conditions in several countries with 

diverse development levels and demographic characteristics. The constructed models were optimized through 

adjustment of the number of hidden layers and neurons, ensuring high forecasting accuracy. The results show 

that mandatory vaccination has the strongest effect on reducing morbidity among administrative measures, 

whereas other factors have indirect or correlated influence. Socio-economic and climatic parameters also play 

a significant role in shaping epidemiological dynamics. The implemented neural-network-based approaches 

demonstrated their effectiveness as a tool for supporting public-health decision-making and proved suitable 

for modelling, forecasting, and comparing infection-spread scenarios.  

Keywords: neural networks, pandemic, influencing factors, quarantine measures, forecasting, 

morbidity. 

 

ɯʥʬʝʢʮʽʡʥʽ ʟʘʭʚʦʨʶʚʘʥʥʷ, ʪʘʢʦʞ ʚʽʜʦʤʽ ʷʢ ʪʨʘʥʩʤʽʩʠʚʥʽ ʭʚʦʨʦʙʠ, ʷʚʣʷʶʪʴ ʩʦʙʦʶ 

ʧʘʪʦʣʦʛʽʯʥʽ ʩʪʘʥʠ, ʚʠʢʣʠʢʘʥʽ ʧʘʪʦʛʝʥʥʠʤʠ ʤʽʢʨʦʦʨʛʘʥʽʟʤʘʤʠ, ʪʘʢʠʤʠ ʷʢ ʙʘʢʪʝʨʽʾ, ʚʽʨʫʩʠ, 

ʛʨʠʙʢʠ ʘʙʦ ʧʘʨʘʟʠʪʠ. ʎʽ ʟʘʭʚʦʨʶʚʘʥʥʷ ʤʦʞʫʪʴ ʧʝʨʝʜʘʚʘʪʠʩʷ ʚʽʜ ʦʜʥʦʛʦ ʦʨʛʘʥʽʟʤʫ ʜʦ ʽʥʰʦʛʦ 

ʨʽʟʥʠʤʠ ʰʣʷʭʘʤʠ.  

ɿʘʭʚʦʨʶʚʘʥʥʷ, ʚʠʢʣʠʢʘʥʽ ʽʥʬʝʢʮʽʻʶ, ʟʘʡʤʘʶʪʴ 20-40% ʚʽʜ ʟʘʛʘʣʴʥʦʛʦ ʯʠʩʣʘ ʚʽʜʦʤʠʭ 

ʥʘʫʮʽ ʭʚʦʨʦʙ ʣʶʜʠʥʠ. ʅʘ ʩʴʦʛʦʜʥʽ ʥʘʫʮʽ ʚʽʜʦʤʦ ʧʦʥʘʜ 1200 ʽʥʬʝʢʮʽʡʥʠʭ ʭʚʦʨʦʙ ʪʘ ʾʭ ʯʠʩʣʦ 

ʨʝʛʫʣʷʨʥʦ ʟʙʽʣʴʰʫʻʪʴʩʷ. ɺʠʚʯʝʥʥʷʤ, ʧʨʦʬʽʣʘʢʪʠʢʦʶ, ʜʽʘʛʥʦʩʪʠʢʦʶ ʪʘ ʣʽʢʫʚʘʥʥʷʤ ʪʘʢʠʭ 

ʭʚʦʨʦʙ ʟʘʡʤʘʶʪʴʩʷ ʷʢ ʣʽʢʘʨʽ ï ʽʥʬʝʢʮʽʦʥʽʩʪʠ, ʪʘʢ ʽ ï ʫʨʦʣʦʛʠ, ʚʝʥʝʨʦʣʦʛʠ, ʝʧʽʜʝʤʽʦʣʦʛʠ, 

ʛʽʥʝʢʦʣʦʛʠ, ʬʪʠʟʽʘʪʨʠ, ʽʤʫʥʦʣʦʛʠ, ʦʪʦʣʘʨʠʥʛʦʣʦʛʠ, ʚʽʨʫʩʦʣʦʛʠ ʪʘ ʽʥ. [1]. 

ʆʜʥʽʻʾ ʟ ʥʘʡʙʽʣʴʰ ʚʽʜʦʤʠʤ ʚʽʨʫʩʦʤ ʦʩʪʘʥʥʽʤ ʯʘʩʦʤ ʙʫʣʦ ʟʘʭʚʦʨʶʚʘʥʥʷ COVID-19. ʎʝ 

ʚʽʨʫʩ, ʷʢʠʡ ʩʧʨʠʯʠʥʷʻ ʨʦʟʚʠʪʦʢ ʨʝʩʧʽʨʘʪʦʨʥʠʭ ʟʘʭʚʦʨʶʚʘʥʴ ʫ ʣʶʜʝʡ (ʟʦʢʨʝʤʘ ʛʦʩʪʨʦʾ 

ʨʝʩʧʽʨʘʪʦʨʥʦʾ ʭʚʦʨʦʙʠ COVID-19) ʪʘ ʤʦʞʝ ʧʝʨʝʜʘʚʘʪʠʩʷ ʚʽʜ ʣʶʜʠʥʠ ʜʦ ʣʶʜʠʥʠ. ʎʝʡ ʚʽʨʫʩ 

ʫʧʝʨʰʝ ʙʫʚ ʽʜʝʥʪʠʬʽʢʦʚʘʥʠʡ ʧʽʜ ʯʘʩ ʨʦʟʩʣʽʜʫʚʘʥʥʷ ʩʧʘʣʘʭʫ ʚ ʤ. ʋʭʘʥʴ, ʂʠʪʘʡ, ʫ ʛʨʫʜʥʽ 2019 

ʨʦʢʫ [2]. 

ɯʩʥʫʻ ʙʝʟʣʽʯ ʬʘʢʪʦʨʽʚ, ʷʢʽ ʚʧʣʠʚʘʶʪʴ ʥʘ ʟʘʭʚʦʨʶʚʘʥʽʩʪʴ ʥʘʩʝʣʝʥʥʷ:  

- ɯʈʃʈ ï ʽʥʪʝʛʨʘʣʴʥʠʡ ʧʦʢʘʟʥʠʢ ʣʶʜʩʴʢʦʛʦ ʨʦʟʚʠʪʢʫ, ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ 

ʦʮʽʥʢʠ ʜʦʩʷʛʥʝʥʴ ʦʢʨʝʤʠʭ ʨʝʛʽʦʥʽʚ; 

- ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʜʦʤʦʛʦʩʧʦʜʘʨʩʪʚ; 

- ʩʦʮʽʘʣʴʥʘ ʢʦʤʧʦʥʝʥʪʘ; 

- ʧʦʩʝʣʝʥʩʴʢʘ ʩʪʨʫʢʪʫʨʘ; 

- ʟʘʡʥʷʪʽʩʪʴ ʥʘʩʝʣʝʥʥʷ; 

- ʜʦʭʦʜʠ ʥʘʩʝʣʝʥʥʷ; 

- ʚʠʪʨʘʪʠ ʥʘʩʝʣʝʥʥʷ; 

- ʩʧʦʞʠʚʘʥʥʷ ʭʘʨʯʦʚʠʭ ʧʨʦʜʫʢʪʽʚ ʫ ʜʦʤʦʛʦʩʧʦʜʘʨʩʪʚʘʭ; 

- ʟʘʢʣʘʜʠ ʦʩʚʽʪʠ ʪʘ ʾʭ ʥʘʧʦʚʥʝʥʽʩʪʴ; 

- ʧ̔ ʜʚʠʱʝʥʥʷ ʢʚʘʣʽʬʽʢʘʮʽʾ; 

- ʟʘʙʝʟʧʝʯʝʥʥʷ ʥʘʩʝʣʝʥʥʷ ʟʘʢʣʘʜʘʤʠ ʢʫʣʴʪʫʨʠ; 

- ʞʠʪʣʦʚʠʡ ʬʦʥʜ ʪʘ ʟʘʙʝʟʧʝʯʝʥʽʩʪʴ ʞʠʪʣʦʤ; 
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- ʪʫʨʠʟʤ; 

- ʢʨʠʤʽʥʦʛʝʥʥ ̔ʦʙʩʪʘʚʠʥʠ ʪʘ ʙʘʛʘʪʦ ʽʥʰʠʭ.  

ʊʦʤʫ ʦʩʥʦʚʥʦʶ ʤʝʪʦʶ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʜʦʩʣʽʜʠʪʠ ʚʧʣʠʚ ʦʩʥʦʚʥʠʭ ʬʘʢʪʦʨʽʚ ʥʘ 

ʟʘʭʚʦʨʶʚʘʥʽʩʪʴ ʥʘʩʝʣʝʥʥʷ ʤʝʪʦʜʦʤ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ɹʫʣʦ ʚʠʨʽʰʝʥʦ ʜʦʩʣʽʜʞʫʚʘʪʠ 

ʦʢʨʝʤʦ ʬʘʢʪʦʨʠ ʚʚʝʜʝʥʥʷ ʨʽʟʥʠʭ ʢʘʨʘʥʪʠʥʥʠʭ ʜʽʡ ʪʘ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʭ.  

ɼʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʚʧʣʠʚʫ ʟʘʧʨʦʚʘʜʞʝʥʥʷ ʨʽʟʥʠʭ ʢʘʨʘʥʪʠʥʥʠʭ ʜʽʡ ʥʘ ʟʘʭʚʦʨʶʚʘʥʽʩʪʴ 

ʚʭʽʜʥʠʤʠ ʬʘʢʪʦʨʘʤʠ ʻ: 

ï ʦʙʦʚ'ʷʟʢʦʚʠʡ çʤʘʩʢʦʚʠʡ ʨʝʞʠʤè ; 

ï ʚʚʝʜʝʥʥʷ ʢʘʨʘʥʪʠʥʫ, ʪʦʙʪʦ ʩʢʘʩʫʚʘʥʥʷ ʤʘʩʦʚʠʭ ʟʘʭʦʜʽʚ, ʚʩʪʘʥʦʚʣʝʥʥʷ ʘʥʪʠʩʝʧʪʠʢʽʚ ʫ 

ʚʩʽʭ ʘʜʤʽʥʽʩʪʨʘʪʠʚʥʠʭ ʟʘʢʣʘʜʘʭ ʪʦʱʦ; 

ï ʚʚʝʜʝʥʥʷ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʥʘʚʯʘʥʥʷ ʫ ʥʘʚʯʘʣʴʥʠʭ ʟʘʢʣʘʜʘʭ; 

ï ʤʦʞʣʠʚʽʩʪʴ ʚʽʣʴʥʦʾ ʚʘʢʮʠʥʘʮʽʾ; 

ï ʟʘʧʨʦʚʘʜʞʝʥʥʷ ʦʙʦʚ'ʷʟʢʦʚʦʾ ʚʘʢʮʠʥʘʮʽʾ; 

ï ʚʽʜʩʦʪʦʢ ʚʘʢʮʠʥʦʚʘʥʠʭ. 

ɺʠʭʽʜʥʽ ʬʘʢʪʦʨʠ: 

ï ʟʤʽʥʘ ʚʽʜʩʦʪʢʘ ʽʥʬʽʢʦʚʘʥʠʭ; 

ï ʟʤʽʥʘ ʚʽʜʩʦʪʢʘ ʪʠʭ, ʭʪʦ ʧʝʨʝʥʦʩʠʪʴ ʭʚʦʨʦʙʫ ʫ ʪʷʞʢʽʡ ʬʦʨʤʽ.  

ɼʘʥʽ ʙʫʣʦ ʚʟʷʪʦ ʟ ʨʝʩʫʨʩʫ [3] ʪʘ ʧʽʜʛʦʪʦʚʣʝʥʦ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ. 

  

 
ʈʠʩʫʥʦʢ 1 ï ɺʭʽʜʥʽ ʬʘʢʪʦʨʠ ʜʣʷ ʧʝʨʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ 

 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʨʦʟʨʘʭʫʥʢʽʚ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʤʦʚʫ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ R 

[4]. ʎʷ ʤʦʚʘ ʧʨʠʟʥʘʯʝʥʘ ʜʣʷ ʩʪʘʪʠʩʪʠʯʥʦʛʦ ʦʙʨʦʙʣʝʥʥʷ ʜʘʥʠʭ ʽ ʨʦʙʦʪʠ ʟ ʛʨʘʬʽʢʦʶ, ʘʣʝ ʮʝ ʪʘʢʦʞ 

ʚʽʣʴʥʝ ʧʨʦʛʨʘʤʥʝ ʩʝʨʝʜʦʚʠʱʝ ʟ ʚʽʜʢʨʠʪʠʤ ʚʠʭʽʜʥʠʤ ʢʦʜʦʤ, ʱʦ ʨʦʟʚʠʚʘʻʪʴʩʷ ʚ ʨʘʤʢʘʭ ʧʨʦʻʢʪʫ 

GNU. 

ʂʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʧʦʚôʷʟʘʥʘ ʟ ʢʽʣʴʢʽʩʪʶ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʪʘ 

ʥʝʦʙʭʽʜʥʦʶ ʢʽʣʴʢʽʩʪʶ ʚʭʦʜʽʚ ʽ ʚʠʭʦʜʽʚ ʤʝʨʝʞʽ. ʆʮʽʥʠʪʠ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʧʨʠʭʦʚʘʥʠʭ 

ʰʘʨʘʭ ʤʦʞʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʦʨʤʫʣʠ ʜʣʷ ʦʮʽʥʢʠ ʢʽʣʴʢʦʩʪʽ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʥʝʦʙʭʽʜʥʦʾ 

ʜʣʷ ʦʩʚʦʻʥʥʷ ʟʘʜʘʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʨʠʢʣʘʜʽʚ ʫ ʥʘʚʯʘʣʴʥʽʡ ʚʠʙʽʨʮʽ [5].  

ʇʽʩʣʷ ʯʠʩʣʝʥʥʠʭ ʟʘʧʫʩʢʽʚ ʮʴʦʛʦ ʩʢʨʠʧʪʫ ʜʣʷ ʨʽʟʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʢʽʣʴʢʦʩʪʽ ʧʨʠʭʦʚʘʥʠʭ 

ʰʘʨʽʚ ʪʘ ʢʽʣʴʢʦʩʪʽ ʥʝʡʨʦʥʽʚ ʫ ʥʠʭ ʟôʷʩʦʚʘʥʦ, ʱʦ ʥʘʡʢʨʘʱʠʡ ʨʝʟʫʣʴʪʘʪ (ʢʦʨʝʣʷʮʽʷ ï 0,9569; 

ʩʝʨʝʜʥʷ ʘʙʩʦʣʶʪʥʘ ʧʨʠʚʝʜʝʥʘ ʧʦʤʠʣʢʘ ï 0,0502) ʟʘʙʝʟʧʝʯʫʻ ʧʝʨʩʝʧʪʨʦʥ ʟ ʜʚʦʤʘ ʧʨʠʭʦʚʘʥʠʤʠ 

ʰʘʨʘʤʠ ʪʘ ʧôʷʪʴʦʤʘ ʥʝʡʨʦʥʘʤʠ ʫ ʢʦʞʥʦʤʫ ʰʘʨʽ (ʨʠʩ. 2, ʨʠʩ. 3). 
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ʈʠʩʫʥʦʢ 2 ï ɻʨʘʬ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ 

 

 

ʈʠʩʫʥʦʢ 3 ï ʈʝʟʫʣʴʪʘʪʠ ʨʦʟʨʘʭʫʥʢʽʚ 

 

ɼʘʣʽ ʩʘʤʝ ʮʶ ʤʦʜʝʣʴ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʚʧʣʠʚʫ ʬʘʢʪʦʨʽʚ ʥʘ 

ʟʘʭʚʦʨʶʚʘʥʽʩʪʴ. ɹʫʣʦ ʧʨʦʚʝʜʝʥʦ ʥʠʟʢʫ ʢʽʣʴʢʽʩʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʽʚ, ʨʝʟʫʣʴʪʘʪʠ ʟʚʝʜʝʥʦ ʜʦ ʪʘʙʣ. 

1. 

ʊʘʙʣʠʮʷ 1 ï ʈʝʟʫʣʴʪʘʪʠ ʚʧʣʠʚʫ ʥʘ ʚʽʜʩʦʪʦʢ ʽʥʬʽʢʦʚʘʥʠʭ ʚʠʣʫʯʝʥʥʷ ʬʘʢʪʦʨʽʚ 

M  D V Z P ʂʦʨʝʣʷʮʽʷ 
ʉʝʨʝʜʥʷ 

ʧʦʤʠʣʢʘ 

ɺʽʜʭʠʣʝʥʥʷ ʚʽʜ 

ʙʘʟʦʚʦʾ ʤʦʜʝʣʽ 

+ + + + + 0,9569 0,0502 ï 

ï + + + + 0,9584 0,0894 78% 

+ ï + + + 0,9599 0,0895 78% 
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+ + ï + + 0,9678 0,078 55% 

+ + + ï + 0,9526 0,1009 101% 

+ + + + ï 0,961 0,0921 83% 

ï ï + + + 0,9756 0,0621 24% 

+ ï ï + + 0,9545 0,0795 58% 

+ + ï ï + 0,958 0,1232 145% 

+ + + ï ï 0,9687 0,1235 146% 

 

ʄʦʞʥʘ ʧʦʙʘʯʠʪʠ, ʱʦ ʥʘʡʤʝʥʰʠʡ ʚʧʣʠʚ ʥʘ ʪʦʯʥʽʩʪʴ ʚʠʟʥʘʯʝʥʥʷ ʟʤʽʥʠ ʚʽʜʩʦʪʢʘ 

ʽʥʬʽʢʦʚʘʥʠʭ ʚʥʦʩʠʪʴ ʥʘʷʚʥʽʩʪʴ ʤʦʞʣʠʚʦʩʪʽ ʚʽʣʴʥʦʾ ʚʘʢʮʠʥʘʮʽʾ ʘʙʦ ʧʘʨʘ çʦʙʦʚ'ʷʟʢʦʚʠʡ 

ʤʘʩʢʦʚʠʡ ʨʝʞʠʤè + çʟʘʧʨʦʚʘʜʞʝʥʥʷ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʥʘʚʯʘʥʥʷ ʫ ʥʘʚʯʘʣʴʥʠʭ ʟʘʢʣʘʜʘʭè ï 

ʚʦʯʝʚʠʜʴ, ʮʽ ʜʚʘ ʬʘʢʪʦʨʠ ʤʘʢʩʠʤʘʣʴʥʦ ʢʦʨʝʣʶʶʪʴ ʦʜʠʥ ʟ ʦʜʥʠʤ. ʄʘʢʩʠʤʘʣʴʥʠʡ ʚʧʣʠʚ ï ʫ 

ʟʘʧʨʦʚʘʜʞʝʥʥʷ ʦʙʦʚ'ʷʟʢʦʚʦ ʾʚʘʢʮʠʥʘʮʽʾ. 

ɼʨʫʛʠʤ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʚ ʚʧʣʠʚ ʩʘʤʝ ʩʦʮʽʘʣʴʥʦ ï ʢʣʽʤʘʪʠʯʥʠʭ ʬʘʢʪʦʨʽʚ. ɼʣʷ 

ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʜʝʤʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʪʘʢʽ ʢʨʘʾʥʠ: ɹʨʘʟʠʣʽʷ, ʅʽʤʝʯʯʠʥʘ, ʗʧʦʥʽʷ, ʋʢʨʘʾʥʘ, 

ʉʐɸ. ʇʝʨʝʣʽʢ ʤʦʞʣʠʚʠʭ ʚʭʽʜʥʠʭ ʪʘ ʚʠʭʽʜʥʠʭ ʬʘʢʪʦʨʽʚ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 2. 

 

ʊʘʙʣʠʮʷ 2 ï ʇʝʨʝʣʽʢ ʬʘʢʪʦʨʽʚ  
ʊʠʧ ʬʘʢʪʦʨʫ ʅʘʟʚʘ ʆʧʠʩ ʊʠʧ ʜʘʥʠʭ ʇʨʠʟʥʘʯʝʥ

ʥ ̫

ʉʢʦʨʦ

ʯʝʥʥʷ 

ɺʭʽʜʥʠʡ ʂʣʽʤʘʪʠʯʥʽ 

ʫʤʦʚʠ 

ɼʘʥʽ ʧʨʦ 

ʩʝʨʝʜʥʴʦʤʽʩʷʯʥʫ 

ʪʝʤʧʝʨʘʪʫʨʫ, 

ʚʦʣʦʛʽʩʪʴ, ʢʽʣʴʢʽʩʪʴ 

ʦʧʘʜʽʚ ʫ ʨʝʛʽʦʥʽ 

ʏʠʩʣʦʚʠʡ 

(ÁC, %, ʤʤ) 

ɼʣʷ ʘʥʘʣʽʟʫ 

ʚʧʣʠʚʫ 

ʢʣʽʤʘʪʫ ʥʘ 

ʟʘʭʚʦʨʶʚʘʥʽʩ

ʪ ɹ

T,Vol,O

p 

ɺʭʽʜʥʠʡ ɺʽʢ 

ʥʘʩʝʣʝʥʥʷ 

ʉʝʨʝʜʥʽʡ ʚʽʢ ʘʙʦ 

ʨʦʟʧʦʜʽʣ ʟʘ 

ʚʽʢʦʚʠʤʠ 

ʢʘʪʝʛʦʨʽʷʤʠ 

ʏʠʩʣʦʚʠʡ 

(ʨʦʢʠ) 

ɺʨʘʭʫʚʘʥʥʷ 

ʚʧʣʠʚʫ 

ʚʽʢʦʚʠʭ ʛʨʫʧ 

ʥʘ ʨʠʟʠʢ 

ʟʘʭʚʦʨʶʚʘʥʦʩ

ʪʽ 

Age 

ɺʭʽʜʥʠʡ ɻʫʩʪʦʪʘ 

ʥʘʩʝʣʝʥʥʷ 

ʂʽʣʴʢʽʩʪʴ ʦʩʽʙ ʥʘ 

ʢʚʘʜʨʘʪʥʠʡ 

ʢʽʣʦʤʝʪʨ 

ʏʠʩʣʦʚʠʡ 

(ʦʩʽʙ/ʢʤĮ) 

ɸʥʘʣʽʟ 

ʚʧʣʠʚʫ 

ʛʫʩʪʦʪʠ 

ʥʘʩʝʣʝʥʥʷ ʥʘ 

ʨʦʟʧʦʚʩʶʜʞʝ

ʥʥʷ 

ʟʘʭʚʦʨʶʚʘʥʴ 

G 

ɺʭʽʜʥʠʡ ʇʝʨʝʣʽʢ 

ʧʨʦʪʠʝʧʽʜʝʤʽ

ʯʥʠʭ ʟʘʭʦʜʽʚ 

ɯʥʬʦʨʤʘʮʽʷ ʧʨʦ 

ʚʠʢʦʨʠʩʪʘʥʽ ʟʘʭʦʜʠ: 

ʢʘʨʘʥʪʠʥ, 

ʚʘʢʮʠʥʘʮʽʷ, 

ʦʙʤʝʞʝʥʥʷ 

ʤʦʙʽʣʴʥʦʩʪʽ. 

ʈʦʟʧʦʜʽʣʠʤʦ ʥʘ 

ʨʽʚʥʽ: 1 ʨʽʚʝʥʴ: 

ʤʘʩʦʚʝ ʪʝʩʪʫʚʘʥʥʷ; 

2 ʨʽʚʝʥʴ: 1 ʨʽʚʝʥʴ + 

ʢʘʨʘʥʪʠʥ, 

ʚʘʢʮʠʥʘʮʽʷ 

3 ʨʽʚʝʥʴ: 2 ʨʽʚʝʥʴ + 

ʦʙʤʝʞʝʥʥʷ ʤʘʩʦʚʠʭ 

ʟʘʭʦʜʽʚ ʪʘ 

ʧʦʜʦʨʦʞʝʡ  

ʊʝʢʩʪʦʚʠʡ ʆʮʽʥʢʘ 

ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʨʽʟʥʠʭ 

ʧʨʦʪʠʝʧʽʜʝʤʽ

ʯʥʠʭ ʟʘʭʦʜʽʚ 

PZ 

ɺʭʽʜʥʠʡ ʏʠʩʝʣʴʥʽʩʪʴ 

ʥʘʩʝʣʝʥʥʷ 

ɿʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ 

ʦʩʽʙ ʫ ʨʝʛʽʦʥʽ 

ʏʠʩʣʦʚʠʡ 

(ʦʩʽʙ) 

ɸʥʘʣʽʟ 

ʟʘʛʘʣʴʥʦʛʦ 

ʚʧʣʠʚʫ 

ʨʦʟʤʽʨʫ 

CN 
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ʧʦʧʫʣʷʮʽʾ ʥʘ 

ʨʽʚʝʥʴ 

ʟʘʭʚʦʨʶʚʘʥʦʩ

ʪʽ 

ɺʭʽʜʥʠʡ ʉʦʮʽʘʣʴʥʦ-

ʝʢʦʥʦʤʽʯʥʽ 

ʫʤʦʚʠ 

ʈʽʚʝʥʴ ʜʦʭʦʜʽʚ, 

ʜʦʩʪʫʧ ʜʦ 

ʤʝʜʠʯʥʠʭ 

ʧʦʩʣʫʛ 

(ʨʦʟʧʦʜʽʣʠʤʦ ʥʘ 

ʛʨʫʧʠ: 1 ï 

ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ: 

ɺʠʩʦʢʠʡ ʨʽʚʝʥʴ 

ʜʦʭʦʜʽʚ, 

ʚʽʜʤʽʥʥʠʡ 

ʜʦʩʪʫʧ ʜʦ 

ʤʝʜʠʯʥʠʭ 

ʧʦʩʣʫʛ, 2 ʨʽʚʝʥʴ 

ï ʩʝʨʝʜʥʽʡ 

ʨʽʚʝʥʴ: ɺʠʩʦʢʠʡ 

ʨʽʚʝʥʴ ʜʦʭʦʜʽʚ, 

ʰʠʨʦʢʠʡ ʜʦʩʪʫʧ 

ʜʦ ʤʝʜʠʯʥʠʭ 

ʧʦʩʣʫʛ, 3 ʨʽʚʝʥʴ 

ï ʥʠʟʴʢʠʡ: 

ʉʝʨʝʜʥʽʡ ʨʽʚʝʥʴ 

ʜʦʭʦʜʽʚ, 

ʦʙʤʝʞʝʥʠʡ 

ʜʦʩʪʫʧ ʜʦ 

ʤʝʜʠʯʥʠʭ 

ʧʦʩʣʫʛ ʫ 

ʚʽʜʜʘʣʝʥʠʭ 

ʨʘʡʦʥʘʭ) 

ʂʘʪʝʛʦʨʽʡ

ʥʠʡ 

ɺʨʘʭʫʚʘʥʥ

ʷ ʚʧʣʠʚʫ 

ʫʤʦʚ ʞʠʪʪʷ 

ʥʘ ʪʷʞʢʽʩʪʴ 

ʧʝʨʝʙʽʛʫ ʪʘ 

ʯʘʩʪʦʪʫ 

ʟʘʭʚʦʨʶʚʘ

ʥʦʩʪʽ 

E 

ɺʭʽʜʥʠʡ ʈʽʚʝʥʴ 

ʚʘʢʮʠʥʘʮʽʾ 

ɺʽʜʩʦʪʦʢ 

ʥʘʩʝʣʝʥʥʷ, ʱʦ 

ʦʪʨʠʤʘʣʦ 

ʚʘʢʮʠʥʘʮʽʶ 

ʂʽʣʴʢʽʩʪʴ 

ʚʘʢʮʠʥʦʚ

ʘʥʠʭ ʟʘ 

ʜʘʥʠʡ 

ʧʝʨʽʦʜ 

ɸʥʘʣʽʟ 

ʚʧʣʠʚʫ 

ʚʘʢʮʠʥʘʮʽʾ 

ʥʘ ʨʽʚʝʥʴ 

ʟʘʭʚʦʨʶʚʘ

ʥʦʩʪʽ 

V 

ɺʠʭʽʜʥʠʡ ʈʽʚʝʥʴ 

ʟʘʭʚʦʨʶʚʘʥʦ

ʩʪʽ 

ʏʘʩʪʢʘ 

ʥʘʩʝʣʝʥʥʷ, ʱʦ 

ʟʘʭʚʦʨʽʣʘ ʟʘ 

ʧʝʚʥʠʡ ʧʝʨʽʦʜ 

ʏʠʩʣʦʚʠʡ

, ʢʽʣʴʢʽʩʪʴ 

ʚʠʧʘʜʢʽʚ 

ʥʘ 

ʤʽʣʴʡʦʥ 

ʦʩʽʙ  

ʇʨʦʛʥʦʟʫʚʘ

ʥʥʷ 

ʟʘʛʘʣʴʥʦʛʦ 

ʨʽʚʥʷ 

ʟʘʭʚʦʨʶʚʘ

ʥʦʩʪʽ 

Z 

ɺʭʽʜʥʠʡ ʉʫʢʫʧʥʘ 

ʢʽʣʴʢʽʩʪʴ 

ʧʽʜʪʚʝʨʜʞʝʥ

ʠʭ ʩʤʝʨʪʝʡ 

ʚʽʜ COVID-

19 ʥʘ ʤʽʣʴʡʦʥ 

ʣʶʜʝʡ 

ʂʽʣʴʢʽʩʪʴ 

ʧʽʜʪʚʝʨʜʞʝʥʠʭ 

ʩʤʝʨʪʝʡ/ 

ʤʽʣʴʡʦʥ  

ʏʠʩʣʦʚʠʡ

, ʢʽʣʴʢʽʩʪʴ 

ʚʠʧʘʜʢʽʚ 

ʥʘ 

ʤʽʣʴʡʦʥ 

ʦʩʽʙ 

ɸʥʘʣʽʟ 

ʚʧʣʠʚʫ 

ʩʤʝʨʪʥʦʩʪʽ 

ʥʘ ʨʽʚʝʥʴ 

ʟʘʭʚʦʨʶʚʘ

ʥʦʩʪʽ 

Sm  
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ɼʘʣʽ ʚ ʬʘʡʣ Excel ʙʫʣʦ ʦʬʦʨʤʣʝʥʦ ʚʩʽ ʚʭʽʜʥʽ ʪʘ ʚʠʭʽʜʥʽ ʬʘʢʪʦʨʠ ʧʦ ʢʨʘʾʥʘʭ. ɯʥʬʦʨʤʘʮʽʶ 

ʙʫʣʦ ʚʟʷʪʦ ʟ ʨʝʩʫʨʩʫ [6]. 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʨʦʟʨʘʭʫʥʢʽʚ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʤʦʚʫ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ R.  

ʇʽʩʣʷ ʯʠʩʣʝʥʥʠʭ ʟʘʧʫʩʢʽʚ ʮʴʦʛʦ ʩʢʨʠʧʪʫ ʜʣʷ ʨʽʟʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʢʽʣʴʢʦʩʪʽ ʧʨʠʭʦʚʘʥʠʭ 

ʰʘʨʽʚ ʪʘ ʢʽʣʴʢʦʩʪʽ ʥʝʡʨʦʥʽʚ ʫ ʥʠʭ ʟôʷʩʦʚʘʥʦ, ʱʦ ʥʘʡʢʨʘʱʠʡ ʨʝʟʫʣʴʪʘʪ (ʩʝʨʝʜʥʷ ʘʙʩʦʣʶʪʥʘ 

ʧʨʠʚʝʜʝʥʘ ʧʦʤʠʣʢʘ ï 0,03684) ʟʘʙʝʟʧʝʯʫʻ ʧʝʨʩʝʧʪʨʦʥ ʟ ʜʚʦʤʘ ʧʨʠʭʦʚʘʥʠʤʠ ʰʘʨʘʤʠ ʪʘ 

ʧôʷʪʴʦʤʘ ʥʝʡʨʦʥʘʤʠ ʫ ʢʦʞʥʦʤʫ ʰʘʨʽ [7ï8]. 

 

 

 

 
ʈʠʩʫʥʦʢ 4 ï ʌʘʡʣ ʟ ʚʭʽʜʥʠʤʠ ʜʘʥʠʤʠ ʚ Excel 
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ʈʠʩʫʥʦʢ 6 ï ʈʝʟʫʣʴʪʘʪʠ ʨʦʟʨʘʭʫʥʢʽʚ 

 

ɺʀʉʅʆɺʂʀ 

ɺ ʭʦʜʽ ʨʦʙʦʪʠ ʚʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʨʽʟʥʽ ʬʘʢʪʦʨʠ ʧʦ-ʨʽʟʥʦʤʫ ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʽʚʝʥʴ 

ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ. ʅʘʡʙʽʣʴʰʠʡ ʚʧʣʠʚ ʩʝʨʝʜ ʢʘʨʘʥʪʠʥʥʠʭ ʟʘʭʦʜʽʚ ʤʘʻ ʦʙʦʚôʷʟʢʦʚʘ ʚʘʢʮʠʥʘʮʽʷ, 

ʪʦʜʽ ʷʢ ʜʝʷʢʽ ʽʥʰʽ ʧʘʨʘʤʝʪʨʠ ʚʽʜʽʛʨʘʶʪʴ ʜʨʫʛʦʨʷʜʥʫ ʨʦʣʴ. ʉʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʽ ʪʘ ʢʣʽʤʘʪʠʯʥʽ 

ʫʤʦʚʠ ʪʘʢʦʞ ʟʥʘʯʥʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʧʦʰʠʨʝʥʥʷ ʭʚʦʨʦʙʠ. ʐʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʧʦʢʘʟʘʣʠ 

ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʽ ʧʨʠʜʘʪʥʽʩʪʴ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʘ ʪʦʤʫ ʤʦʞʫʪʴ ʙʫʪʠ ʝʬʝʢʪʠʚʥʠʤ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʫ ʤʦʜʝʣʶʚʘʥʥʽ ʽʥʬʝʢʮʽʡʥʠʭ ʧʨʦʮʝʩʽʚ ʪʘ ʧʽʜʪʨʠʤʮʽ ʫʧʨʘʚʣʽʥʩʴʢʠʭ ʨʽʰʝʥʴ ʫ ʩʬʝʨʽ 

ʦʭʦʨʦʥʠ ʟʜʦʨʦʚ'ʷ. 
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ʄʝʣʴʥʠʢʦʚ ʆ.ʖ., ʐʠʤʘʥʩʴʢʘ ʉ.ɸ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. 

ʂʨʘʤʘʪʦʨʩʴʢ-ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ).   

 

ɺʀʂʆʈʀʉʊɸʅʅʗ ʐʊʋʏʅʀʍ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ ɼʃʗ ʇʈʆɻʅʆɿʋɺɸʅʅʗ 

ʆɹʀʈɸʅʅʗ ɼʀʉʎʀʇʃɯʅ ɺɯʃʔʅʆɻʆ ɺʀɹʆʈʋ ɿɼʆɹʋɺɸʏɸʄʀ ʆʉɺɯʊʀ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʥʫʪʦ ʧʨʦʙʣʝʤʫ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʧʨʦʮʝʩʫ ʚʠʙʦʨʫ 

ʩʪʫʜʝʥʪʘʤʠ ʜʠʩʮʠʧʣʽʥ ʚʽʣʴʥʦʛʦ ʚʠʙʦʨʫ ʰʣʷʭʦʤ ʟʘʩʪʦʩʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʘʥʘʣʽʟʫ ʜʘʥʠʭ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʩʪʚʦʨʝʥʥʷ ʨʝʢʦʤʝʥʜʘʮʽʡʥʦʾ ʩʠʩʪʝʤʠ ʥʘ ʦʩʥʦʚʽ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʟʜʘʪʥʦʾ 

ʧʨʦʛʥʦʟʫʚʘʪʠ ʚʠʙʽʨ ʜʠʩʮʠʧʣʽʥ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʽʥʪʝʨʝʩʽʚ ʩʪʫʜʝʥʪʽʚ, ʾʭʥʴʦʾ ʘʢʘʜʝʤʽʯʥʦʾ ʫʩʧʽʰʥʦʩʪʽ ʪʘ 

ʦʩʚʽʪʥʽʭ ʧʨʽʦʨʠʪʝʪʽʚ. ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʮʽʻʾ ʤʝʪʠ ʧʦʙʫʜʦʚʘʥʦ ʙʘʛʘʪʦʰʘʨʦʚʫ ʧʝʨʮʝʧʪʨʦʥʥʫ 

ʥʝʡʨʦʤʝʨʝʞʫ, ʨʝʘʣʽʟʦʚʘʥʫ ʟʘ ʜʦʧʦʤʦʛʦʶ Python ʪʘ ʙʽʙʣʽʦʪʝʢ TensorFlow, Keras, Scikit-learn, Pandas ʽ 

NumPy. ʄʦʜʝʣʴ ʚʠʢʦʨʠʩʪʦʚʫʻ ʯʦʪʠʨʠ ʢʣʶʯʦʚʽ ʦʟʥʘʢʠ ð ʩʪʘʪʴ ʩʪʫʜʝʥʪʘ, ʩʝʨʝʜʥʽʡ ʙʘʣ ʟ ʪʝʭʥʽʯʥʠʭ 

ʧʨʝʜʤʝʪʽʚ, ʩʝʨʝʜʥʽʡ ʙʘʣ ʟ ʛʫʤʘʥʽʪʘʨʥʠʭ ʜʠʩʮʠʧʣʽʥ ʽ ʦʮʽʥʢʠ ʟʽ ʩʧʦʨʪʠʚʥʦʾ ʧʽʜʛʦʪʦʚʢʠ. ɺʠʭʽʜʥʠʡ ʰʘʨ 

ʦʭʦʧʣʶʻ ʧôʷʪʴ ʤʦʞʣʠʚʠʭ ʚʘʨʽʘʥʪʽʚ ʜʠʩʮʠʧʣʽʥ, ʱʦ ʧʨʦʧʦʥʫʶʪʴʩʷ ʩʪʫʜʝʥʪʘʤ ʩʧʝʮʽʘʣʴʥʦʩʪʽ 126 

çɯʥʬʦʨʤʘʮʽʡʥʽ ʩʠʩʪʝʤʠ ʪʘ ʪʝʭʥʦʣʦʛʽʾè. ʇʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʨʦʙʦʪʠ ʥʝʡʨʦʤʝʨʝʞʽ ʟ ʩʽʤʦʤʘ 

ʧʦʧʫʣʷʨʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʩʚʽʜʯʠʣʠ, ʱʦ 

ʥʝʡʨʦʤʝʨʝʞʥʘ ʤʦʜʝʣʴ ʜʦʩʷʛʣʘ ʥʘʡʚʠʱʦʾ ʪʦʯʥʦʩʪʽ ð 85,7%, ʱʦ ʟʥʘʯʥʦ ʧʝʨʝʚʠʱʫʻ ʧʦʢʘʟʥʠʢʠ 

ʘʣʴʪʝʨʥʘʪʠʚʥʠʭ ʧʽʜʭʦʜʽʚ. ɼʦʜʘʪʢʦʚʦ ʚʠʢʦʨʠʩʪʘʥʦ ʪʨʴʦʭʬʦʣʜʦʚʫ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʶ, ʷʢʘ ʧʽʜʪʚʝʨʜʠʣʘ 

ʩʪʘʙʽʣʴʥʽʩʪʴ ʪʘ ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʟʘʩʚʽʜʯʫʶʪʴ 

ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʷʢ ʽʥʩʪʨʫʤʝʥʪʫ ʜʣʷ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ 

ʪʘ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʦʩʚʽʪʥʽʭ ʪʨʘʻʢʪʦʨʽʡ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʨʝʢʦʤʝʥʜʘʮʽʡʥʽ ʩʠʩʪʝʤʠ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʚʠʙʽʨ ʜʠʩʮʠʧʣʽʥ, 

ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ. 

Abstract. The article examines the problem of improving the process of selecting elective academic 

courses by applying intelligent data analysis methods. The aim of the study is to develop a recommendation 

system based on artificial neural networks capable of predicting studentsô course choices according to their 

interests, academic achievements and educational priorities. To achieve this goal, a multilayer perceptron 

neural network was constructed and implemented using Python and the TensorFlow, Keras, Scikit-learn, 

Pandas and NumPy libraries. The model uses four key featuresðgender, average grade in technical subjects, 

average grade in humanities, and performance in physical education. The output layer represents five possible 

elective courses offered to students majoring in Information Systems and Technologies. A comparative analysis 

was conducted between the neural network and seven popular machine-learning algorithms. The results 

showed that the neural network achieved the highest accuracyð85.7%, significantly outperforming all 

alternative approaches. Additionally, three-fold cross-validation was applied, confirming the modelôs stability 

and generalization ability. The findings demonstrate the potential of neural networks as an effective tool for 

decision support and personalization of educational trajectories.  

Keywords: neural networks, recommendation systems, prediction, elective courses, machine learning. 

 

ʉʪʚʦʨʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʘʜʘʧʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ 

ʻ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʦʤ ʜʣʷ ʦʩʚʽʪʠ [1]. ʂʣʶʯʦʚʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʫ ʮʽʡ ʛʘʣʫʟʽ ʚʠʩʪʫʧʘʶʪʴ 

ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ. 

ʐʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʻ ʧʦʪʫʞʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ ʥʝʣʽʥʽʡʥʦʾ 

ʧʦʚʝʜʽʥʢʠ, ʟʦʢʨʝʤʘ ʫ ʩʬʝʨʽ ʦʩʚʽʪʠ. ɺʦʥʠ ʟʜʘʪʥʽ ʨʦʟʧʽʟʥʘʚʘʪʠ ʪʘ ʘʥʘʣʽʟʫʚʘʪʠ ʥʘʚʯʘʣʴʥʽ ʟʜʽʙʥʦʩʪʽ 

ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ ʰʣʷʭʦʤ ʦʙʨʦʙʢʠ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʾʭʥʻ ʥʘʚʯʘʥʥʷ [2]. ɿʜʘʪʥʽʩʪʴ ʥʝʡʨʦʤʝʨʝʞ 

ʚʨʘʭʦʚʫʚʘʪʠ ʽʥʪʝʨʝʩʠ ʪʘ ʚʧʦʜʦʙʘʥʥʷ ʩʪʫʜʝʥʪʽʚ ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʾ ʜʠʩʮʠʧʣʽʥ ʚʽʣʴʥʦʛʦ ʚʠʙʦʨʫ. 

ʆʩʥʦʚʥʦʶ ʤʝʪʦʶ ʻ ʨʦʟʨʦʙʢʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʨʝʢʦʤʝʥʜʘʮʽʡ, ʷʢʘ ʥʘ ʦʩʥʦʚʽ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ (ʟʦʢʨʝʤʘ, ʥʝʡʨʦʤʝʨʝʞ) ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʜʦʧʦʤʘʛʘʪʠʤʝ ʩʪʫʜʝʥʪʘʤ ʦʙʠʨʘʪʠ 

ʦʧʪʠʤʘʣʴʥʽ ʜʠʩʮʠʧʣʽʥʠ. ɼʣʷ ʮʴʦʛʦ ʩʠʩʪʝʤʘ ʤʦʞʝ ʘʥʘʣʽʟʫʚʘʪʠ ʜʘʥʽ ʧʨʦ ʫʩʧʽʰʥʽʩʪʴ ʩʪʫʜʝʥʪʘ 

(ʦʮʽʥʢʠ ʟʘ ʧʦʧʝʨʝʜʥʽ ʜʠʩʮʠʧʣʽʥʠ), ʡʦʛʦ ʽʥʪʝʨʝʩʠ, ʢʘʨ'ʻʨʥʽ ʧʣʘʥʠ ʪʘ ʟʚʦʨʦʪʥʠʡ ʟʚ'ʷʟʦʢ ʚʽʜ ʽʥʰʠʭ 
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ʩʪʫʜʝʥʪʽʚ [3]. ʆʩʢʽʣʴʢʠ ʨʽʚʝʥʴ ʟʘʩʚʦʻʥʥʷ ʥʦʚʠʭ ʟʥʘʥʴ ʟʥʘʯʥʦʶ ʤʽʨʦʶ ʟʘʣʝʞʠʪʴ ʚʽʜ ʙʘʟʦʚʦʛʦ 

ʨʽʚʥʷ ʟʥʘʥʴ [4], ʦʮʽʥʢʠ ʩʪʫʜʝʥʪʽʚ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʚʭʽʜʥʠʤ ʝʣʝʤʝʥʪʦʤ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʋ ʮʽʡ ʨʦʙʦʪʽ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʠʙʦʨʫ ʜʠʩʮʠʧʣʽʥ (PREDMET) ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʙʘʛʘʪʦʨʽʚʥʝʚʘ ʧʝʨʩʝʧʪʨʦʥʥʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ, ʨʝʘʣʽʟʦʚʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ Python ʪʘ ʪʘʢʠʭ 

ʙʽʙʣʽʦʪʝʢ, ʷʢ TensorFlow (ʚʝʨʩʽʷ 2.17.1), Keras (ʚʝʨʩʽʷ 3.5.0), Scikit-learn (ʚʝʨʩʽʷ 1.5.2), Pandas 

(ʚʝʨʩʽʷ 2.2.2), NumPy, Matplotlib (ʚʝʨʩʽʷ 3.8.0) ʪʘ Seaborn. TensorFlow ʻ ʧʦʪʫʞʥʦʶ ʙʽʙʣʽʦʪʝʢʦʶ 

ʜʣʷ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʚʽʜ Google, ʱʦ ʥʘʜʘʻ ʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ ʧʦʙʫʜʦʚʠ ʪʘ ʥʘʚʯʘʥʥʷ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʘ Keras, ʽʥʪʝʛʨʦʚʘʥʠʡ ʫ TensorFlow, ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʦʨʽʚʥʝʚʠʡ API ʜʣʷ 

ʰʚʠʜʢʦʾ ʨʦʟʨʦʙʢʠ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʘʨʭʽʪʝʢʪʫʨ. Scikit-learn ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʽʜʛʦʪʦʚʢʠ 

ʜʘʥʠʭ ʪʘ ʦʮʽʥʢʠ ʤʦʜʝʣʝʡ, Pandas ʪʘ NumPy ï ʜʣʷ ʦʙʨʦʙʢʠ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʘ Matplotlib ʪʘ 

Seaborn ï ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʨʝʟʫʣʴʪʘʪʽʚ [5]. 

ɸʨʭʽʪʝʢʪʫʨʘ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʧʦʙʫʜʦʚʘʥʘ ʷʢ ʙʘʛʘʪʦʨʽʚʥʝʚʠʡ ʧʝʨʮʝʧʪʨʦʥ ʟ ʪʨʴʦʤʘ 

ʧʦʚʥʦʟʚôʷʟʥʠʤʠ ʰʘʨʘʤʠ (ʨʠʩ. 1). ɺʭʽʜʥʠʡ ʰʘʨ ʧʨʠʡʤʘʻ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʩʪʫʜʝʥʪʽʚ (4 ʯʠʩʣʦʚʽ 

ʦʟʥʘʢʠ): ʩʪʘʪʴ (SEX), ʩʝʨʝʜʥʽʡ ʙʘʣ ʟ ʪʝʭʥʽʯʥʠʭ ʧʨʝʜʤʝʪʽʚ (TEX), ʩʝʨʝʜʥʽʡ ʙʘʣ ʟ ʛʫʤʘʥʽʪʘʨʥʠʭ 

ʧʨʝʜʤʝʪʽʚ (HUM) ʪʘ ʩʝʨʝʜʥʽʡ ʙʘʣ ʟʽ ʩʧʦʨʪʠʚʥʠʭ ʜʠʩʮʠʧʣʽʥ (SPRT). ʇʝʨʰʠʡ ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ 

ʤʽʩʪʠʪʴ 64 ʥʝʡʨʦʥʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʤʝʨʝʞʽ ʚʠʷʚʣʷʪʠ ʩʢʣʘʜʥʽ ʥʝʣʽʥʽʡʥʽ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʦʟʥʘʢʘʤʠ, 

ʘ ʜʨʫʛʠʡ ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ ʟʽ 32 ʥʝʡʨʦʥʘʤʠ ʫʪʦʯʥʶʻ ʪʘ ʢʦʥʢʨʝʪʠʟʫʻ ʮʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ. 

ʅʘ ʚʠʭʦʜʽ ʤʝʨʝʞʘ ʤʘʻ 5 ʥʝʡʨʦʥʽʚ ï ʧʦ ʦʜʥʦʤʫ ʜʣʷ ʢʦʞʥʦʾ ʤʦʞʣʠʚʦʾ ʢʘʪʝʛʦʨʽʾ 

ʢʣʘʩʠʬʽʢʘʮʽʾ (PREDMET), ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʦʭʦʧʣʝʥʥʷ ʚʩʽʭ ʮʽʣʴʦʚʠʭ ʢʣʘʩʽʚ. ɼʣʷ ʧʝʨʝʪʚʦʨʝʥʥʷ 

ʚʠʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʫ ʡʤʦʚʽʨʥʽʩʥʠʡ ʨʦʟʧʦʜʽʣ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ Softmax [6], 

ʷʢʘ ʥʦʨʤʘʣʽʟʫʻ ʨʝʟʫʣʴʪʘʪʠ ʪʘ ʜʦʟʚʦʣʷʻ ʽʥʪʝʨʧʨʝʪʫʚʘʪʠ ʾʭ ʷʢ ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʜʦ 

ʢʦʞʥʦʛʦ ʟ ʢʣʘʩʽʚ. ʇʨʠʭʦʚʘʥʽ ʰʘʨʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʥʝʣʽʥʽʡʥʫ ʬʫʥʢʮʽʶ ʘʢʪʠʚʘʮʽʾ ReLU 

(Rectified Linear Unit)[7], ʱʦ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ ʥʘʚʯʘʪʠʩʷ ʩʢʣʘʜʥʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʫ ʜʘʥʠʭ. 

ɿʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʧʘʨʘʤʝʪʨʽʚ ʤʦʜʝʣʽ ʩʪʘʥʦʚʠʪʴ 2565. ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʧʨʦʮʝʩʫ ʥʘʚʯʘʥʥʷ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʘʣʛʦʨʠʪʤ Adam, ʘ ʬʫʥʢʮʽʷ ʚʪʨʘʪ Categorical Crossentropy ʟʘʙʝʟʧʝʯʫʻ ʪʦʯʥʫ 

ʦʮʽʥʢʫ ʨʦʟʙʽʞʥʦʩʪʝʡ ʤʽʞ ʧʝʨʝʜʙʘʯʝʥʠʤʠ ʪʘ ʬʘʢʪʠʯʥʠʤʠ ʨʦʟʧʦʜʽʣʘʤʠ ʡʤʦʚʽʨʥʦʩʪʝʡ, ʱʦ 

ʨʦʙʠʪʴ ʤʦʜʝʣʴ ʝʬʝʢʪʠʚʥʦʶ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʠʙʦʨʫ ʜʠʩʮʠʧʣʽʥ ʩʪʫʜʝʥʪʘʤʠ ʪʘ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʩʢʣʘʜʥʠʭ ʧʘʪʪʝʨʥʽʚ ʫ ʜʘʥʠʭ. 

ʌʦʨʤʫʣʘ ʨʦʟʨʘʭʫʥʢʫ ʧʘʨʘʤʝʪʨʽʚ ʜʣʷ ʧʦʚʥʦʟʚ'ʷʟʥʦʛʦ ʰʘʨʫ: 

 
ʂʦʞʝʥ ʥʝʡʨʦʥ ʫ ʥʦʚʦʤʫ ʰʘʨʽ ʦʪʨʠʤʫʻ ʩʠʛʥʘʣ ʚʽʜ ʢʦʞʥʦʛʦ ʥʝʡʨʦʥʘ ʧʦʧʝʨʝʜʥʴʦʛʦ h ʘʨʫ. 

ʂʦʞʥʝ ʟ'ʻʜʥʘʥʥʷ ʤʘʻ ʩʚʦʶ ʚʘʛʫ ï ʢʦʝʬʽʮʽʻʥʪ, ʷʢʠʡ ʧʦʢʘʟʫʻ "ʚʘʞʣʠʚʽʩʪʴ" ʮʴʦʛʦ ʟʚ'ʷʟʢʫ (ʚʘʛʫ). 

ʂʦʞʝʥ ʥʝʡʨʦʥ ʫ ʥʦʚʦʤʫ ʰʘʨʽ ʤʘʻ ʜʦʜʘʪʢʦʚʠʡ ʧʘʨʘʤʝʪʨ ï ʟʩʫʚ. ʎʝ ʢʦʥʩʪʘʥʪʘ, ʷʢʘ ʜʦʜʘʻʪʴʩʷ ʜʦ 

ʩʫʤʠ ʚʩʽʭ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ, ʜʦʟʚʦʣʷʻ ʥʝʡʨʦʥʫ "ʘʢʪʠʚʫʚʘʪʠʩʷ" ʥʘʚʽʪʴ ʢʦʣʠ ʚʩʽ ʚʭʦʜʠ = 0. 

ʈʦʟʨʘʭʫʻʤʦ ʩʢʣʘʜʥʽʩʪʴ ʥʘʰʦʾ ʥʝʡʨʦʤʝʨʝʞʽ: 

1. ʇʝʨʰʠʡ ʰʘʨ (320 ʧʘʨʘʤʝʪʨʽʚ) 

4 ʚʭʽʜʥʽ ʦʟʥʘʢʠ ʧʦʚ'ʷʟʫʶʪʴʩʷ ʟ 64 ʥʝʡʨʦʥʘʤʠ 

ʂʦʞʝʥ ʟʚ'ʷʟʦʢ ʤʘʻ ʩʚʦʶ ʚʘʛʫ + ʢʦʞʝʥ ʥʝʡʨʦʥ ʤʘʻ ʩʚʦʻ ʟʤʽʱʝʥʥʷ 

ʈʘʟʦʤ: 4Ĭ64 + 64 = 320 

2. ɼʨʫʛʠʡ ʰʘʨ (2080 ʧʘʨʘʤʝʪʨʽʚ) 

64 ʥʝʡʨʦʥʠ ʧʦʧʝʨʝʜʥʴʦʛʦ ʰʘʨʫ ʧʦʚ'ʷʟʫʶʪʴʩʷ ʟ 32 ʥʝʡʨʦʥʘʤʠ ʥʦʚʦʛʦ ʰʘʨʫ : 64Ĭ32 + 32 

= 2080 

3. ɺʠʭʽʜʥʠʡ ʰʘʨ (165 ʧʘʨʘʤʝʪʨʽʚ) 

32 ʥʝʡʨʦʥʠ ʧʝʨʝʭʦʜʷʪʴ ʫ 5 ʚʠʭʽʜʥʠʭ ʥʝʡʨʦʥʽʚ 32Ĭ5 ʚʘʛ + 5 ʟʩʫʚʽʚ = 165 

ʉʫʤʘʨʥʦ: 320 + 2080 + 165 = 2565 

ʂʦʣʠ "ʤʦʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ" ï ʚʦʥʘ ʧʽʜʙʠʨʘʻ ʦʧʪʠʤʘʣʴʥʽ ʟʥʘʯʝʥʥʷ ʮʠʭ 2565 ʧʘʨʘʤʝʪʨʽʚ, ʱʦʙ 

ʨʦʙʠʪʠ ʪʦʯʥʽ ʧʨʦʛʥʦʟʠ! 
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ʈʠʩʫʥʦʢ 1 ï ɸʨʭʽʪʝʢʪʫʨʘ ʥʝʡʨʦʤʝʨʝʞʽ 

 
ɼʦʩʣʽʜʞʝʥʥʷ (ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʽ ʪʘ ʧʦʜʘʣʴʰʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ) ʧʨʦʚʦʜʠʣʦʩʷ ʥʘ 

ʜʘʥʠʭ ʧʨʦ ʩʪʫʜʝʥʪʽʚ ʌʘʢʫʣʴʪʝʪʫ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʤʘʰʠʥʦʙʫʜʫʚʘʥʥʷ ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʠʭ 

ʪʝʭʥʦʣʦʛʽʡ ɼʦʥʙʘʩʴʢʦʾ ʄʘʰʠʥʦʙʫʜʽʚʥʦʾ ɸʢʘʜʝʤʽʾ. ɼʣʷ ʩʧʝʮʽʘʣʴʥʦʩʪʽ 126 çɯʥʬʦʨʤʘʮʽʡʥʽ 

ʩʠʩʪʝʤʠ ʪʘ ʪʝʭʥʦʣʦʛʽʾè ʥʘ ʜʨʫʛʦʤʫ ʢʫʨʩʽ ʥʘʚʯʘʥʥʷ ʩʪʫʜʝʥʪʘʤ ʧʨʦʧʦʥʫʶʪʴʩʷ ʪʘʢʽ ʜʠʩʮʠʧʣʽʥʠ 

ʥʘ ʚʠʙʽʨ: ʝʪʠʢʘ ʪʘ ʝʩʪʝʪʠʢʘ, ʽʩʪʦʨʽʷ ʥʘʫʢʠ ʪʘ ʪʝʭʥʽʢʠ, ʽʥʦʟʝʤʥʘ ʤʦʚʘ, ʩʦʮʽʦʣʦʛʽʷ, ʛʝʨʦʾʯʥʽ 

ʦʩʦʙʠʩʪʦʩʪʽ ʚ ʋʢʨʘʾʥʽ (ʨʠʩ. 2). 

ɹʫʣʦ ʚʠʢʦʥʘʥʦ ʥʘʚʯʘʥʥʷ (ʪʨʝʥʫʚʘʥʥʷ) ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʥʘ ʥʘʚʯʘʣʴʥʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ 

ʟʽ ʟʙʝʨʝʞʝʥʥʷʤ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʟʤʽʥʫ ʧʦʢʘʟʥʠʢʽʚ ʤʦʜʝʣʽ (ʚʪʨʘʪ ʽ ʪʦʯʥʦʩʪʽ) ʟʘ ʚʩʽ ʝʧʦʭʠ. ʎʽ ʜʘʥʽ 

ʚʠʢʦʨʠʩʪʘʥʦ ʜʣʷ ʘʥʘʣʽʟʫ ʧʨʦʮʝʩʫ ʥʘʚʯʘʥʥʷ ʰʣʷʭʦʤ ʧʦʙʫʜʦʚʠ ʛʨʘʬʽʢʽʚ.  

ʄʝʪʦʶ ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʽ ʻ ʩʪʚʦʨʝʥʥʷ ʤʦʜʝʣʽ, ʟʜʘʪʥʦʾ ʫʟʘʛʘʣʴʥʶʚʘʪʠ 

ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʚ ʜʘʥʠʭ ʪʘ ʪʦʯʥʦ ʧʨʦʛʥʦʟʫʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʜʣʷ ʥʦʚʠʭ, ʥʝʚʽʜʦʤʠʭ ʜʘʥʠʭ. ɼʣʷ 

ʘʥʘʣʽʟʫ ʷʢʦʩʪʽ ʥʘʚʯʘʥʥʷ ʜʦʩʣʽʜʞʫʚʘʣʠʩʷ ʜʠʥʘʤʽʢʘ ʪʦʯʥʦʩʪʽ ʪʘ ʜʠʥʘʤʽʢʘ ʚʪʨʘʪ ʥʘ ʢʦʞʥʦʤʫ ʝʪʘʧʽ 

ʥʘʚʯʘʥʥʷ. ɺʪʨʘʪʠ ï ʮʝ ʯʠʩʣʦʚʝ ʟʥʘʯʝʥʥʷ, ʱʦ ʚʠʟʥʘʯʘʻ, ʥʘʩʢʽʣʴʢʠ ʧʨʦʛʥʦʟʠ ʤʦʜʝʣʽ 

ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʚʽʜ ʬʘʢʪʠʯʥʠʭ ʟʥʘʯʝʥʴ (ʽʩʪʠʥʥʠʭ ʤʽʪʦʢ). ʄʝʪʘ ʥʘʚʯʘʥʥʷ ʧʦʣʷʛʘʻ ʫ ʤʽʥʽʤʽʟʘʮʽʾ 

ʮʴʦʛʦ ʟʥʘʯʝʥʥʷ, ʪʦʙʪʦ ʫ ʜʦʩʷʛʥʝʥʥʽ ʤʘʢʩʠʤʘʣʴʥʦʾ ʪʦʯʥʦʩʪʽ ʧʨʦʛʥʦʟʽʚ ʤʦʜʝʣʽ (ʨʠʩ. 3). 
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ʈʠʩʫʥʦʢ 2 ï ʇʦʧʫʣʷʨʥʽʩʪʴ ʜʠʩʮʠʧʣʽʥ ʩʝʨʝʜ ʩʪʫʜʝʥʪʽʚ ʥʘ ʜʨʫʛʦʤʫ 

ʢʫʨʩʽ ʥʘʚʯʘʥʥʷ ʟʘ ʩʧʝʮʽʘʣʴʥʽʩʪʶ çɯʥʬʦʨʤʘʮʽʡʥʽ ʩʠʩʪʝʤʠ ʪʘ 

ʪʝʭʥʦʣʦʛʽʾè 

 

 
ʈʠʩʫʥʦʢ 3 ï ɼʠʥʘʤʽʢʘ ʚʪʨʘʪ ʟʘ ʝʧʦʭʘʤʠ 

 

ʅʘʚʯʘʣʴʥʽ ʚʪʨʘʪʠ ʧʦʢʘʟʫʶʪʴ, ʥʘʩʢʽʣʴʢʠ ʜʦʙʨʝ ʤʦʜʝʣʴ ʟʘʩʚʦʾʣʘ ʥʘʚʯʘʣʴʥʽ ʜʘʥʽ, ʘ 

ʧʝʨʝʚʽʨʢʦʚʽ ʚʪʨʘʪʠ ʚʽʜʦʙʨʘʞʘʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʤʦʜʝʣʽ ʥʘ ʜʘʥʠʭ, ʷʢʽ ʚʦʥʘ ʥʝ ʙʘʯʠʣʘ ʧʽʜ ʯʘʩ 

ʥʘʚʯʘʥʥʷ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʩʚʽʜʯʘʪʴ ʧʨʦ ʫʩʧʽʰʥʝ ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ, ʦʩʢʽʣʴʢʠ 

ʚʪʨʘʪʠ ʷʢ ʥʘ ʥʘʚʯʘʣʴʥʦʤʫ, ʪʘʢ ʽ ʥʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʥʘʙʦʨʘʭ ʜʘʥʠʭ ʧʦʩʣʽʜʦʚʥʦ ʟʤʝʥʰʫʶʪʴʩʷ ʟʽ 

ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʝʧʦʭ. 
ʊʦʯʥʽʩʪʴ ʧʦ ʝʧʦʭʘʭ ï ʮʝ ʧʦʢʘʟʥʠʢ, ʷʢʠʡ ʚʽʜʦʙʨʘʞʘʻ, ʥʘʩʢʽʣʴʢʠ 

ʜʦʙʨʝ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʢʣʘʩʠʬʽʢʫʻ ʘʙʦ ʧʨʦʛʥʦʟʫʻ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʢʦʞʥʦʤʫ 

ʝʪʘʧʽ ʥʘʚʯʘʥʥʷ. ʊʦʯʥʽʩʪʴ ï ʮʝ ʯʘʩʪʢʘ ʧʨʘʚʠʣʴʥʠʭ ʧʝʨʝʜʙʘʯʝʥʴ ʚʽʜ 

ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʨʠʢʣʘʜʽʚ ʫ ʚʠʙʽʨʮʽ. ɺʦʥʘ ʚʠʟʥʘʯʘʻ, ʥʘʩʢʽʣʴʢʠ 

ʤʦʜʝʣʴ ʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʫʻ ʜʘʥʽ ʘʙʦ ʨʦʙʠʪʴ ʧʨʦʛʥʦʟʠ.  

ʊʦʯʥʽʩʪʴ ʦʙʯʠʩʣʶʻʪʴʩʷ ʪʘʢ: 

 
ʊʦʯʥʽʩʪʴ ʜʣʷ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ ʧʦʢʘʟʫʻ, ʥʘʩʢʽʣʴʢʠ ʜʦʙʨʝ ʤʦʜʝʣʴ 

ʧʝʨʝʜʙʘʯʘʻ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. ʗʢʱʦ ʤʦʜʝʣʴ 

˾Ύ͒м; 
˩͙ͭ͊͟ ͭ͊ 
͔͔͙ͫͭͭ͊͟; 
28; 28%

˾Ύ͒м; 
˱ͫͭͦͪ͜Ύ 
͙ͤ͊ͯ͟ ͜ 
͔ͭͻ͙ͤ͜͟ ; 
12; 12%

˾Ύ͒м; 
˱͔ͤͦͣͤ͊͘ 
͍ͣͦ͊; 36; 

36%

˾Ύ͒м; 
˿ͦͼ͎ͦͦ͜͜͡Ύ 
; 12; 12%

˾Ύ͒м; 
˥͔ͪͦ͝;ͤ͜ 
͙ͦͫͦ͋ͫͭͦͫͭ͜ 
͍ ̂ͪ͊ͤ͟͜͝ ; 
12; 12%

˽ͦͨͯ͡Ύͪͤͫͭ͜Έ ͙͒ͫͼ͙ͨͤ͜͡

˩͙ͭ͊͟ ͭ͊ ͔͔͙ͫͭͭ͊͟

˱ͫͭͦͪ͜Ύ ͙ͤ͊ͯ͟ ͜ 
͔ͭͻ͙ͤ͜͟ 

˱͔ͤͦͣͤ͊͘ ͍ͣͦ͊

˿ͦͼ͎ͦͦ͜͜͡Ύ 
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"ʟʘʧʘʤ'ʷʪʦʚʫʻ" ʜʘʥʽ, ʪʦ ʪʦʯʥʽʩʪʴ ʥʘ ʥʘʚʯʘʣʴʥʽʡ ʚʠʙʽʨʮʽ ʜʫʞʝ ʚʠʩʦʢʘ. 

ʊʦʯʥʽʩʪʴ ʜʣʷ ʧʝʨʝʚʽʨʢʦʚʦʾ ʚʠʙʽʨʢʠ ʧʦʢʘʟʫʻ, ʥʘʩʢʽʣʴʢʠ ʤʦʜʝʣʴ 

ʫʟʘʛʘʣʴʥʶʻ ʩʚʦʾ ʟʥʘʥʥʷ ʥʘ ʜʘʥʠʭ, ʷʢʽ ʥʝ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʜʣʷ ʢʦʨʠʛʫʚʘʥʥʷ ʚʘʛ. ʇʝʨʝʚʽʨʢʦʚʘ ʪʦʯʥʽʩʪʴ ʚʘʞʣʠʚʘ ʜʣʷ 

ʦʮʽʥʢʠ ʟʜʘʪʥʦʩʪʽ ʤʦʜʝʣʽ ʧʨʘʮʶʚʘʪʠ ʟ ʥʦʚʠʤʠ ʜʘʥʠʤʠ (ʨʠʩ. 4) .  ɿʘ ʥʘʰʠʤ 

ʛʨʘʬʽʢʦʤ ʤʠ ʤʦʞʝʤʦ ʦʮʽʥʠʪʠ, ʯʠ ʧʦʢʨʘʱʫʻʪʴʩʷ ʤʦʜʝʣʴ ʽʟ ʢʦʞʥʦʶ ʝʧʦʭʦʶ. 

 
ʈʠʩʫʥʦʢ 5 ï ɼʠʥʘʤʽʢʘ ʪʦʯʥʦʩʪʽ ʟʘ ʝʧʦʭʘʤʠ 

 

ɼʣʷ ʦʮʽʥʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʧʝʨʝʚʽʨʢʠ ʥʘʜʽʡʥʦʩʪʽ ʩʪʚʦʨʝʥʦʾ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʤʦʜʝʣʽ ʙʫʣʦ 

ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʣʴʥʝ ʪʝʩʪʫʚʘʥʥʷ ʟ ʽʥʰʠʤʠ ʧʦʧʫʣʷʨʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʦʙ'ʻʢʪʠʚʥʦ ʦʮʽʥʠʪʠ, ʥʘʩʢʽʣʴʢʠ ʜʦʙʨʝ ʤʦʜʝʣʴ ʩʧʨʘʚʣʷʻʪʴʩʷ ʟ ʟʘʚʜʘʥʥʷʤ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʦʨʽʚʥʷʥʦ ʟ ʘʣʴʪʝʨʥʘʪʠʚʥʠʤʠ ʨʽʰʝʥʥʷʤʠ. 

ɼʣʷ ʢʦʤʧʣʝʢʩʥʦʾ ʦʮʽʥʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʤʦʜʝʣʽ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ 

ʧʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʽʟ ʧʦʧʫʣʷʨʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʗʢ ʝʪʘʣʦʥʥʽ ʤʦʜʝʣʽ 

ʜʣʷ ʧʦʨʽʚʥʷʥʥʷ ʙʫʣʦ ʦʙʨʘʥʦ ʩʽʤ ʨʽʟʥʦʪʠʧʥʠʭ ʘʣʛʦʨʠʪʤʽʚ, ʱʦ ʦʭʦʧʣʶʶʪʴ ʦʩʥʦʚʥʽ ʧʽʜʭʦʜʠ ʜʦ 

ʢʣʘʩʠʬʽʢʘʮʽʾ: ʚʽʜ ʪʨʘʜʠʮʽʡʥʠʭ ʩʪʘʪʠʩʪʠʯʥʠʭ ʤʝʪʦʜʽʚ ʜʦ ʩʫʯʘʩʥʠʭ ʘʥʩʘʤʙʣʝʚʠʭ ʪʝʭʥʽʢ [8]. 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʥʘʚʯʝʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ, ʘ ʪʘʢʦʞ ʽʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʘʣʛʦʨʠʪʤʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʙʫʣʦ ʚʠʷʚʣʝʥʦ, ʱʦ ʥʘʡʚʠʱʫ ʝʬʝʢʪʠʚʥʽʩʪʴ 

ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʩʪʚʦʨʝʥʘ ʥʝʡʨʦʤʝʨʝʞʘ, ʷʢʘ ʜʦʩʷʛʣʘ ʨʝʟʫʣʴʪʘʪʫ ï 85,7% ʪʦʯʥʦʩʪʽ. ʄʝʪʦʜ 

ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ [9] ʤʘʻ ʪʦʯʥʽʩʪʴ 71,4%, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʡʦʛʦ ʚʠʩʦʢʫ ʟʜʘʪʥʽʩʪʴ ʜʦ 

ʫʟʘʛʘʣʴʥʝʥʥʷ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʫ ʜʘʥʠʭ. ʃʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ [10] ʪʘ ʤʝʪʦʜ k-ʥʘʡʙʣʠʞʯʠʭ 

ʩʫʩʽʜʽʚ [11] ʧʦʢʘʟʘʣʠ ʩʝʨʝʜʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʨʽʚʥʽ 57,1%, ʪʦʜʽ ʷʢ ʚʠʧʘʜʢʦʚʠʡ ʣʽʩ [12] ʟʘʙʝʟʧʝʯʠʚ 

ʪʦʯʥʽʩʪʴ 42,9%. ʅʘʡʥʠʞʯʽ ʨʝʟʫʣʴʪʘʪʠ ʩʧʦʩʪʝʨʽʛʘʣʠʩʷ ʫ ʜʝʨʝʚʘ ʨʽʰʝʥʴ[13] ʪʘ ʛʨʘʜʽʻʥʪʥʦʛʦ 

ʙʫʩʪʠʥʛʫ [14] (28,6%), ʘ ʥʘʾʚʥʠʡ ɹʘʡʻʩ [15] ʧʦʢʘʟʘʚ ʤʽʥʽʤʘʣʴʥʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ï ʣʠʰʝ 14,3% 

ʪʦʯʥʦʩʪʽ. (ʨʠʩ. 6). 
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ʈʠʩʫʥʦʢ 6 ï ʇʦʨʽʚʥʷʥʥʷ ʧʝʨʝʜʙʘʯʝʥʴ ʤʦʜʝʣʝʡ 

 

ʅʠʟʴʢʽ ʨʝʟʫʣʴʪʘʪʠ ʤʝʪʦʜʽʚ, ʷʢʽ ʟʘʟʚʠʯʘʡ ʧʦʢʘʟʫʶʪʴ ʭʦʨʦʰʫ 

ʷʢʽʩʪʴ, ʤʦʞʫʪʴ ʚʢʘʟʫʚʘʪʠ ʥʘ ʥʝʜʦʩʪʘʪʥʽʡ ʦʙʩʷʛ ʜʘʥʠʭ ʜʣʷ ʾʭ 

ʝʬʝʢʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʇʝʨʝʚʘʛʘ ʩʪʚʦʨʝʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ ʥʘʜ ʣʽʥʽʡʥʠʤʠ 

ʤʝʪʦʜʘʤʠ ʪʘ ʽʥʰʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʩʚʽʜʯʠʪʴ ʧʨʦ ʥʘʷʚʥʽʩʪʴ ʩʢʣʘʜʥʠʭ 

ʥʝʣʽʥʽʡʥʠʭ ʚʟʘʻʤʦʟʚ'ʷʟʢʽʚ ʜʘʥʠʭ, ʷʢʽ ʫʩʧʽʰʥʦ ʚʠʷʚʣʷʻ ʥʘʰʘ 

ʘʨʭʽʪʝʢʪʫʨʘ. ʆʩʢʽʣʴʢʠ ʥʝʡʨʦʤʝʨʝʞʘ ʟʥʘʯʥʦ ʧʝʨʝʚʝʨʰʠʣʘ ʚʩʽ ʽʥʰʽ 

ʤʝʪʦʜʠ, ʚʦʥʘ ʻ ʦʧʪʠʤʘʣʴʥʠʤ ʚʠʙʦʨʦʤ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ. ɺʝʣʠʢʠʡ ʨʦʟʢʠʜ ʨʝʟʫʣʴʪʘʪʽʚ (ʚʽʜ 14.3% ʜʦ 85.7%) ʤʽʞ 

ʨʽʟʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʚʢʘʟʫʻ ʥʘ ʦʩʦʙʣʠʚʫ ʧʨʠʨʦʜʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʱʦ 

ʨʦʙʠʪʴ ʚʠʙʽʨ ʧʨʘʚʠʣʴʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʬʘʢʪʦʨʦʤ 

ʫʩʧʽʭʫ. 

ʂʨʦʩ-ʚʘʣʽʜʘʮʽʷ ʻ ʚʘʞʣʠʚʠʤ ʩʪʘʪʠʩʪʠʯʥʠʤ ʤʝʪʦʜʦʤ ʦʮʽʥʢʠ ʩʪʘʙʽʣʴʥʦʩʪʽ ʪʘ 

ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ [16]. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʟʚʠʯʘʡʥʦʛʦ 

ʪʝʩʪʫʚʘʥʥʷ ʥʘ ʦʜʥʽʡ ʨʦʟʜʽʣʝʥʽʡ ʚʠʙʽʨʮʽ, ʢʨʦʩ-ʚʘʣʽʜʘʮʽʷ ʧʝʨʝʜʙʘʯʘʻ ʙʘʛʘʪʦʨʘʟʦʚʝ ʨʦʟʜʽʣʝʥʥʷ 

ʜʘʥʠʭ ʥʘ ʥʘʚʯʘʣʴʥʫ ʪʘ ʪʝʩʪʦʚʫ ʧʽʜʚʠʙʽʨʢʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʦʪʨʠʤʘʪʠ ʙʽʣʴʰ ʥʘʜʽʡʥʫ ʦʮʽʥʢʫ ʷʢʦʩʪʽ 

ʤʦʜʝʣʽ. ʋ ʜʘʥʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʴ 3-ʬʦʣʜʦʚʘ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʷ, ʜʝ ʚʠʭʽʜʥʽ ʜʘʥʽ 

ʨʦʟʜʽʣʷʣʠʩʴ ʥʘ ʪʨʠ ʨʽʚʥʽ ʯʘʩʪʠʥʠ, ʘ ʤʦʜʝʣʴ ʥʘʚʯʘʣʘʩʴ ʥʘ ʜʚʦʭ ʟ ʥʠʭ ʪʘ ʪʝʩʪʫʚʘʣʘʩʴ ʥʘ ʪʨʝʪʽʡ, ʟ 

ʧʦʜʘʣʴʰʠʤ ʫʩʝʨʝʜʥʝʥʥʷʤ ʨʝʟʫʣʴʪʘʪʽʚ. ʎʝʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʤʽʥʽʤʽʟʫʚʘʪʠ ʚʧʣʠʚ ʚʠʧʘʜʢʦʚʦʛʦ 

ʨʦʟʧʦʜʽʣʫ ʜʘʥʠʭ ʥʘ ʦʮʽʥʢʫ ʝʬʝʢʪʠʚʥʦʩʪʽ ʤʦʜʝʣʽ ʪʘ ʚʠʷʚʠʪʠ ʾʾ ʩʧʨʘʚʞʥʶ ʟʜʘʪʥʽʩʪʴ ʜʦ 

ʫʟʘʛʘʣʴʥʝʥʥʷ (ʨʠʩ. 7). 

ʈʝʟʫʣʴʪʘʪʠ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʾ ʧʽʜʪʚʝʨʜʠʣʠ ʣʽʜʝʨʩʴʢʫ ʧʦʟʠʮʽʶ ʩʪʚʦʨʝʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ, ʷʢʘ 

ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʥʘʡʚʠʱʠʡ ʩʝʨʝʜʥʽʡ ʧʦʢʘʟʥʠʢ ʪʦʯʥʦʩʪʽ ï 0.492, ʱʦ ʟʥʘʯʥʦ ʧʝʨʝʚʠʱʫʻ 

ʨʝʟʫʣʴʪʘʪʠ ʽʥʰʠʭ ʤʦʜʝʣʝʡ. ɺʘʞʣʠʚʦ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʥʝʡʨʦʤʝʨʝʞʘ ʪʘʢʦʞ ʧʦʢʘʟʘʣʘ ʥʘʡʤʝʥʰʠʡ 

ʨʦʟʢʠʜ ʨʝʟʫʣʴʪʘʪʽʚ (Ñ0.051), ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʾʾ ʚʠʩʦʢʫ ʩʪʘʙʽʣʴʥʽʩʪʴ ʪʘ ʥʝʟʘʣʝʞʥʽʩʪʴ ʚʽʜ 

ʢʦʥʢʨʝʪʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

ɼʦ ʛʨʫʧʠ ʤʦʜʝʣʝʡ ʟ ʧʦʤʽʨʥʦʶ ʝʬʝʢʪʠʚʥʽʩʪʶ ʫʚʽʡʰʣʠ ʚʠʧʘʜʢʦʚʠʡ ʣʽʩ (0.318), K-

ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ (0.290), ʣʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ (0.288) ʪʘ ʤʝʪʦʜ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ (0.288). 

ʍʦʯʘ ʮʽ ʤʦʜʝʣʽ ʧʦʢʘʟʘʣʠ ʥʠʞʯʽ ʨʝʟʫʣʴʪʘʪʠ ʥʽʞ ʥʝʡʨʦʤʝʨʝʞʘ, ʚʦʥʠ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʠ 

ʜʦʩʪʘʪʥʴʦ ʜʦʙʨʫ ʩʪʘʙʽʣʴʥʽʩʪʴ, ʦʩʦʙʣʠʚʦ ʣʦʛʽʩʪʠʯʥʘ ʨʝʛʨʝʩʽʷ ʪʘ ʤʝʪʦʜ ʦʧʦʨʥʠʭ ʚʝʢʪʦʨʽʚ ʟ 

ʦʜʥʘʢʦʚʠʤ ʨʦʟʢʠʜʦʤ Ñ0.087. ʅʘʡʥʠʞʯʽ ʨʝʟʫʣʴʪʘʪʠ ʩʧʦʩʪʝʨʽʛʘʣʠʩʷ ʫ ʛʨʘʜʽʻʥʪʥʦʛʦ ʙʫʩʪʠʥʛʫ 
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(0.258), ʜʝʨʝʚʘ ʨʽʰʝʥʴ (0.232) ʪʘ ʥʘʾʚʥʦʛʦ ɹʘʡʻʩʘ (0.202). ɻʨʘʜʽʻʥʪʥʠʡ ʙʫʩʪʠʥʛ ʧʦʢʘʟʘʚ 

ʥʘʡʤʝʥʰʠʡ ʨʦʟʢʠʜ ʨʝʟʫʣʴʪʘʪʽʚ (Ñ0.011) ʩʝʨʝʜ ʫʩʽʭ ʤʦʜʝʣʝʡ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʡʦʛʦ ʚʠʩʦʢʫ 

ʩʪʘʙʽʣʴʥʽʩʪʴ, ʧʦʧʨʠ ʚʽʜʥʦʩʥʦ ʥʠʟʴʢʦʾ ʩʝʨʝʜʥʴʦʾ ʪʦʯʥʦʩʪʽ. 

 
ʈʠʩʫʥʦʢ 7 ï ʇʦʨʽʚʥʷʥʥʷ ʩʪʽʡʢʦʩʪʽ ʤʦʜʝʣʝʡ ʟʘ ʜʦʧʦʤʦʛʦʶ ʢʨʦʩ-

ʚʘʣʽʜʘʮʽʾ 

 

ɺʘʨʪʦ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʷ ʚʠʷʚʠʣʘ ʜʝʷʢʽ ʚʽʜʤʽʥʥʦʩʪʽ ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ 

ʨʝʟʫʣʴʪʘʪʘʤʠ ʟʚʠʯʘʡʥʦʛʦ ʪʝʩʪʫʚʘʥʥʷ. ɿʦʢʨʝʤʘ, ʥʝʡʨʦʤʝʨʝʞʘ ʟʥʘʯʥʦ ʧʦʢʨʘʱʠʣʘ ʩʚʦʶ ʧʦʟʠʮʽʶ 

ʚʽʜʥʦʩʥʦ ʽʥʰʠʭ ʤʦʜʝʣʝʡ, ʱʦ ʧʽʜʪʚʝʨʜʞʫʻ ʾʾ ʢʨʘʱʫ ʟʜʘʪʥʽʩʪʴ ʜʦ ʘʜʘʧʪʘʮʽʾ ʜʦ ʨʽʟʥʠʭ ʨʦʟʧʦʜʽʣʽʚ 

ʜʘʥʠʭ ʪʘ ʤʝʥʰʫ ʩʭʠʣʴʥʽʩʪʴ ʜʦ ʧʝʨʝʥʘʚʯʘʥʥʷ. 

ɿʘʛʘʣʦʤ, ʨʝʟʫʣʴʪʘʪʠ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʾ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʥʝʡʨʦʤʝʨʝʞʘ ʻ ʥʘʡʙʽʣʴʰ 

ʝʬʝʢʪʠʚʥʠʤ ʪʘ ʩʪʘʙʽʣʴʥʠʤ ʨʽʰʝʥʥʷʤ ʜʣʷ ʜʘʥʦʾ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʜʝʤʦʥʩʪʨʫʶʯʠ ʷʢ ʚʠʩʦʢʫ 

ʪʦʯʥʽʩʪʴ, ʪʘʢ ʽ ʜʦʙʨʫ ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʫ ʟʜʘʪʥʽʩʪʴ. 

ʋ ʨʝʟʫʣʴʪʘʪʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʥʘʚʯʝʥʦʾ ʥʝʡʨʦʤʝʨʝʞʽ ʙʫʣʦ ʦʧʨʘʮʴʦʚʘʥʦ 35 

ʚʘʨʽʘʥʪʽʚ, ʟ ʷʢʠʭ ʧʝʨʝʜʙʘʯʝʥʥʷ ʟʙʽʛʣʠʩʷ ʟ ʨʝʘʣʴʥʠʤ ʚʠʙʦʨʦʤ ʩʪʫʜʝʥʪʽʚ ʫ 30 ʚʠʧʘʜʢʘʭ ʪʘ ʥʝ 

ʟʙʽʛʣʠʩʷ ʫ 5 ʚʠʧʘʜʢʘʭ. 

ɺʽʜʩʦʪʦʢ ʟʙʽʛʽʚ (ʪʦʯʥʽʩʪʴ ʧʝʨʝʜʙʘʯʝʥʴ): 85.7% (ʨʠʩ. 8). ʅʝʡʨʦʤʝʨʝʞʘ ʜʦʙʨʝ ʧʝʨʝʜʙʘʯʠʣʘ 

ʧʦʧʫʣʷʨʥʽʩʪʴ ʜʠʩʮʠʧʣʽʥ. ʅʘ ʜʽʘʛʨʘʤʽ (ʨʠʩ. 9) ʚʽʜʦʙʨʘʞʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʧʨʦʛʥʦʟʦʚʘʥʠʭ 

ʨʝʟʫʣʴʪʘʪʽʚ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ (ʩʠʥʽʡ ʢʦʣʽʨ) ʽʟ ʨʝʘʣʴʥʠʤʠ ʜʘʥʠʤʠ (ʟʝʣʝʥʠʡ ʢʦʣʽʨ) ʜʣʷ ʦʙʨʘʥʠʭ 

ʩʪʫʜʝʥʪʘʤʠ ʜʠʩʮʠʧʣʽʥ. ʅʝʡʨʦʤʝʨʝʞʘ ʚ ʮʽʣʦʤʫ ʜʝʤʦʥʩʪʨʫʻ ʪʝʥʜʝʥʮʽʶ ʜʦ ʧʨʘʚʠʣʴʥʦʛʦ 

ʨʦʟʧʦʜʽʣʫ ʧʨʦʛʥʦʟʽʚ [17].  
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ʈʠʩʫʥʦʢ 8 ï ʊʦʯʥʽʩʪʴ ʧʝʨʝʜʙʘʯʝʥʴ 

 

 

 
ʈʠʩʫʥʦʢ 9 ï ʇʦʨʽʚʥʷʥʥʷ ʩʧʨʦʛʥʦʟʦʚʘʥʠʭ ʜʘʥʠʭ ʽʟ ʨʝʘʣʴʥʠʤʠ 

 
ʅʘ ʛʽʩʪʦʛʨʘʤʽ ʚʠʜʥʦ, ʱʦ ʤʦʜʝʣʴ ʥʝʡʨʦʤʝʨʝʞʽ ʜʝʤʦʥʩʪʨʫʻ ʭʦʨʦʰʫ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʤʽʞ 

ʧʝʨʝʜʙʘʯʝʥʠʤʠ (ʧʦʤʘʨʘʥʯʝʚʠʡ ʢʦʣʽʨ) ʪʘ ʨʝʘʣʴʥʠʤʠ (ʩʠʥʽʡ ʢʦʣʽʨ) ʟʥʘʯʝʥʥʷʤʠ. ʊʘʢʦʞ ʚʠʜʥʦ, 
ʱʦ ʤʦʜʝʣʴ ʜʝʤʦʥʩʪʨʫʻ ʨʽʟʥʫ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘ ʨʽʟʥʠʤʠ ʦʮʽʥʢʘʤʠ. ɿʘʛʘʣʦʤ, ʪʦʯʥʽʩʪʴ 
ʜʣʷ ʙʽʣʴʰʦʩʪʽ ʜʠʩʮʠʧʣʽʥ ʟʘʣʠʰʘʻʪʴʩʷ ʧʨʠʡʥʷʪʥʦʶ, ʧʨʦʪʝ ʻ ʤʽʩʮʝ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ.  

  
 
 
 



 

 

125 

 

ɺʀʉʅʆɺʂʀ 
ʋ ʭʦʜʽ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʫʩʧʽʰʥʦ ʨʦʟʨʦʙʣʝʥʦ ʪʘ ʚʠʧʨʦʙʫʚʘʥʦ ʤʦʜʝʣʴ ʰʪʫʯʥʦʾ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʠʙʦʨʫ ʩʪʫʜʝʥʪʘʤʠ ʜʠʩʮʠʧʣʽʥ ʚʽʣʴʥʦʛʦ ʚʠʙʦʨʫ.  
ʉʪʚʦʨʝʥʘ ʙʘʛʘʪʦʰʘʨʦʚʘ ʧʝʨʮʝʧʪʨʦʥʥʘ ʤʝʨʝʞʘ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʚʠʩʦʢʫ ʧʨʦʛʥʦʩʪʠʯʥʫ 

ʟʜʘʪʥʽʩʪʴ, ʜʦʩʷʛʥʫʚʰʠ ʪʦʯʥʦʩʪʽ 85,7% ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ. ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ 
ʫʩʧʽʰʥʦ ʚʠʷʚʣʷʪʠ ʩʢʣʘʜʥʽ ʥʝʣʽʥʽʡʥʽ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʘʢʘʜʝʤʽʯʥʠʤʠ ʧʦʢʘʟʥʠʢʘʤʠ ʩʪʫʜʝʥʪʽʚ ʪʘ 
ʾʭʥʽʤʠ ʦʩʚʽʪʥʽʤʠ ʫʧʦʜʦʙʘʥʥʷʤʠ. 

ʇʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʟ ʩʽʤʦʤʘ ʘʣʴʪʝʨʥʘʪʠʚʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 
ʧʽʜʪʚʝʨʜʠʚ ʧʝʨʝʚʘʛʫ ʥʝʡʨʦʤʝʨʝʞʽ, ʷʢʘ ʟʥʘʯʥʦ ʧʝʨʝʚʝʨʰʠʣʘ ʚʩʽ ʽʥʰʽ ʤʝʪʦʜʠ ʟʘ ʪʦʯʥʽʩʪʶ 
ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

ʈʝʟʫʣʴʪʘʪʠ 3-ʬʦʣʜʦʚʦʾ ʢʨʦʩ-ʚʘʣʽʜʘʮʽʾ ʧʽʜʪʚʝʨʜʠʣʠ ʚʠʩʦʢʫ ʩʪʘʙʽʣʴʥʽʩʪʴ ʥʝʡʨʦʤʝʨʝʞʽ 
(ʩʝʨʝʜʥʷ ʪʦʯʥʽʩʪʴ 0,492 Ñ 0,051), ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʾʾ ʟʜʘʪʥʽʩʪʴ ʜʦ ʝʬʝʢʪʠʚʥʦʛʦ ʫʟʘʛʘʣʴʥʝʥʥʷ 
ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʢʦʥʢʨʝʪʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

ʄʦʜʝʣʴ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʭʦʨʦʰʫ ʟʜʘʪʥʽʩʪʴ ʜʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʦʧʫʣʷʨʥʦʩʪʽ ʨʽʟʥʠʭ 
ʜʠʩʮʠʧʣʽʥ ʩʝʨʝʜ ʩʪʫʜʝʥʪʽʚ, ʱʦ ʧʽʜʪʚʝʨʜʞʫʻʪʴʩʷ ʚʠʩʦʢʦʶ ʚʽʜʧʦʚʽʜʥʽʩʪʶ ʤʽʞ ʧʝʨʝʜʙʘʯʝʥʠʤʠ ʪʘ 
ʨʝʘʣʴʥʠʤʠ ʨʝʟʫʣʴʪʘʪʘʤʠ ʚʠʙʦʨʫ (30 ʟ 35 ʚʠʧʘʜʢʽʚ). 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʚʢʘʟʫʶʪʴ ʥʘ ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʧʦʜʘʣʴʰʦʛʦ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʤʦʜʝʣʽ 
ʰʣʷʭʦʤ ʟʙʽʣʴʰʝʥʥʷ ʦʙʩʷʛʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, ʦʧʪʠʤʽʟʘʮʽʾ ʘʨʭʽʪʝʢʪʫʨʠ ʤʝʨʝʞʽ ʪʘ ʚʢʣʶʯʝʥʥʷ 
ʜʦʜʘʪʢʦʚʠʭ ʬʘʢʪʦʨʽʚ, ʱʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʦʩʚʽʪʥʽʡ ʚʠʙʽʨ ʩʪʫʜʝʥʪʽʚ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʥʝʡʨʦʤʝʨʝʞʥʠʡ ʧʽʜʭʽʜ ʤʦʞʝ ʙʫʪʠ ʫʩʧʽʰʥʦ ʽʥʪʝʛʨʦʚʘʥʠʡ ʚ 
ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʚ ʦʩʚʽʪʥʽʭ ʟʘʢʣʘʜʘʭ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ 
ʘʢʘʜʝʤʽʯʥʦʛʦ ʢʦʥʩʫʣʴʪʫʚʘʥʥʷ ʪʘ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ. 
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ɹʝʥʯ ɸ.ʗ. (ʅʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ñʃʴʚʽʚʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘò, EPAM ʋʢʨʘʾʥʘ, ʤ. ʃʴʚʽʚ, 

ʋʢʨʘʾʥʘ).   

 

ɺʀʂʆʈʀʉʊɸʅʅʗ ɺɽʃʀʂʀʍ ʄʆɺʅʀʍ ʄʆɼɽʃɽʁ ʋ ʈʆɹʆʊɯ ɺʀʂʃɸɼɸʏɸ ɺʅɿ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʫʟʘʛʘʣʴʥʝʥʦ ʜʦʩʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ ʫ ʩʠʩʪʝʤʽ ʚʠʱʦʾ 

ʦʩʚʽʪʠ, ʨʦʟʛʣʷʥʫʪʦ ʦʩʦʙʣʠʚʦʩʪʽ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʫ ʧʽʜʛʦʪʦʚʮʽ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ, ʦʨʛʘʥʽʟʘʮʽʾ 

ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ ʪʘ ʧʽʜʪʨʠʤʮʽ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʪʨʘʻʢʪʦʨʽʡ ʥʘʚʯʘʥʥʷ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʩʫʯʘʩʥʽ 

ʤʦʞʣʠʚʦʩʪʽ ʤʫʣʴʪʠʤʦʜʘʣʴʥʠʭ ʤʦʜʝʣʝʡ, ʾʭ ʨʦʣʴ ʫ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ, ʘ ʪʘʢʦʞ ʚʧʣʠʚ ʨʝʞʠʤʽʚ 

ʨʦʙʦʪʠ, ʪʘʢʠʭ ʷʢ canvas ʪʘ guided learning, ʥʘ ʬʦʨʤʫʚʘʥʥʷ ʢʦʛʥʽʪʠʚʥʦʛʦ ʥʘʚʘʥʪʘʞʝʥʥʷ ʩʪʫʜʝʥʪʽʚ. 

ʆʢʨʝʤʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʤʝʪʦʜʠʢʘʤ ʝʬʝʢʪʠʚʥʦʛʦ ʧʨʦʤʧʪʠʥʛʫ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʶ ʢʦʨʠʩʪʫʚʘʮʴʢʠʭ 

ʬʘʡʣʽʚ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʪʘ ʨʝʣʝʚʘʥʪʥʦʩʪʽ ʨʝʟʫʣʴʪʘʪʽʚ. ʇʦʢʘʟʘʥʦ, ʱʦ ɺʄʄ ʤʦʞʫʪʴ ʙʫʪʠ 

ʢʦʨʠʩʥʠʤʠ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʘʜʘʧʪʠʚʥʠʭ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ, ʧʽʜʛʦʪʦʚʢʠ ʦʮʽʥʶʚʘʣʴʥʠʭ ʟʘʩʦʙʽʚ, 

ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʘʥʘʣʽʟʫ ʜʞʝʨʝʣ ʪʘ ʧʦʙʫʜʦʚʠ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʮʠʬʨʦʚʠʭ ʤʝʥʪʦʨʽʚ. ʆʧʠʩʘʥʦ ʧʨʦʙʣʝʤʠ ʪʘ 

ʦʙʤʝʞʝʥʥʷ, ʧʦʚôʷʟʘʥʽ ʟ ʛʝʥʝʨʘʮʽʻʶ ʛʨʘʬʽʯʥʠʭ ʤʘʪʝʨʽʘʣʽʚ ʽ ʤʦʞʣʠʚʠʤʠ ʢʦʛʥʽʪʠʚʥʠʤʠ ʨʠʟʠʢʘʤʠ 

ʥʘʜʤʽʨʥʦʾ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ ʟʘʚʜʘʥʴ. ʅʘʚʝʜʝʥʦ ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʪʘ 

ʝʬʝʢʪʠʚʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺʄʄ ʫ ʜʽʷʣʴʥʦʩʪʽ ʚʠʢʣʘʜʘʯʽʚ ɺʅɿ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʚʝʣʠʢʽ ʤʦʚʥʽ ʤʦʜʝʣʽ, ʐɯ ʚ ʦʩʚʽʪʽ, ʧʨʦʤʧʪʠʥʛ, canvas-ʨʝʞʠʤ, 

ʤʫʣʴʪʠʤʦʜʘʣʴʥʽʩʪʴ, ʧʝʨʩʦʥʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ. 

Abstract. The article generalizes the experience of applying large language models within higher 

education and examines their role in supporting teaching, learning, and the development of personalized 

educational paths. It focuses on how modern multimodal systems enhance the creation of learning materials, 

improve instructional design, and support student engagement through guided learning and iterative 

knowledge-building. The paper analyzes prompt-engineering techniques, the integration of user-provided 
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documents to increase contextual accuracy, and the use of intermediate text-based diagram representations 

for reducing hallucinations in graphical outputs. Special attention is paid to advantages and limitations of AI-

assisted content generation, including cognitive risks associated with overreliance on automated tools. The 

study discusses how LLMs can be applied to build specialized AI tutors, generate assessments, summarize 

diverse sources, and support educators in preparing course materials. Recommendations are provided for 

responsible and effective use of LLMs in university teaching, highlighting strategies that maintain academic 

integrity while improving efficiency and learning outcomes.  

Keywords: large language models, AI-assisted teaching, prompt engineering, guided learning, 

multimodal systems, educational personalization. 

 
ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ.  

ʇʦʷʚʘ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ (ɺʄʄ) ʪʘ ʩʧʨʦʱʝʥʥʷ ʜʦʩʪʫʧʫ ʜʦ ʥʠʭ ʚʝʣʠʢʽʡ ʢʽʣʴʢʦʩʪʽ 

ʢʦʨʠʩʪʫʚʘʯʽʚ, ʩʧʨʠʯʠʥʠʣʠ ʚʝʣʠʯʝʟʥʫ ʧʦʧʫʣʷʨʥʽʩʪʴ ʮʠʭ ʤʦʜʝʣʝʡ ʪʘ ʥʘʤʘʛʘʥʥʷ ʟʘʩʪʦʩʫʚʘʪʠ ʾʭ ʫ 

ʥʘʡʨʽʟʥʦʤʘʥʽʪʥʽʰʠʭ ʦʙʣʘʩʪʷʭ ʣʶʜʩʴʢʦʾ ʜʽʷʣʴʥʦʩʪʽ. ɿʘʨʘʟ ʚʽʜʙʫʚʘʻʪʴʩʷ ʝʪʘʧ ʥʘʢʦʧʠʯʝʥʥʷ ʜʦʩʚʽʜʫ ʪʘ 

ʬʦʨʤʫʚʘʥʥʷ ʥʘ ʡʦʛʦ ʧʽʜʩʪʘʚʽ ʧʨʘʢʪʠʢ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ ʫ ʨʽʟʥʠʭ ʛʘʣʫʟʷʭ. ʄʝʪʦʶ ʮʽʻʾ ʨʦʙʦʪʠ ʻ ʧʝʚʥʝ 

ʫʟʘʛʘʣʴʥʝʥʥʷ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʛʘʣʫʟʽ ʚʠʱʦʾ ʦʩʚʽʪʠ ˇʨʫʥʪʫʶʯʠʩʴ ʥʘ ʚʣʘʩʥʦʤʫ ʜʦʩʚʽʜʽ, ʧʨʦʘʥʘʣʽʟʦʚʘʥʽʡ 

ʣʽʪʝʨʘʪʫʨʽ ʪʘ ʧʝʚʥʠʭ ʪʝʥʜʝʥʮʽʷʭ ʨʦʟʚʠʪʢʫ. ɿ ʽʥʰʦʾ ʩʪʦʨʦʥʠ, ʟôʷʚʣʷʻʪʴʩʷ ʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʥʦʚʠʭ 

ʽʥʩʪʨʫʤʝʥʪʽʚ, ʦʩʥʦʚʦʶ ʷʢʠʭ ʻ ɺɺʄ. ɺʦʥʠ ʰʚʠʜʢʦ ʤʦʜʠʬʽʢʫʶʪʴʩʷ, ʜʦʜʘʶʪʴʩʷ ʥʦʚʽ ʬʫʥʢʮʽʾ ʪʘ 

ʤʦʜʠʬʽʢʘʮʽʾ ʽ ʮʽʢʘʚʦʶ ʻ ʟʘʜʘʯʘ ʩʬʦʨʤʫʚʘʪʠ ʷʢʠʡʩʴ ʤʽʥʽʤʘʣʴʥʠʡ ʥʘʙʽʨ ʢʦʨʠʩʥʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʱʦ ʤʦʞʥʘ 

ʨʝʢʦʤʝʥʜʫʚʘʪʠ ʜʣʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʫ ʛʘʣʫʟʽ ʚʠʱʦʾ ʦʩʚʽʪʠ.  

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. 

 ʑʝ ʨʽʢ ʪʦʤʫ ʚʝʣʠʩʴ ʘʢʪʠʚʥʽ ʜʠʩʢʫʩʽʾ ʱʦʜʦ:  

¶ ʜʦʟʚʦʣʠʪʠ ʯʠ ʟʘʙʦʨʦʥʠʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ ʫ ʥʘʚʯʘʣʴʥʠʭ ʟʘʢʣʘʜʘʭ, 

¶ ʯʠ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ ʘʢʘʜʝʤʽʯʥʦ ʜʦʙʨʦʯʝʩʥʠʤ ʯʠ ʥʽ 

ɿʘʨʘʟ ʫ ʙʽʣʴʰʦʩʪʽ ʜʝʨʞʘʚ ʟôʷʚʠʣʠʩʴ ʨʝʛʫʣʷʪʦʨʥʽ ʜʦʢʫʤʝʥʪʠ. ɺ ʋʢʨʘʾʥʽ, ʟʦʢʨʝʤʘ, ʻ ʜʝʪʘʣʴʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ 

ʄʽʥʽʩʪʝʨʩʪʚʘ ʆʩʚʽʪʠ ʽ ʅʘʫʢʠ [1], ʜʝ ʜʝʪʘʣʴʥʦ ʨʦʟʛʣʷʥʫʪʦ ʜʦʙʨʦʯʝʩʥʽ ʤʝʪʦʜʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ. 

ʊʦ ʞ ʪʝʧʝʨ ʜʠʩʢʫʩʽʾ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʚʝʜʫʪʴʩʷ ʚʞʝ ʥʘʜ ʧʠʪʘʥʥʷʤʠ ʚʧʣʠʚʫ ɺɺʄ ʥʘ ʧʦʢʨʘʱʝʥʥʷ ʯʠ 

ʧʦʛʽʨʰʝʥʥʷ ʟʥʘʥʴ ʩʪʫʜʝʥʪʽʚ [2,3,4] ʪʘ ʤʝʪʦʜʠʢʘʤʠ, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʧʦʢʨʘʱʠʪʠ ʟʥʘʥʥʷ ʩʪʫʜʝʥʪʽʚ [5,6].  

ʋ ʝʢʩʧʝʨʠʤʝʥʪʽ, ʦʧʠʩʘʥʦʤʫ ʚ ʨʦʙʦʪʘʭ [2,3,4], ʪʨʴʦʤ ʛʨʫʧʘʤ ʩʪʫʜʝʥʪʽʚ ʜʘʣʠ ʦʜʥʘʢʦʚʝ ʟʘʚʜʘʥʥʷ 

ʥʘʧʠʩʘʪʠ ʝʩʝ. ʇʝʨʰʽʡ ʛʨʫʧʽ ʥʝ ʜʦʟʚʦʣʷʣʦʩʴ ʢʦʨʠʩʪʫʚʘʪʠʩʴ ʜʦʜʘʪʢʦʚʠʤʠ ʟʘʩʦʙʘʤʠ ("Brain-only"), ʜʨʫʛʽʡ 

ʜʦʟʚʦʣʠʣʠ ʢʦʨʠʩʪʫʚʘʪʠʩʴ ʧʦʰʫʢʦʚʠʢʘʤʠ, ʘ ʪʨʝʪʽʡ ï ɺʄʄ. ʄʝʪʦʜʦʣʦʛʽʷ ʚʢʣʶʯʘʣʘ ʟʘʧʠʩʠ ʤʦʟʢʦʚʦʾ 

ʘʢʪʠʚʥʦʩʪʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʝʣʝʢʪʨʦʝʥʮʝʬʘʣʦʛʨʘʬʽʾ (ɽɽɻ), ʘʥʘʣʽʟ ʧʨʠʨʦʜʥʦʾ ʤʦʚʠ (NLP) ʪʘ ʽʥʪʝʨʚôʶ ʜʣʷ 

ʦʮʽʥʢʠ ʢʦʛʥʽʪʠʚʥʦʛʦ ʥʘʚʘʥʪʘʞʝʥʥʷ ʪʘ ʚʽʜʯʫʪʪʷ ʘʚʪʦʨʩʪʚʘ. ɸʥʘʣʽʟ ɽɽɻ ʚʠʷʚʠʚ, ʱʦ ʩʪʫʧʽʥʴ ʥʝʡʨʦʥʥʦʾ 

ʟʚôʷʟʥʦʩʪʽ ʩʠʩʪʝʤʘʪʠʯʥʦ ʟʥʠʞʫʚʘʚʩʷ ʧʨʦʧʦʨʮʽʡʥʦ ʜʦ ʟʦʚʥʽʰʥʴʦʾ ʧʽʜʪʨʠʤʢʠ: ʥʘʡʩʠʣʴʥʽʰʽ ʪʘ ʥʘʡʰʠʨʰʽ 

ʤʝʨʝʞʽ ʜʝʤʦʥʩʪʨʫʚʘʣʘ ʛʨʫʧʘ "Brain-only", ʚʽʜʦʙʨʘʞʘʶʯʠ ʚʠʱʠʡ ʨʽʚʝʥʴ ʚʠʢʦʥʘʚʯʦʛʦ ʢʦʥʪʨʦʣʶ ʪʘ 

ʚʥʫʪʨʽʰʥʴʦʛʦ ʩʝʤʘʥʪʠʯʥʦʛʦ ʦʧʨʘʮʶʚʘʥʥʷ. ɺʠʢʦʨʠʩʪʘʥʥʷ ɺʄʄ ʧʨʠʟʚʦʜʠʣʦ ʜʦ ʥʘʡʩʣʘʙʰʦʾ ʟʚôʷʟʥʦʩʪʽ, 

ʱʦ ʢʦʨʝʣʶʚʘʣʦ ʟ ʥʠʟʴʢʠʤ ʨʽʚʥʝʤ ʩʧʨʠʡʥʷʪʦʛʦ ʘʚʪʦʨʩʪʚʘ ʝʩʝ ʪʘ ʟʥʘʯʥʠʤ ʧʦʛʽʨʰʝʥʥʷʤ ʟʜʘʪʥʦʩʪʽ 

ʫʯʘʩʥʠʢʽʚ ʧʨʘʚʠʣʴʥʦ ʮʠʪʫʚʘʪʠ ʚʣʘʩʥʠʡ ʪʝʢʩʪ. ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʭʦʯʘ ʜʦʧʦʤʦʛʘ ʐɯ ʤʦʞʝ ʟʤʝʥʰʠʪʠ 

ʙʝʟʧʦʩʝʨʝʜʥʻ ʢʦʛʥʽʪʠʚʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ, ʚʦʥʘ ʧʨʠʛʥʽʯʫʻ ʛʣʠʙʦʢʫ ʢʦʛʥʽʪʠʚʥʫ ʽʥʪʝʛʨʘʮʽʶ ʪʘ ʧʘʤ'ʷʪʴ, 

ʥʝʦʙʭʽʜʥʽ ʜʣʷ ʩʘʤʦʩʪʽʡʥʦʛʦ ʩʪʚʦʨʝʥʥʷ ʢʦʥʪʝʥʪʫ. ɺ ʮʽʣʦʤʫ, ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʢʨʝʩʣʶʻ ʢʦʤʧʨʦʤʽʩ ʤʽʞ 

ʥʝʛʘʡʥʦʶ ʟʨʫʯʥʽʩʪʶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʪʘ ʧʦʪʝʥʮʽʡʥʠʤ ʟʥʠʞʝʥʥʷʤ ʥʝʡʨʦʥʥʦʾ ʟʘʣʫʯʝʥʦʩʪʽ, ʚʘʞʣʠʚʦʾ ʜʣʷ 

ʜʦʚʛʦʩʪʨʦʢʦʚʦʛʦ ʨʦʟʚʠʪʢʫ ʥʘʚʠʯʦʢ.  

ʈʦʙʦʪʘ [6] ʜʦʩʣʽʜʞʫ,̒ ʷʢ ʪʝʭʥʦʣʦʛʽʾ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʟʦʢʨʝʤʘ GPT-4 ʪʘ 

ʨʦʟʨʦʙʣʝʥʘ Khan Academy ʧʣʘʪʬʦʨʤʘ Khanmigo [12], ʤʘʶʪʴ ʟʤʽʥʠʪʠ ʩʬʝʨʫ ʦʩʚʽʪʠ. ʇʽʜʢʨʝʩʣʶʻʪʴʩʷ, ʱʦ 

ʐɯ ʻ ʢʣʶʯʦʚʠʤ ʝʣʝʤʝʥʪʦʤ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʦʧʘʥʫʚʘʥʥʷ ʤʘʪʝʨʽʘʣʫ ʚ 

ʛʣʦʙʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ. ʅʘʚʦʜʷʪʴʩʷ ʯʠʩʣʝʥʥʽ ʧʨʠʢʣʘʜʠ ʚʠʢʦʨʠʩʪʘʥʥʷ Khanmigo, ʚʢʣʶʯʘʶʯʠ 

ʽʥʪʝʨʘʢʪʠʚʥʝ ʥʘʧʠʩʘʥʥʷ ʽʩʪʦʨʽʡ, ʩʦʢʨʘʪʽʚʩʴʢʝ ʥʘʩʪʘʚʥʠʮʪʚʦ ʟ ʨʽʟʥʠʭ ʧʨʝʜʤʝʪʽʚ, ʘ ʪʘʢʦʞ ʩʪʚʦʨʝʥʥʷ 

ʩʠʤʫʣʷʮʽʡ ʽʩʪʦʨʠʯʥʠʭ ʦʩʽʙ ʜʣʷ ʜʽʘʣʦʛʫ ʟʽ ʩʪʫʜʝʥʪʘʤʠ. ʍʘʥ ʪʘʢʦʞ ʦʙʛʦʚʦʨʶʻ ʰʠʨʰʽ ʥʘʩʣʽʜʢʠ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ, ʟʦʢʨʝʤʘ ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʝʨʝʦʩʤʠʩʣʝʥʥʷ ʧʦʥʷʪʴ ʘʢʘʜʝʤʽʯʥʦʾ ʥʝʜʦʙʨʦʯʝʩʥʦʩʪʽ ʪʘ ʚʧʣʠʚ 

ʪʝʭʥʦʣʦʛʽʡ ʥʘ ʪʚʦʨʯʽ ʟʜʽʙʥʦʩʪʽ ʪʘ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʧʨʘʮʽ. ɺʽʥ ʟʘʢʣʠʢʘʻ ʜʦ çʦʩʚʽʯʝʥʦʾ ʩʤʽʣʠʚʦʩʪʽè ʫ 

ʧʨʠʡʥʷʪʪʽ ʮʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʩʪʚʝʨʜʞʫʶʯʠ, ʱʦ ʐɯ ʤʘʻ ʧʽʜʚʠʱʠʪʠ, ʘ ʥʝ ʟʘʤʽʥʠʪʠ, ʣʶʜʩʴʢʠʡ ʧʦʪʝʥʮʽʘʣ. 

ʇʽʜʢʨʝʩʣʝʥʥʷ ʥʝʚʠʨʽʰʝʥʠʭ ʯʘʩʪʠʥ ʧʨʦʙʣʝʤʠ.  

ʇʨʘʚʠʣʘ ʜʦʙʨʦʯʝʩʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ ʜʝʪʘʣʴʥʦ ʦʧʠʩʘʥʽ ʫ ʨʝʢʦʤʝʥʜʘʮʽʷʭ [1]. ʊʘʢʦʞ ʫ 

[1,7,8] ʦʧʠʩʘʥʦ ʝʬʝʢʪʠʚʥʽ ʤʝʪʦʜʠʢʠ ʬʦʨʤʫʚʘʥʥʷ ʧʨʦʤʧʪʽʚ ʜʣʷ ɺɺʄ, ʥʘʚʦʜʷʪʴʩʷ ʧʨʘʢʪʠʯʥʽ ʧʨʠʢʣʘʜʠ 

ʧʨʦʤʧʪʽʚ ʩʘʤʝ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʦʩʚʽʪʥʽʭ ʟʘʢʣʘʜʘʭ ʨʽʟʥʦʛʦ ʨʽʚʥʷ, ʻ ʧʦʩʠʣʘʥʥʷ ʥʘ ʟʦʚʥʽʰʥʽ ʜʞʝʨʝʣʘ ʽʟ 

ʥʘʙʦʨʘʤʠ ʧʦʜʽʙʥʠʭ ʧʨʦʤʧʪʽʚ. ʋ ʜʦʧʦʚʽʜʽ [9] ʘʚʪʦʨ ʪʘʢʦʞ ʦʧʠʩʫʚʘʚ ʩʚʽʡ ʜʦʩʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ ʜʣʷ 

ʧʽʜʛʦʪʦʚʢʠ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʜʦʢʫʤʝʥʪʽʚ. ɿ ʤʦʤʝʥʪʫ ʧʦʷʚʠ ʮʠʭ ʧʫʙʣʽʢʘʮʽʡ, ʫ ʨʦʙʦʪʽ ɺɺʄ ʟô̫ ʚʠʣʦʩʴ ʙʘʛʘʪʦ 
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ʮʽʢʘʚʠʭ ʨʝʞʠʤʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʝʬʝʢʪʠʚʥʦ ʚ ʛʘʣʫʟʽ ʦʩʚʽʪʠ, ʥʘʢʦʧʠʯʠʚʩʷ ʜʦʩʚʽʜ ʧʨʘʢʪʠʯʥʦʛʦ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ɺɺʄ, ʷʢʠʤ ʘʚʪʦʨ ʙʘʞʘʻ ʧʦʜʽʣʠʪʠʩʴ. ʊʘʢʦʞ ʟô̫ ʚʠʣʠʩʴ ʥʦʚʽ ʽʥʩʪʨʫʤʝʥʪʠ, ʜʦʩʚʽʜ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʷʢʠʭ ʫ ʦʩʚʽʪʽ ʥʝʦʙʭʽʜʥʦ ʦʩʤʠʩʣʠʪʠ ʪʘ ʩʪʨʫʢʪʫʨʫʚʘʪʠ.  

 

ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ 

 

ɸʚʪʦʨ ʟʘʩʪʦʩʦʚʫʚʘʚ ChatGPT ʪʘ Gemini, ʘ ʪʘʢʦʞ ʽʥʰʽ ʧʨʦʜʫʢʪʠ OpenAI ʪʘ Google ʷʢ ʜʣʷ 

ʧʽʜʛʦʪʦʚʢʠ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ, ʪʘʢ ʽ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʧʽʜ ʯʘʩ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ. ʅʘ 

ʧʽʜʩʪʘʚʽ ʚʣʘʩʥʦʛʦ ʜʦʩʚʽʜʫ ʛʘʣʫʟʝʚʽ ʨʝʢʦʤʝʥʜʘʮʽʾ ʜʦʧʦʚʥʠʣʠʩʴ ʚʣʘʩʥʠʤʠ ʤʝʪʦʜʠʯʥʠʤʠ 

ʥʘʧʨʘʮʶʚʘʥʥʷʤʠ ʪʘ ʙʫʣʦ ʚʠʙʨʘʥʦ ʥʘʙʽʨ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʷʢʽ ʥʘʡʢʨʘʱʝ ʧʽʜʭʦʜʷʪʴ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʫ ɺʅɿ. 
ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ 

ʋ [1] ʨʝʢʦʤʝʥʜʫʶʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʥʘʩʪʫʧʥʠʡ ʬʦʨʤʘʪ ʧʨʦʤʧʪʽʚ ʜʣʷ ɺʄʄ: ñʊʠ - 

[ʥʘʫʢʦʚʝʮʴ / ʚʠʢʣʘʜʘʯ / ʝʢʩʧʝʨʪ ʫ ʛʘʣʫʟʽé] ɿʨʦʙʠ [ʟʘʚʜʘʥʥʷ]ʜʣʷ [ʘʫʜʠʪʦʨʽʷ] ʚ ʢʦʥʪʝʢʩʪʽ [ʪʝʤʘ]. 

ʈʝʟʫʣʴʪʘʪ ʥʘʜʘʡ ʫ ʬʦʨʤʘʪʽ [ʦʯʽʢʫʚʘʥʠʡ ʨʝʟʫʣʴʪʘʪ]. ɺʠʢʦʨʠʩʪʦʚʫʡ [ʦʙʤʝʞʝʥʥʷ / ʧʘʨʘʤʝʪʨʠ] ʽ 

[ʪʝʭʥʦʣʦʛʽʯʥʽ ʽʥʩʪʨʫʤʝʥʪʠ, ʷʢʱʦ ʧʦʪʨʽʙʥʦ]ò. ʑʦ ʪʫʪ ʤʦʞʥʘ ʫʜʦʩʢʦʥʘʣʠʪʠ?ʗʢ ʨʦʟʰʠʨʠʪʠ ʮʽ 

ʨʝʢʦʤʝʥʜʘʮʽʾ? ʉʫʯʘʩʥʽ ɺʄʄ ʜʦʟʚʦʣʷʶʪʴ ʫ ʧʨʦʤʧʪʘʭ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʢʦʨʠʩʪʫʚʘʮʴʢʽ ʬʘʡʣʠ. 

ʇʨʠʢʨʽʧʠʚʰʠ ʜʦ ʧʨʦʤʧʪʘ ʢʦʥʩʧʝʢʪ ʣʝʢʮʽʡ ʯʠ ʨʦʙʦʯʫ ʧʨʦʛʨʘʤʫ, ʤʠ ʟʤʦʞʝʤʦ ʟʥʘʯʥʦ ʧʦʢʨʘʱʠʪʠ 

ʨʝʟʫʣʴʪʘʪ ʨʦʙʦʪʠ. ʂʨʽʤ ʪʦʛʦ, ʛʝʥʝʨʘʮʽʷ ʤʘʪʝʨʽʘʣʽʚ ʙʫʜʝ ʚʽʜʙʫʚʘʪʠʩʴ ʙʣʠʟʴʢʦ ʜʦ ʚʘʰʠʭ 

ʤʘʪʝʨʽʘʣʽʚ, ʱʦ ʦʙʤʝʞʠʪʴ ʢʦʥʪʝʢʩʪ ʪʽʣʴʢʠ ʪʦʶ ʯʘʩʪʠʥʦʶ ʟʥʘʥʴ, ʱʦ ʦʧʠʩʘʥʽ ʚ ʢʦʥʩʧʝʢʪʽ\ʨʦʙʦʯʽʡ 

ʧʨʦʛʨʘʤʽ. ɿʤʽʥʶʶʯʠ ʧʘʨʘʤʝʪʨ [ʘʫʜʠʪʦʨʽʷ] ʚʜʘʻʪʴʩʷ ʘʜʘʧʪʫʚʘʪʠ ʤʘʪʝʨʽʘʣʠ ʜʦ ʥʝʦʙʭʽʜʥʦʛʦ ʨʽʚʥʷ 

ʚʘʰʠʭ ʩʪʫʜʝʥʪʽʚ, ʦʪʨʠʤʘʪʠ ʧʨʠʢʣʘʜʠ\ʘʩʦʮʽʘʮʽʾ ʭʘʨʘʢʪʝʨʥʽ ʜʣʷ ʚʘʰʠʭ ʩʪʫʜʝʥʪʽʚ, ʚʨʘʭʫʚʘʪʠ ʾʭ 

ʽʥʪʝʨʝʩʠ, ʭʦʙʽ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ ʪʘ ʽʜʝʡ ʜʣʷ ʟʘʥʷʪʴ. 

ʅʘʧʨʠʢʣʘʜ, ʤʘʶʯʠ ʦʜʠʥ ʢʦʥʩʧʝʢʪ ʣʝʢʮʽʡ ʧʨʝʜʤʝʪʫ ñʎʠʬʨʦʚʘ ʝʣʝʢʪʨʦʥʽʢʘò, ʤʦʞʥʘ ʦʪʨʠʤʘʪʠ 

ʜʝʪʘʣʴʥʽ ʛʣʠʙʦʢʽ ʤʘʪʝʨʽʘʣʠ ʜʣʷ ʩʪʫʜʝʥʪʽʚ ʩʧʝʮʽʘʣʴʥʦʩʪʽ ñʈʘʜʽʦʪʝʭʥʽʢʘò ʽ ʘʜʘʧʪʦʚʘʥʠʡ ʚʘʨʽʘʥʪ 

ʜʣʷ ʩʪʫʜʝʥʪʽʚ ɯʥʩʪʠʪʫʪʫ ɻʝʦʜʝʟʽʾ, ʱʦ ʪʘʢʦʞ ʟʥʘʡʦʤʣʷʪʴʩʷ ʽʟ ʨʦʙʦʪʦʶ ʮʠʬʨʦʚʠʭ ʧʨʠʩʪʨʦʾʚ.  

ɺʄʄ ʪʝʧʝʨ ʩʪʘʣʠ ʤʫʣʴʪʠʤʦʜʘʣʴʥʠʤʠ ʽ ʚʤʽʶʪʴ ʜʦʚʦʣʽ ʜʦʙʨʝ ʩʪʚʦʨʶʚʘʪʠ ʟʦʙʨʘʞʝʥʥʷ. 

ʅʘ ʞʘʣʴ, ʪʝʢʩʪʠ, ʱʦ ʧʨʠʩʫʪʥʽ ʥʘ ʽʣʶʩʪʨʘʮʽʷʭ, ʯʘʩʪʦ ʤʽʩʪʷʪʴ ʧʦʤʠʣʢʠ, ʟʤʽʰʫʶʪʴʩʷ ʩʪʘʥʜʘʨʪʠ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʽʥʬʦʨʤʘʮʽʾ. ʊʦʤʫ, ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʛʨʘʬʽʯʥʦʛʦ ʤʘʪʝʨʽʘʣʫ, ʩʭʝʤ, ʜʽʘʛʨʘʤ, 

ʧʨʠʟʥʘʯʝʥʠʭ ʜʣʷ ʩʪʫʜʝʥʪʽʚ ʪʝʭʥʽʯʥʠʭ ʩʧʝʮʽʘʣʴʥʦʩʪʝʡ ʚʫʭʫ, ʘʚʪʦʨ ʚʠʧʨʘʮʶʚʘʚ ʤʝʪʦʜʠʢʫ, ʚ ʷʢʽʡ 

ʨʝʟʫʣʴʪʘʪʦʤ ʻ ʦʧʠʩ ʪʝʢʩʪʦʚʠʡ ʦʧʠʩ ʛʨʘʬʽʯʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʥʘ ʦʜʥʽʡ ʽʟ ʤʦʚ (mermaid, plantUML, 

mark down, html), ʘ ʥʝ ʟʦʙʨʘʞʝʥʥʷ ʙʝʟʧʦʩʝʨʝʜʥʴʦ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʰʚʠʜʢʦ ʚʠʧʨʘʚʠʪʠ 

ʦʧʠʩ ʛʨʘʬʽʯʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʧʨʠ ʥʘʷʚʥʦʩʪʽ ʥʝʪʦʯʥʦʩʪʝʡ. ʅʘʚʽʪʴ, ʷʢʱʦ ʢʦʨʠʩʪʫʚʘʯ ʥʝ ʚʦʣʦʜʽʻ 

ʚʽʜʧʦʚʽʜʥʦʶ ʤʦʚʦʶ ʦʧʠʩʫ, ʚʽʥ ʤʦʞʝ ʧʦʧʨʦʩʠʪʠ ʚʠʧʨʘʚʠʪʠ ʧʦʤʠʣʢʠ ɺʄʄ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʫ 

ʥʘʩʪʫʧʥʠʭ ʟʘʧʠʪʘʭ. ʆʩʪʘʪʦʯʥʝ ʟʦʙʨʘʞʝʥʥʷ ʦʪʨʠʤʫʻʪʴʩʷ ʧʽʩʣʷ ʨʝʥʜʝʨʠʥʛʫ ʡʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʥʷ 

ʫ ʚʽʜʧʦʚʽʜʥʠʭ ʩʠʩʪʝʤʘʭ [10, 11]. ɼʝʪʘʣʴʥʦ ʮʝʡ ʧʨʦʮʝʩ ʦʙʛʦʚʦʨʶʚʘʚʩʷ ʫ ʜʦʧʦʚʽʜʽ [9]. ʗʢʱʦ ʞ 

ʥʝ ʽʩʥʫʻ ʤʦʚʘ ʧʨʦʤʽʞʥʦʛʦ ʦʧʠʩʫ, ʟʘʚʞʜʠ ʤʦʞʥʘ ʧʦʧʨʦʩʠʪʠ ɺʄʄ ʛʝʥʝʨʫʚʘʪʠ ʥʝ ʟʦʙʨʘʞʝʥʥʷ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ, ʘ ʧʨʦʛʨʘʤʫ ʜʣʷ ʡʦʛʦ ʛʝʥʝʨʘʮʽʾ, ʥʘʧʨʠʢʣʘʜ, ʥʘ ʤʦʚʽ Python. ɺʄʄ ʥʘʚʽʪʴ ʪʘʢ 

ʧʨʘʮʶʶʪʴ ʩʘʤʦʩʪʽʡʥʦ ʫ ʚʠʧʘʜʢʫ ʟʘʜʘʯ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʪʘ ʧʦʙʫʜʦʚʠ ʜʽʘʛʨʘʤ.  

ɹʽʣʴʰʽʩʪʴ ɺʄʄ ʟʘʨʘʟ ʤʘʻ ʨʝʞʠʤ ʨʦʙʦʪʠ ñcanvasò. ɺʽʥ ʧʦʣʷʛʘʻ ʫ ʩʪʚʦʨʝʥʥʽ ʜʚʦʭ ʚʽʢʦʥ: 

ʦʜʥʦʛʦ ʜʣʷ ʯʘʪʫ ʽʟ ɺʄʄ, ʘ ʽʥʰʦʛʦ - ʜʣʷ ʨʝʟʫʣʴʪʫʶʯʦʛʦ ʜʦʢʫʤʝʥʪʫ. ʂʦʨʠʩʪʫʚʘʯ ʤʘʻ ʤʦʞʣʠʚʽʩʪʴ 

ʥʝ ʪʽʣʴʢʠ ʟʤʽʥʶʚʘʪʠ ʨʝʟʫʣʴʪʫʶʯʠʡ ʜʦʢʫʤʝʥʪ ʟʘ ʜʦʧʦʤʦʛʦʶ ʧʨʦʤʧʪʽʚ, ʘ ʡ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʡʦʛʦ 

ʨʝʜʘʛʫʚʘʪʠ, ʰʚʠʜʢʦ ʚʠʜʘʣʷʶʯʠ ʥʝʪʦʯʥʦʩʪʽ ʯʠ ʛʘʣʶʮʠʥʘʮʽʾ. ʊʘʢ ʟʥʘʯʥʦ ʧʨʠʰʚʠʜʰʫʻʪʴʩʷ 

ʦʪʨʠʤʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ʂʨʽʤ ʪʦʛʦ, ʦʩʪʘʪʦʯʥʠʡ ʨʝʟʫʣʴʪʘʪ ʢʦʨʠʩʪʫʚʘʯ ʤʘʻ ʤʦʞʣʠʚʽʩʪʴ ʟʙʝʨʝʛʪʠ 

ʫ ʧʦʪʨʽʙʥʦʤʫ ʡʦʤʫ ʬʦʨʤʘʪʽ. 

ʑʝ ʦʜʠʥ ʢʦʨʠʩʥʠʡ ʨʝʞʠʤ ʨʦʙʦʪʠ ɺʄʄ ʥʘʟʠʚʘʻʪʴʩʷ ñLearn and studyò ʯʠ ñʋʯʽʪʴʩʷ ʪʘ 

ʧʽʟʥʘʚʘʡʪʝò. ʉʘʤʝ ʡʦʛʦ ʤʦʞʥʘ ʨʝʢʦʤʝʥʜʫʚʘʪʠ ʩʪʫʜʝʥʪʘʤ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ɺʄʄ ʫ 

ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ, ʘʜʞʝ ʧʨʠ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʽ ɺʄʄ ʨʦʟʧʦʚʽʜʘʻ ʧʨʦ ʟʘʜʘʥʫ ʪʝʤʫ 

ʥʝʚʝʣʠʯʢʠʤʠ ʧʦʨʮʽʷʤʠ, ʧʝʨʝʚʽʨʷʻ ʦʪʨʠʤʘʥʽ ʟʥʘʥʥʷ ʪʘ ʧʨʦʜʦʚʞʫʻ ʨʫʭʘʪʠʩʴ ʜʘʣʽ, ʣʠʰʝ 

ʧʝʨʝʢʦʥʘʚʰʠʩʴ, ʱʦ ʩʪʫʜʝʥʪ ʟʘʩʚʦʾʚ ʧʦʧʝʨʝʜʥʶ ʪʝʤʫ. ʎʝ ʪʘʢ ʟʚʘʥʝ ʩʦʢʨʘʪʽʚʩʴʢʝ ʥʘʩʪʘʚʥʠʮʪʚʦ 

(ʤʘʻʚʪʠʢʘ), ʷʢʝ ʩʪʠʤʫʣʶʻ ʩʪʫʜʝʥʪʘ ʥʘ ʩʘʤʦʩʪʽʡʥʠʡ ʧʦʰʫʢ ʧʨʦʙʣʝʤʠ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʟʥʘʯʥʦ 

ʟʙʽʣʴʰʫʻ ʢʦʛʥʽʪʠʚʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʩʪʫʜʝʥʪʘ, ʟʤʝʥʰʫʶʯʠ ʥʝʛʘʪʠʚʥʽ ʚʧʣʠʚʠ ɺʄʄ, ʦʧʠʩʘʥʽ 
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ʚ [2,3,4] ʪʘ ʨʦʟʛʣʷʥʫʪʽ ʚʠʱʝ. ɺʠʢʣʘʜʘʯʘʤ ʪʘʢʠʡ ʨʝʞʠʤ ʚʘʨʪʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ, ʢʦʣʠ ʪʨʝʙʘ ʰʚʠʜʢʦ 

ʧʨʠʛʘʜʘʪʠ ʷʢʫʩʴ ʪʝʤʫ ʯʠ ʧʽʜʛʦʪʫʚʘʪʠʩʴ ʜʦ ʟʘʥʷʪʪʷ. 

ɯ ChatGPT ʽ  Gemini ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʶʚʘʪʠ ʚʣʘʩʥʠʭ ʧʦʤʽʯʥʠʢʽʚ (ʤʝʥʪʦʨʽʚ) ʰʣʷʭʦʤ 

ʩʪʚʦʨʝʥʥʷ ʩʠʩʪʝʤʥʠʭ ʧʨʦʤʧʪʽʚ, ʷʢʽ ʟʘʜʘʶʪʴ ʘʣʛʦʨʠʪʤ ʚʽʜʧʦʚʽʜʽ ɺʄʄ ʥʘ ʟʘʧʠʪʘʥʥʷ. ʋ 

ʝʢʦʩʠʩʪʝʤʽ ChatGPT ʚʦʥʠ ʥʘʟʠʚʘʶʪʴʩʷ GPTs, ʫ Gemini ï Gems. ɼʝʪʘʣʴʥʦ ʾʭ ʩʪʚʦʨʝʥʥʷ ʙʫʜʝ 

ʨʦʟʛʣʷʥʫʪʦ ʥʠʞʯʝ. ʊʫʪ ʟʚʝʨʥʝʤʦ ʫʚʘʛʫ ʥʘ ʚʞʝ ʛʦʪʦʚʽ ʢʦʨʠʩʥʽ Gems ʚʽʜ Google. ʆʜʠʥ ʽʟ ʥʠʭ 

ʥʘʟʠʚʘʻʪʴʩʷ  Storybook ʪʘ ʧʨʠʟʥʘʯʝʥʠʡ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʥʝʚʝʣʠʢʠʭ ʢʥʠʞʦʢ ʥʘ ʟʘʜʘʥʫ ʪʝʤʘʪʠʢʫ ʽʟ 

ʽʣʶʩʪʨʘʮʽʷʤʠ. ɸʚʪʦʨ ʥʘʤʘʛʘʚʩʷ ʚʠʢʦʨʠʩʪʘʪʠ ʡʦʛʦ ʜʣʷ ʫʨʽʟʥʦʤʘʥʽʪʥʝʥʥʷ ʣʝʢʮʽʡʥʦʛʦ ʤʘʪʝʨʽʘʣʫ 

ʯʠ ʽʥʩʪʨʫʢʮʽʡ ʜʣʷ ʣʘʙʦʨʘʪʦʨʥʠʭ ʨʦʙʽʪ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ [14, 15 ] ʧʦʢʘʟʘʣʠ, ʱʦ Storybook 

ʤʦʞʝ ʙʫʪʠ ʮʽʢʘʚʠʤ ʪʘ ʝʬʝʢʪʠʚʥʠʤ ʜʣʷ ʩʝʨʝʜʥʴʦʾ ʰʢʦʣʠ. ʋ ʚʠʱʽʡ ʰʢʦʣʽ ʡʦʛʦ ʚʘʞʢʦ 

ʚʠʢʦʨʠʩʪʘʪʠ. ʗʢʱʦ ʪʝʢʩʪʦʚʠʡ ʚʤʽʩʪ ʩʪʚʦʨʶʚʘʚʩʷ ʜʦʚʦʣʽ ʘʜʝʢʚʘʪʥʦ ʜʦ ʚʚʝʜʝʥʦʛʦ ʢʦʨʠʩʪʫʚʘʯʝʤ 

ʧʨʦʤʧʪʘ, ʪʦ ʤʘʡʞʝ ʥʝ ʚʜʘʣʦʩʴ ʜʦʙʠʪʠʩʴ, ʱʦʙ ʛʝʥʝʨʦʚʘʥʠʡ ʽʣʶʩʪʨʘʪʠʚʥʠʡ ʤʘʪʝʨʽʘʣ ʥʝ ʤʽʩʪʠʪʠʚ 

ʬʘʥʪʘʟʽʡ ʯʠ ʛʘʣʶʮʠʥʘʮʽʡ ʽ ʟʦʙʨʘʞʝʥʥʷ ʚʽʜʧʦʚʽʜʘʣʠ ʧʝʚʥʠʤ ʪʝʭʥʽʯʥʠʤ ʩʪʘʥʜʘʨʪʘʤ [14].  

ʆʩʦʙʣʠʚʦ ʚʘʨʪʦ ʚʽʜʟʥʘʯʠʪʠ ʽʥʩʪʨʫʤʝʥʪ NotebookLM ʚʽʜ Google. ɺʽʥ ʚʠʢʦʨʠʩʪʦʚʫʻ ʐɯ 

ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʚʘʥʪʘʞʝʥʠʭ ʢʦʨʠʩʪʫʚʘʯʝʤ ʜʞʝʨʝʣ (ʜʦ 50 ʜʞʝʨʝʣ ʥʘ ʦʜʠʥ notebook).  ɺʨʘʞʘʻ 

ʢʽʣʴʢʽʩʪʴ ʧʽʜʪʨʠʤʫʚʘʥʠʭ ʬʦʨʤʘʪʽʚ ʜʞʝʨʝʣ - PDF, .txt, Markdown, Audio (e.g. mp3), .docx, .avif, 

.bmp, .gif, .ico, .jp2, .png, .webp, .tif, .tiff, .heic, .heif, .jpeg, .jpg, .jpe. ʑʦ ʤʦʞʥʘ ʜʦʜʘʚʘʪʠ 

ʧʦʩʠʣʘʥʥʷ ʥʘ ʚʝʙʩʘʡʪʠ ʪʘ YouTube. ʇʨʠ ʮʴʦʤʫ ʜʞʝʨʝʣʘ ʤʦʞʫʪʴ ʙʫʪʠ ʨʽʟʥʦʤʦʚʥʠʤʠ. 

ɸʚʪʦʤʘʪʠʯʥʦ ʙʫʜʫʻʪʴʩʷ ʨʝʟʶʤʝ ʥʘ ʧʽʜʩʪʘʚʽ ʚʩʽʭ ʜʞʝʨʝʣ, ʻ ʚʙʫʜʦʚʘʥʽ ʽʥʩʪʨʫʤʝʪʥʪʠ, ʱʦ 

ʜʦʟʚʦʣʷʶʪʴ ʙʫʜʫʚʘʪʠ ʘʫʜʽʦ ʨʦʟʧʦʚʽʜʴ, ʚʽʜʝʦ ʨʦʟʧʦʚʽʜʴ, ʽʥʪʝʣʝʢʪ-ʢʘʨʪʠ, ʽʥʬʦʛʨʘʬʽʢʫ, 

ʬʣʝʰʢʘʨʪʠ, ʚʽʢʪʦʨʠʥʠ (quiz). ɺʽʜʧʦʚʽʜʽ ʪʘ ʽʥʰʽ ʘʨʪʝʬʘʢʪʠ ʙʫʜʫʶʪʴʩʷ ʪʽʣʴʢʠ ʥʘ ʧʽʜʩʪʘʚʽ 

ʽʥʬʦʨʤʘʮʽʾ ʽʟ ʚʢʘʟʘʥʠʭ\ʟʘʚʘʥʪʘʞʝʥʠʭ ʜʞʝʨʝʣ. ɸʚʪʦʨ ʚʠʢʦʨʠʩʪʦʚʫʚʘʚ NotebookLM  ʜʣʷ 

ʛʝʥʝʨʘʮʽʾ ʝʢʟʘʤʝʥʘʮʽʡʥʠʭ ʧʠʪʘʥʴ ʥʘ ʧʽʜʩʪʘʚʽ ʪʝʢʩʪʫ ʧʽʜʨʫʯʥʠʢʘ. ʇʝʨʝʪʚʦʨʶʚʘʪʠ ʨʽʟʥʽ ʬʦʨʤʘʪʠ 

ʚʽʜʧʦʚʽʜʽ NotebookLM ʱʝ ʥʝ ʚʤʽʻ. ʊʦʤʫ, ʜʣʷ ʟʘʚʘʥʪʘʞʝʥʥʷ ʟʛʝʥʝʨʦʚʘʥʠʭ ʧʠʪʘʥʴ ʫ ʩʠʩʪʝʤʫ 

ʫʧʨʘʚʣʽʥʥʷ ʥʘʚʯʘʥʥʷʤ (Moodle) ʜʦʚʝʣʦʩʴ ʩʢʦʨʠʩʪʘʪʠʩʴ ChatGPT ʪʘ ʧʨʦʤʪʦʤ, ʱʦ ʧʝʨʝʪʚʦʨʠʚ 

ʩʧʠʩʦʢ ʟʘʧʠʪʘʥʴ ʫ xml ʬʘʡʣ, ʷʢʠʡ ʤʦʞʥʘ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʟʘʚʘʥʪʘʞʠʪʠ ʫ Moodle. ɿʘʛʘʣʦʤ ʤʦʞʥʘ 

ʨʝʢʦʤʝʥʜʫʚʘʪʠ NotebookLM ʚʠʢʣʘʜʘʯʘʤ, ʷʢ ʦʩʥʦʚʥʠʡ ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʧʽʜʛʦʪʦʚʢʠ 

ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʤʘʪʝʨʽʘʣʽʚ ʽʟ ʢʦʥʩʧʝʢʪʫ ʣʝʢʮʽʡ ʯʠ ʧʽʜʨʫʯʥʠʢʘ. ʊʘʢʦʞ ʚʽʥ ʯʫʜʦʚʦ ʩʧʨʘʚʠʪʴʩʷ ʧʨʠ 

ʧʝʨʝʚʝʜʝʥʥʽ ʚʽʜʝʦʟʘʧʠʩʽʚ ʣʝʢʮʽʡ, ʫ ʪʝʢʩʪʦʚʠʡ ʬʦʨʤʘʪ. 

ʅʘʜʟʚʠʯʘʡʥʦ ʮʽʢʘʚʽ ʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ ʚʠʢʣʘʜʘʯʘ ʧʨʝʜʩʪʘʚʣʝʥʽ ʥʘ ʧʣʘʪʬʦʨʤʽ 

Khanmigo[12], ʷʢʘ ʦʧʠʩʘʥʘ ʚ [5]. ʇʣʘʪʬʦʨʤʘ ʤʽʩʪʠʪʴ ʚʝʣʠʯʝʟʥʠʡ ʥʘʙʽʨ ʐɯ-ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʣʷ 

ʚʠʢʣʘʜʘʯʽʚ ʪʘ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʐɯ-ʨʝʧʝʪʠʪʦʨʽʚ ʜʣʷ ʩʪʫʜʝʥʪʽʚ. ʇʦʢʠ ʜʦʩʪʫʧʥʘ ʣʠʰʝ ʥʘ 

ʘʥʛʣʽʡʩʴʢʽʡ ʤʦʚʽ. ʇʦʜʽʙʥʽ ʐɯ-ʨʝʧʝʪʠʪʦʨʠ ʤʦʞʥʘ ʙʫʜʫʚʘʪʠ ʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʚʞʝ ʟʛʘʜʘʥʠʭ ʚʠʱʝ 

GPTs ʘʙʦ Gems. ɼʣʷ ʮʴʦʛʦ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʤʝʭʘʥʽʟʤʠ ʩʠʩʪʝʤʥʠʭ ʧʨʦʤʧʪʽʚ, ʩʪʚʦʨʝʥʥʷ ʷʢʠʭ 

ʦʧʠʩʘʥʦ ʫ [8]. ɯʥʩʪʨʫʢʮʽʾ, ʦʧʠʩʘʥʽ ʚ ʩʠʩʪʝʤʥʦʤʫ ʧʨʦʤʧʪʽ ʟʘʜʘʶʪʴ ʧʦʚʝʜʽʥʢʫ ɺʄʄ ʪʘ ʤʘʶʪʴ 

ʚʠʱʠʡ ʧʨʽʦʨʽʪʝʪ, ʥʽʞ ʽʥʩʪʨʫʢʮʽʾ ʚ ʢʦʨʠʩʪʫʚʘʮʴʢʦʤʫ ʧʨʦʤʧʪʽ. ʇʦʜʽʙʥʦ ʜʦ ʢʦʨʠʩʪʫʚʘʮʴʢʦʛʦ 

ʧʨʦʤʧʪʫ, ʩʠʩʪʝʤʥʠʡ ʧʨʦʤʧʪ ʤʘʻ ʩʚʽʡ ʬʦʨʤʘʪ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʽʟ ʨʦʣʽ, ʤʝʪʠ, ʢʦʥʪʝʢʩʪʫ, ʬʦʨʤʘʪʫ 

ʚʽʜʧʦʚʽʜʽ, ʧʨʘʚʠʣ ʪʘ ʧʨʠʢʣʘʜʽʚ ʽʥʩʪʨʫʢʮʽʡ. ʅʠʞʯʝ ʧʨʠʚʝʜʝʥʦ ʧʦʜʽʙʥʠʡ ʧʨʦʤʧʪ, ʩʪʚʦʨʝʥʠʡ 

ʘʚʪʦʨʦʤ ʜʣʷ ʧʦʚʪʦʨʝʥʥʷ ʤʘʪʝʨʽʘʣʫ ʪʘ ʧʦʛʣʠʙʣʝʥʥʷ ʟʥʘʥʴ ʽʟ ʫʧʨʘʚʣʽʥʥʷ ʜʘʥʠʤʠ (Data 

Governance): 
system_prompt: |  

ʊʠ ʚʠʩʪʫʧʘʻʰ ʷʢ ʜʦʩʚʽʜʯʝʥʠʡ ʤʝʥʪʦʨ ʽʟ Data Governance ʟ ʨʝʘʣʴʥʠʤ 

ʜʦʩʚʽʜʦʤ ʫ ʚʧʨʦʚʘʜʞʝʥʥʽ ʧʦʣʽʪʠʢ ʫʧʨʘʚʣʽʥʥʷ ʜʘʥʠʤʠ ʥʘ ʨʽʚʥʽ ʚʝʣʠʢʠʭ 

ʦʨʛʘʥʽʟʘʮʽʡ. 

ʄʦʷ ʤʝʪʘ ð ʛʣʠʙʦʢʦ ʚʠʚʯʠʪʠ ʪʝʤʫ **Data Governance** ʟ ʬʦʢʫʩʦʤ 

ʥʘ: 

-  ʧʨʠʥʮʠʧʠ ʡ ʢʦʤʧʦʥʝʥʪʠ (data ownership, stewardship, lineage, 

cataloging, quality, privacy)  

-  ʩʪʘʥʜʘʨʪʠ (DAMAD- DMBOK2, ISO 8000, GDPR)  

-  ʽʥʩʪʨʫʤʝʥʪʠ (DataHub, Collibra, Apache Atlas, dbt, Great 

Expectations)  

-  ʧʨʘʢʪʠʯʥʽ ʢʝʡʩʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʚ ʙʽʟʥʝʩʽ 
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-  ʨʦʣʴ Data Governance ʫ ʟʘʙʝʟʧʝʯʝʥʥʽ **Data Quality** ʪʘ 

**DataOps**  

ʄʽʡ ʨʽʚʝʥʴ: ʩʝʨʝʜʥʽʡ. ɼʦʙʨʝ ʟʥʘʶ SQL, ETL, ʪʨʦʭʠ ʧʨʘʮʶʚʘʚ ʟ 

Data Quality Tools ʽ Airflow. ʍʦʯʫ ʩʪʨʫʢʪʫʨʫʚʘʪʠ ʪʘ ʧʦʛʣʠʙʠʪʠ ʟʥʘʥʥʷ 

ʩʘʤʝ ʟ ʪʦʯʢʠ ʟʦʨʫ **Data Governance Framework**.  

ʄʝʪʦʜ ʥʘʚʯʘʥʥʷ: 

-  ʇʦʜʽʣʷʡ ʪʝʤʫ ʥʘ ʥʝʚʝʣʠʢʽ ʙʣʦʢʠ: ʦʜʠʥ ʢʦʤʧʦʥʝʥʪ ð ʦʜʥʝ 

ʧʦʷʩʥʝʥʥʷ 

-  ʇʦʜʘʚʘʡ ʤʘʪʝʨʽʘʣ ʩʪʨʫʢʪʫʨʦʚʘʥʦ: ʚʩʪʫʧ Ÿ ʧʦʷʩʥʝʥʥʷ Ÿ ʧʨʠʢʣʘʜ 

Ÿ ʢʦʥʪʨʦʣʴʥʝ ʧʠʪʘʥʥʷ 

-  ʅʝ ʧʝʨʝʭʦʜʴ ʜʦ ʥʘʩʪʫʧʥʦʛʦ ʙʣʦʢʫ ʙʝʟ ʤʦʛʦ ʧʽʜʪʚʝʨʜʞʝʥʥʷ 

ʌʦʨʤʘʪ ʢʦʞʥʦʛʦ ʙʣʦʢʫ: 

1. ʂʦʨʦʪʢʠʡ ʚʩʪʫʧ (1- 2 ʨʝʯʝʥʥʷ) 

2. ʇʦʷʩʥʝʥʥʷ ʢʣʶʯʦʚʠʭ ʪʝʨʤʽʥʽʚ (ʽʟ ʤʘʨʢʦʚʘʥʠʤ ʩʧʠʩʢʦʤ) 

3. ʈʝʘʣʴʥʠʡ ʧʨʠʢʣʘʜ (ʢʦʨʧʦʨʘʪʠʚʥʠʡ ʘʙʦ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʢʝʡʩ) 

4. ʂʦʥʪʨʦʣʴʥʝ ʟʘʧʠʪʘʥʥʷ ʜʣʷ ʤʝʥʝ (ʪʝʩʪ ʘʙʦ open- ended)  

5. ʆʧʮʽʡʥʦ ð ʧʦʩʠʣʘʥʥʷ ʥʘ ʽʥʩʪʨʫʤʝʥʪʠ / ʩʪʘʪʪʽ / ʤʦʜʝʣʽ 

ʉʪʠʣʴ: 

-  ɼʨʫʞʥʽʡ, ʟʨʦʟʫʤʽʣʠʡ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʨʘʚʠʣʴʥʦʾ ʪʝʨʤʽʥʦʣʦʛʽʾ 

-  ʇʦʷʩʥʶʡ ʩʢʣʘʜʥʝ ʯʝʨʝʟ ʘʥʘʣʦʛʽʾ 

-  ʗʢʱʦ ʷ ʧʦʤʠʣʷʶʩʴ ð ʚʠʧʨʘʚʣʷʡ ʦʙʝʨʝʞʥʦ ʡ ʧʦʷʩʥʶʡ, ʯʦʤʫ 

 

ʊʝʭʥʽʯʥʽ ʬʦʨʤʘʪʠ: 

-  ʇʦʷʩʥʝʥʥʷ Markdown 

-  ʊʘʙʣʠʮʽ, ʷʢʱʦ ʡʜʝʪʴʩʷ ʧʨʦ ʧʦʨʽʚʥʷʥʥʷ ʤʦʜʝʣʝʡ ʯʠ ʬʨʝʡʤʚʦʨʢʽʚ 

-  ʄʦʞʝʰ ʛʝʥʝʨʫʚʘʪʠ YAML- ʢʦʥʬʽʛʫʨʘʮʽʾ ʘʙʦ ʧʨʠʢʣʘʜʠ dbt-

ʩʪʨʫʢʪʫʨʠ, ʷʢʱʦ ʨʝʣʝʚʘʥʪʥʦ 

ɼʦʜʘʪʢʦʚʽ ʟʘʧʠʪʠ: 

-  ɿʘ ʧʦʪʨʝʙʠ ʤʦʞʫ ʧʦʧʨʦʩʠʪʠ ʧʨʠʢʣʘʜʠ ʟ DataHub, dbt, Great 

Expectations  

-  ʗʢʱʦ ʭʦʯʝʰ ð ʤʦʞʝʰ ʩʘʤ ʽʥʽʮʽʶʚʘʪʠ ʤʽʥʽ- ʧʨʦʻʢʪ ("ʩʪʚʦʨʠ ʧʨʦʩʪʫ 

Data Governance ʧʦʣʽʪʠʢʫ ʜʣʷ ʩʪʘʨʪʘʧʫ", ʪʦʱʦ) 

ʆʯʽʢʫʶ ʽʪʝʨʘʪʠʚʥʝ ʥʘʚʯʘʥʥʷ: ʥʝ ʧʦʩʧʽʰʘʡ, ʜʦʯʝʢʘʡʩʷ ʤʦʻʾ 

ʨʝʘʢʮʽʾ. 

 

ʇʦʜʽʙʥʽ ʩʠʩʪʝʤʥʽ ʧʨʦʤʧʪʠ ʙʫʣʠ ʧʽʜʛʦʪʦʚʣʝʥʽ ʘʚʪʦʨʦʤ ʜʣʷ ʧʨʝʜʤʝʪʽʚ ñɸʨʭʽʪʝʢʪʫʨʘ 

ʢʦʤʧôʁ ʪʝʨʘ ʪʘ ʦʧʝʨʘʮʽʡʥʽ ʩʠʩʪʝʤʠò, ñʉʝʨʝʜʦʚʠʱʝ ʪʘ ʢʦʤʧʦʥʝʥʪʠ ʨʦʟʨʦʙʢʠ ʫ ʤʦʜʝʣʶʚʘʥʥʽ ʽ 

ʘʥʘʣʽʟʽ ʜʘʥʠʭò ʪʘ ʙʫʜʫʪʴ ʚʧʨʦʚʘʜʞʫʚʘʪʠʩʴ ʫ ʥʘʚʯʘʥʥʷ ʥʘʩʪʫʧʥʦʛʦ ʩʝʤʝʩʪʨʫ 

 

ɺʀʉʅʆɺʂʀ 

ɺ ʜʦʧʦʚʥʝʥʥʷ ʜʦ ʨʝʢʦʤʝʥʜʘʮʽʡ ʥʦʨʤʘʪʠʚʥʠʭ ʜʦʢʫʤʝʥʪʽʚ ʘʚʪʦʨ ʧʨʦʧʦʥʫʻ ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ LLM ʯʘʩʪʽʰʝ ʢʦʨʠʩʪʫʚʘʪʠʩʴ ʨʝʞʠʤʦʤ canvas, ʚʠʙʫʜʦʚʫʶʯʠ ʽʪʝʨʘʪʠʚʥʠʡ ʧʨʦʮʝʩ 

ʩʪʚʦʨʝʥʥʷ ʜʦʢʫʤʝʥʪʽʚ, ʫ ʷʢʦʤʫ ʚʠʢʣʘʜʘʯ ʪʘ ʐɯ ʜʦʧʦʚʥʶʻ ʦʜʠʥ ʦʜʥʦʛʦ. ʐʣʷʭʦʤ ʟʤʽʥʠ 

ʢʦʥʪʝʢʩʪʫ ʚ ʟʘʧʠʪʘʭ ʘʜʘʧʪʫʚʘʪʠ ʤʘʪʝʨʽʘʣ ʽʟ ʪʠʭ ʩʘʤʠʭ ʜʞʝʨʝʣ ʜʣʷ ʘʫʜʠʪʦʨʽʡ ʽʟ ʨʽʟʥʠʤ ʨʽʚʥʝʤ 

ʧʽʜʛʦʪʦʚʢʠ. ʇʨʠ ʩʪʚʦʨʝʥʥʽ ʩʭʝʤ, ʤʘʣʶʥʢʽʚ ʪʘ ʬʦʨʤʫʣ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʧʨʦʤʽʞʥʝ ʪʝʢʩʪʦʚʝ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ (mermaid, plain uml, latex,markdown ʽ ʪ.ʧ.), ʱʦʙ ʤʘʪʠ ʤʦʞʣʠʚʽʩʪʴ ʚʯʘʩʥʦ ʪʘ ʣʝʛʢʦ 

ʚʠʧʨʘʚʣʷʪʠ ʧʦʤʠʣʢʠ ʪʘ ʫʩʫʚʘʪʠ ʛʘʣʶʮʠʥʘʮʽʾ. ʐʠʨʦʢʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ NotebookLM ʜʣʷ 

ʨʦʙʦʪʠ ʽʟ ʜʞʝʨʝʣʘʤʠ, ʷʢʽ ʥʘʧʠʩʘʥʽ ʥʘ ʨʽʟʥʠʭ ʤʦʚʘʭ, ʨʽʟʥʦʪʠʧʥʠʤʠ ʜʞʝʨʝʣʘʤʠ: ʪʝʢʩʪ, 

ʘʫʜʽʦ/ʚʽʜʝʦ, ʚʝʙʩʘʡʪʠ. ʊʘʢʦʞ ʮʝʡ ʽʥʩʪʨʫʤʝʥʪ ʝʬʝʢʪʠʚʥʠʡ ʜʣʷ ʛʝʥʝʨʘʮʽʾ ʘʫʜʽʦ ʨʝʟʶʤʝ, 

ʚʽʜʝʦʧʨʝʟʝʥʪʘʮʽʡ, ʢʦʨʦʪʢʠʭ ʪʝʩʪʽʚ ʪʘ ʬʣʝʰ ʢʘʨʪʦʢ. ɺʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʧʽʜʭʦʜʠ ʩʠʩʪʝʤʥʦʛʦ 

ʧʨʦʤʧʪʠʥʛʫ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʯʘʪʽʚ ʐɯ-ʨʝʧʝʪʠʪʦʨʽʚ, ʱʦ ʥʘʚʯʘʶʪʴ ʩʪʫʜʝʥʪʽʚ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʤʝʪʦʜʫ ʩʦʢʨʘʪʽʚʩʴʢʦʛʦ ʥʘʩʪʘʚʥʠʮʪʚʘ, ʫʥʠʢʘʶʯʠ ʙʝʟʧʦʩʝʨʝʜʥʽʭ ʚʽʜʧʦʚʽʜʝʡ ʥʘ 

ʧʠʪʘʥʥʷ ʪʘ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʜʦʤʘʰʥʽʭ ʟʘʚʜʘʥʴ. ʉʪʠʤʫʣʶʚʘʪʠ ʩʪʫʜʝʥʪʽʚ 
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ʢʦʨʠʩʪʫʚʘʪʠʩʴ LLM ʫ ʨʝʞʠʤʽ "ʫʯʽʪʴʩʷ ʪʘ ʧʽʟʥʘʚʘʡʪʝ", "guided learning" ʜʣʷ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ 

ʥʘʚʯʘʥʥʷ.  
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ɹʦʥʜʘʨʻʚ ʗ. ɻ.  (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-ʊʝʨʥʦʧʽʣʴ, 

ʋʢʨʘʾʥʘ).   

 

ɿɸʉʊʆʉʋɺɸʅʅʗ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ ɺ ʉʋʏɸʉʅɯʁ ʆʉɺɯʊɯ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʦʩʦʙʣʠʚʦʩʪʽ ʨʦʟʚʠʪʢʫ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ʪʝʭʥʦʣʦʛʽʡ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʩʫʯʘʩʥʝ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ. ɺʠʟʥʘʯʝʥʦ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʠ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʜʣʷ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ, ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʝʜʘʛʦʛʽʯʥʠʭ ʧʨʦʮʝʜʫʨ ʽ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʘʥʘʣʽʟʫ ʦʩʚʽʪʥʽʭ ʜʘʥʠʭ. ʆʢʨʝʩʣʝʥʦ ʥʘʫʢʦʚʽ ʧʽʜʭʦʜʠ ʜʦ ʽʥʪʝʛʨʘʮʽʾ ʐɯ ʚ ʦʩʚʽʪʥʶ 

ʧʨʘʢʪʠʢʫ ʪʘ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʧʨʦʙʣʝʤʠ, ʧʦʚôʷʟʘʥʽ ʟ ʝʪʠʢʦʶ, ʙʝʟʧʝʢʦʶ ʜʘʥʠʭ, ʘʢʘʜʝʤʽʯʥʦʶ 

ʜʦʙʨʦʯʝʩʥʽʩʪʶ ʪʘ ʥʝʨʽʚʥʠʤ ʜʦʩʪʫʧʦʤ ʜʦ ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ. ʈʦʟʛʣʷʥʫʪʦ ʩʫʯʘʩʥʽ ʪʝʥʜʝʥʮʽʾ 

ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʧʣʘʪʬʦʨʤ ʽ ʤʦʞʣʠʚʦʩʪʽ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʦʛʦ 

ʧʨʦʮʝʩʫ, ʧʽʜʪʨʠʤʢʠ ʧʝʜʘʛʦʛʽʚ ʪʘ ʩʪʚʦʨʝʥʥʷ ʛʥʫʯʢʠʭ ʦʩʚʽʪʥʽʭ ʪʨʘʻʢʪʦʨʽʡ. ʇʦʢʘʟʘʥʦ, ʱʦ ʥʝʜʦʩʪʘʪʥʴʦ 

ʨʦʟʨʦʙʣʝʥʠʤʠ ʟʘʣʠʰʘʶʪʴʩʷ ʤʝʭʘʥʽʟʤʠ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʢʦʥʪʨʦʣʶ ʨʽʰʝʥʴ, ʟʛʝʥʝʨʦʚʘʥʠʭ ʘʣʛʦʨʠʪʤʘʤʠ, 

ʘ ʪʘʢʦʞ ʤʦʜʝʣʽ ʫʧʨʘʚʣʽʥʥʷ ʨʠʟʠʢʘʤʠ ʧʽʜ ʯʘʩ ʽʥʪʝʛʨʘʮʽʾ ʐɯ ʚ ʥʘʚʯʘʣʴʥʝ ʩʝʨʝʜʦʚʠʱʝ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ 

ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʟ ʤʝʪʦʶ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʙʝʟʧʝʯʥʦʩʪʽ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʦʩʚʽʪʘ, ʧʝʨʩʦʥʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ, ʮʠʬʨʦʚʽ ʪʝʭʥʦʣʦʛʽʾ, 

ʝʪʠʢʘ, ʘʢʘʜʝʤʽʯʥʘ ʜʦʙʨʦʯʝʩʥʽʩʪʴ. 

Abstract. The article examines the development and implementation of artificial intelligence 

technologies in the modern educational environment. It highlights the key directions of applying intelligent 

systems for learning personalization, automation of pedagogical routines, and improvement of educational 

data analysis. The study reviews scientific approaches to integrating AI into educational practice and identifies 

challenges related to ethics, data security, academic integrity, and unequal access to digital technologies. 

Current trends in the development of intelligent platforms and their potential to support teachers, optimize the 

learning process, and create flexible educational trajectories are discussed. It is noted that mechanisms for 

monitoring and evaluating algorithm-generated decisions, as well as risk-management models for AI 

integration, remain insufficiently developed. The article provides recommendations for the responsible and 

safe use of AI aimed at enhancing the efficiency, transparency, and reliability of educational activities.  

Keywords: artificial intelligence, educational technologies, learning personalization, academic 

integrity, data security, ethical challenges. 

 

ʐʚʠʜʢʠʡ ʨʦʟʚʠʪʦʢ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʩʫʪʪʻʚʦ ʚʧʣʠʚʘʻ ʥʘ ʪʨʘʥʩʬʦʨʤʘʮʽʶ 

ʦʩʚʽʪʥʽʭ ʧʽʜʭʦʜʽʚ ʽ ʩʧʦʩʦʙʽʚ ʦʨʛʘʥʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ. ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʜʝʜʘʣʽ 

ʯʘʩʪʽʰʝ ʽʥʪʝʛʨʫʶʪʴʩʷ ʚ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʧʝʨʩʦʥʘʣʽʟʘʮʽʶ ʥʘʚʯʘʥʥʷ, 

ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʨʫʪʠʥʥʠʭ ʧʝʜʘʛʦʛʽʯʥʠʭ ʜʽʡ ʪʘ ʤʦʞʣʠʚʽʩʪʴ ʛʣʠʙʦʢʦʛʦ ʘʥʘʣʽʟʫ ʦʩʚʽʪʥʽʭ ʜʘʥʠʭ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʥʘʚʯʘʣʴʥʦʛʦ ʨʝʟʫʣʴʪʘʪʫ. ʋ ʪʘʢʠʭ ʫʤʦʚʘʭ ʟʤʽʥʶʻʪʴʩʷ ʥʝ ʣʠʰʝ ʤʝʪʦʜʠʢʘ 

ʚʠʢʣʘʜʘʥʥʷ, ʘ ʡ ʤʦʜʝʣʴ ʚʟʘʻʤʦʜʽʾ ʤʽʞ ʫʯʠʪʝʣʝʤ, ʫʯʥʝʤ ʽ ʮʠʬʨʦʚʠʤʠ ʽʥʩʪʨʫʤʝʥʪʘʤʠ. 

ʇʦʰʠʨʝʥʥʷ ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ ʟʫʤʦʚʣʶʻ ʟʨʦʩʪʘʥʥʷ ʨʦʣʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʜʘʣʽ ï 

ʐɯ)  ʷʢ ʢʣʶʯʦʚʦʛʦ ʝʣʝʤʝʥʪʫ ʩʫʯʘʩʥʦʾ ʩʠʩʪʝʤʠ ʦʩʚʽʪʠ. ʅʦʚʽʪʥʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʧʣʘʪʬʦʨʤʠ ʟʜʘʪʥʽ 

ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʦʩʦʙʣʠʚʦʩʪʝʡ ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ, ʤʦʜʝʣʶʚʘʪʠ ʾʭʥʶ ʥʘʚʯʘʣʴʥʫ 

ʧʦʚʝʜʽʥʢʫ ʪʘ ʩʧʨʠʷʪʠ ʧʽʜʚʠʱʝʥʥʶ ʽʥʪʝʨʘʢʪʠʚʥʦʩʪʽ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. ʊʘʢʽ ʽʥʩʪʨʫʤʝʥʪʠ 

ʙʘʟʫʶʪʴʩʷ ʥʘ ʤʽʞʜʠʩʮʠʧʣʽʥʘʨʥʠʭ ʜʦʩʷʛʥʝʥʥʷʭ ʫ ʩʬʝʨʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʧʦʻʜʥʫʶʪʴ 

ʢʦʤʧôʶʪʝʨʥʽ, ʧʩʠʭʦʣʦʛʦ-ʧʝʜʘʛʦʛʽʯʥʽ ʡ ʫʧʨʘʚʣʽʥʩʴʢʽ ʧʽʜʭʦʜʠ. 

ʆʜʥʘʢ ʨʘʟʦʤ ʽʟ ʧʦʪʝʥʮʽʘʣʦʤ ʐɯ ʚʠʩʫʚʘʻ ʽ ʥʠʟʢʫ ʩʫʪʪʻʚʠʭ ʚʠʢʣʠʢʽʚ: ʧʨʦʙʣʝʤʠ ʝʪʠʢʠ ʪʘ 

ʙʝʟʧʝʢʠ ʜʘʥʠʭ, ʧʠʪʘʥʥʷ ʨʽʚʥʦʛʦ ʜʦʩʪʫʧʫ ʜʦ ʪʝʭʥʦʣʦʛʽʡ, ʟʘʛʨʦʟʠ ʧʦʨʫʰʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʘ ʪʘʢʦʞ ʨʠʟʠʢʠ ʥʘʜʤʽʨʥʦʾ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ. ʋʩʝ ʮʝ 

ʘʢʪʫʘʣʽʟʫʻ ʧʦʪʨʝʙʫ ʚ ʥʘʫʢʦʚʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʪʦʛʦ, ʷʢʠʤ ʯʠʥʦʤ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ ʙʫʪʠ 

ʚʧʨʦʚʘʜʞʝʥʠʡ ʚ ʦʩʚʽʪʫ ʝʬʝʢʪʠʚʥʦ, ʚʽʜʧʦʚʽʜʘʣʴʥʦ ʪʘ ʙʝʟ ʥʝʛʘʪʠʚʥʠʭ ʥʘʩʣʽʜʢʽʚ ʜʣʷ ʫʯʘʩʥʠʢʽʚ 

ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʧʦʪʝʥʮʽʘʣ ʤʦʜʝʨʥʽʟʫʚʘʪʠ ʦʩʚʽʪʫ, ʘʣʝ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ 

ʤʘʢʩʠʤʘʣʴʥʦʛʦ ʝʬʝʢʪʫ ʧʦʪʨʽʙʥʦ ʧʽʜʭʦʜʠʪʠ ʜʦ ʡʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʟ ʦʙʝʨʝʞʥʽʩʪʶ ʪʘ 
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ʩʠʩʪʝʤʥʽʩʪʶ. ʇʽʜ ʯʘʩ ʚʠʙʦʨʫ ʽʥʩʪʨʫʤʝʥʪʽʚ ʐɯ ʩʣʽʜ ʚʨʘʭʦʚʫʚʘʪʠ ʙʘʛʘʪʦ ʚʘʞʣʠʚʠʭ ʘʩʧʝʢʪʽʚ ʾʭ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ï ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʥʘʚʯʘʣʴʥʠʤ ʮʽʣʷʤ, ʟʘʙʝʟʧʝʯʝʥʥʷ ʟʘʭʠʩʪʫ ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ 

ʫʯʘʩʥʠʢʽʚ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʪʘ ʨʽʚʥʦʛʦ ʜʦʩʪʫʧʫ ʫʩʽʤ ʫʯʥʷʤ, ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʘ ʪʘʢʦʞ ʟʘʣʝʞʥʽʩʪʴ ʚʽʜ ʐɯ, ʷʢʘ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʚʪʨʘʪʠ ʧʝʚʥʠʭ ʥʘʚʠʯʦʢ, 

ʪʘʢʠʭ ʷʢ ʢʨʠʪʠʯʥʝ ʤʠʩʣʝʥʥʷ ʪʘ ʪʚʦʨʯʽʩʪʴ[1].   

ʋ ʜʦʩʣʽʜʞʝʥʥʷʭ, ʧʨʠʩʚʷʯʝʥʠʭ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʋʢʨʘʾʥʽ, ʦʩʦʙʣʠʚʝ ʤʽʩʮʝ 

ʚʽʜʚʦʜʠʪʴʩʷ ʦʩʚʽʪʥʽʡ ʩʬʝʨʽ ʷʢ ʧʨʽʦʨʠʪʝʪʥʦʤʫ ʥʘʧʨʷʤʫ ʡʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ. ɸʩʧʝʢʪʠ 

ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ ʪʘ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʨʦʟʛʣʷʜʘʶʪʴ ʌʨʘʪʘʚʯʘʥ ɺ. ɻ., ʌʨʘʪʘʚʯʘʥ ʊ. ʄ., ʃʫʢʘʰʽʚ 

ʊ. ʆ. ʪʘ ʃʽʪʚʽʥʯʫʢ ʖ. ɸ. ɺ. ɻʨʠʮʠʰʠʥ ʽ ʅ. ɻʘʙʨʫʩʻʚʘ ʧʽʜʢʨʝʩʣʶʶʪʴ ʚʠʢʣʠʢʠ, ʤʦʞʣʠʚʦʩʪʽ ʡ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʢʦʥʪʨʦʣʶ ʨʠʟʠʢʽʚ, ʧʦʚôʷʟʘʥʠʭ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʝʭʥʦʣʦʛʽʡ. 

ɼʦʩʷʛʥʝʥʥʷ ʪʘ ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ ʐɯ ʫ ʚʽʪʯʠʟʥʷʥʦʤʫ ʢʦʥʪʝʢʩʪʽ ʘʥʘʣʽʟʫʶʪʴ ɸ. 

ʐʝʚʯʝʥʢʦ ʪʘ ɻ. ɸʥʜʨʦʱʫʢ, ʪʦʜʽ ʷʢ ɸ. ɼʫʙʯʘʢ, ʗ. ʃʠʪʚʠʥʝʥʢʦ ʪʘ ʖ. ʇʝʨʫʯʦʢ ʜʦʩʣʽʜʞʫʶʪʴ 

ʥʘʧʨʷʤʠ ʡʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʘ ʧʦʚôʷʟʘʥʽ ʟ ʮʠʤ ʧʝʨʝʚʘʛʠ ʡ ʟʘʛʨʦʟʠ. ʇʠʪʘʥʥʷ ʽʥʪʝʛʨʘʮʽʾ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʫ ʪʘ ʚʠʢʣʠʢʠ ʜʣʷ ʫʯʘʩʥʠʢʽʚ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʚʠʩʚʽʪʣʶʻ ɸ. ʄʝʣʴʥʠʢ. 

ʇʠʪʘʥʥʶ ʚʧʨʦʚʘʜʞʝʥʥʷ ɯʂʊ ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ  ʧʨʠʩʚʷʯʝʥʽ  ʜʦʩʣʽʜʞʝʥʥʷ  ʚʯʝʥʠʭ:  ɺ.  

ɹʠʢʦʚʘ,  ʈ.ɻʫʨʝʚʠʯʘ,  ɺ.  ɹʘʭʨʫʰʠʥʘ,  ʅ. ʄʦʨʟʝ, ʉ.ʉʠʩʦʻʚʦʾ, ɺ. ʆʩʘʜʯʦʛʦ, ɭ. ʇʦʣʘʪ ʪʘ ʽʥ. ɼʝʷʢʽ 

ʜʦʩʣʽʜʥʠʢʠ, ʨʦʟʛʣʷʜʘʶʯʠ ʧʠʪʘʥʥʷ ʥʘʚʯʘʥʥʷ ʽʥʬʦʨʤʘʪʠʢʠ,  ʤʘʪʝʤʘʪʠʯʥʦʾ  ʣʦʛʽʢʠ  ʪʘ  ʣʦʛʽʯʥʦʛʦ  

ʧʨʦʛʨʘʤʫʚʘʥʥʷ  ʫ  ʧʝʜʘʛʦʛʽʯʥʠʭ  ʟʘʢʣʘʜʘʭ ʦʩʚʽʪʠ,  ʤʝʪʦʜʠʢʠ  ʥʘʚʯʘʥʥʷ  ʪʘ  ʚʠʢʦʨʠʩʪʘʥʥʷ  ʩʠʩʪʝʤ  

ʰʪʫʯʥʦʛʦ  ʽʥʪʝʣʝʢʪʫ ʫ ʩʝʨʝʜʥʽʡ  ʰʢʦʣʽ (ʅ.ɸʧʘʪʦʚʘ,  ʅ. ɹʘʣʠʢ, ɸ.  ɺʝʨʣʘʥʴ,  ʄ.  ɾʘʣʜʘʢ, ɯ. 

ɿʘʙʘʨʘ,  ɯ.ɯʚʘʩʴʢʽʚ,  ʂ. ʃʶʙʯʝʥʢʦ, ʖ.ʈʘʤʩʴʢʠʡ, ʖ. ʊʨʠʫʩ) ʟʜʽʡʩʥʶʚʘʣʠ  ʚʽʜʧʦʚʽʜʥʠʡ  ʜʦʙʽʨ  

ʟʤʽʩʪʫ  ʥʘʚʯʘʣʴʥʦʛʦ  ʤʘʪʝʨʽʘʣʫ, ʟʦʢʨʝʤʘ  ʟ  ʦʩʥʦʚ  ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ [2]. 

ɸʥʘʣʽʟ ʩʫʯʘʩʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʟʘʩʚʽʜʯʫʻ, ʱʦ ʙʽʣʴʰʽʩʪʴ ʥʘʫʢʦʚʮʽʚ ʟʦʩʝʨʝʜʞʫʻʪʴʩʷ ʥʘ 

ʪʝʭʥʽʯʥʠʭ ʤʦʞʣʠʚʦʩʪʷʭ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʡʦʛʦ ʟʜʘʪʥʦʩʪʽ ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʥʘʚʯʘʣʴʥʠʡ 

ʧʨʦʮʝʩ, ʟʜʽʡʩʥʶʚʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʯʠ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʧʝʨʩʦʥʘʣʽʟʘʮʽʶ ʦʩʚʽʪʥʽʭ ʪʨʘʻʢʪʦʨʽʡ. ʈʘʟʦʤ 

ʽʟ ʪʠʤ ʥʠʟʢʘ ʚʘʞʣʠʚʠʭ ʧʠʪʘʥʴ, ʧʦʚôʷʟʘʥʠʭ ʟʽ ʩʪʚʦʨʝʥʥʷʤ ʝʬʝʢʪʠʚʥʠʭ ʤʝʭʘʥʽʟʤʽʚ ʨʝʛʫʣʶʚʘʥʥʷ 

ʪʘ ʢʦʥʪʨʦʣʶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ, ʟʘʣʠʰʘʻʪʴʩʷ ʧʦʟʘ ʫʚʘʛʦʶ. ɿʦʢʨʝʤʘ, ʥʝʜʦʩʪʘʪʥʴʦ 

ʨʦʟʨʦʙʣʝʥʠʤʠ ʻ ʤʦʜʝʣʽ, ʷʢʽ ʙ ʜʦʟʚʦʣʷʣʠ ʧʝʜʘʛʦʛʘʤ ʽ ʘʜʤʽʥʽʩʪʨʘʪʦʨʘʤ ʥʘʚʯʘʣʴʥʠʭ ʟʘʢʣʘʜʽʚ 

ʩʠʩʪʝʤʥʦ ʫʧʨʘʚʣʷʪʠ ʨʠʟʠʢʘʤʠ, ʱʦ ʚʠʥʠʢʘʶʪʴ ʫ ʧʨʦʮʝʩʽ ʟʘʩʪʦʩʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʪʝʭʥʦʣʦʛʽʡ, ʘ ʪʘʢʦʞ ʧʝʨʝʜʙʘʯʘʪʠ ʥʝʛʘʪʠʚʥʽ ʥʘʩʣʽʜʢʠ ʾʭ ʥʝʦʙʤʝʞʝʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ. 

ʇʦʧʨʠ ʪʝ, ʱʦ ʚ ʽʥʰʠʭ ʛʘʣʫʟʷʭ (ʟʦʢʨʝʤʘ, ʫ ʙʽʟʥʝʩʽ ʪʘ ʜʝʨʞʘʚʥʦʤʫ ʫʧʨʘʚʣʽʥʥʽ) ʜʘʚʥʦ 

ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʽʥʩʪʨʫʤʝʥʪʠ ʢʦʥʪʨʦʣʶ ʡ ʢʦʥʪʨʦʣʽʥʛʫ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʫʧʨʘʚʣʽʥʩʴʢʠʭ 

ʨʽʰʝʥʴ, ʘʥʘʣʦʛʽʯʥʽ ʧʽʜʭʦʜʠ ʱʦʜʦ ʦʮʽʥʶʚʘʥʥʷ ʚʧʣʠʚʫ ʐɯ ʥʘ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ ʧʨʘʢʪʠʯʥʦ ʥʝ 

ʨʦʟʨʦʙʣʝʥʽ. ʆʩʚʽʪʥʷ ʩʬʝʨʘ ʧʦʢʠ ʱʦ ʥʝ ʤʘʻ ʯʽʪʢʦ ʦʢʨʝʩʣʝʥʠʭ ʤʝʭʘʥʽʟʤʽʚ ʤʦʥʽʪʦʨʠʥʛʫ ʷʢʦʩʪʽ 

ʐɯ-ʨʽʰʝʥʴ, ʩʠʩʪʝʤ ʟʘʭʠʩʪʫ ʚʽʜ ʧʦʤʠʣʢʦʚʠʭ ʨʝʢʦʤʝʥʜʘʮʽʡ, ʘ ʪʘʢʦʞ ʤʦʜʝʣʝʡ, ʱʦ ʟʘʙʝʟʧʝʯʫʚʘʣʠ 

ʙ ʧʨʦʟʦʨʽʩʪʴ, ʝʪʠʯʥʽʩʪʴ ʪʘ ʙʝʟʧʝʢʫ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʣʛʦʨʠʪʤʽʚ. 

ʅʝʜʦʩʪʘʪʥʴʦ ʜʦʩʣʽʜʞʝʥʠʤʠ ʟʘʣʠʰʘʶʪʴʩʷ ʡ ʧʠʪʘʥʥʷ ʟʙʝʨʝʞʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚ ʫʤʦʚʘʭ ʘʢʪʠʚʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ, ʬʦʨʤʫʚʘʥʥʷ ʮʠʬʨʦʚʦʾ ʢʦʤʧʝʪʝʥʪʥʦʩʪʽ 

ʧʝʜʘʛʦʛʽʚ ʪʘ ʫʯʥʽʚ, ʦʮʽʥʶʚʘʥʥʷ ʚʧʣʠʚʫ ʐɯ ʥʘ ʨʦʟʚʠʪʦʢ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ ʪʘ ʩʘʤʦʩʪʽʡʥʦʩʪʽ 

ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ. ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʘʢʪʫʘʣʴʥʽʩʪʴ ʮʠʭ ʧʨʦʙʣʝʤ, ʚʦʥʠ ʤʘʡʞʝ ʥʝ ʦʪʨʠʤʘʣʠ 

ʩʠʩʪʝʤʥʦʛʦ ʥʘʫʢʦʚʦʛʦ ʦʧʨʘʮʶʚʘʥʥʷ, ʘ ʦʪʞʝ ʧʦʪʨʝʙʫʶʪʴ ʨʦʟʨʦʙʣʝʥʥʷ ʥʦʚʠʭ ʢʦʥʮʝʧʪʫʘʣʴʥʠʭ 

ʧʽʜʭʦʜʽʚ ʽ ʤʝʪʦʜʽʚ ʨʝʛʫʣʶʚʘʥʥʷ ʽʥʪʝʛʨʘʮʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʥʶ ʧʨʘʢʪʠʢʫ. 

ʊʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʧʨʘʮʶʶʪʴ ʟʘ ʧʨʠʥʮʠʧʦʤ ʧʦʰʫʢʫ ʟʘʛʘʣʴʥʦʜʦʩʪʫʧʥʦʾ 

ʽʥʬʦʨʤʘʮʽʾ ʯʝʨʝʟ ʙʘʟʠ ʜʘʥʠʭ ʧʦʰʫʢʦʚʠʭ ʩʠʩʪʝʤ, ʦʧʨʘʮʶʚʘʥʥʷ ʡ ʥʘʜʘʥʥʷ ʢʦʨʠʩʪʫʚʘʯʫ ʜʘʥʠʭ ʟʘ 

ʟʘʧʠʪʦʤ ʚʽʜʙʫʚʘʶʪʴʩʷ ʙʝʟ ʟʘʟʥʘʯʝʥʥʷ ʜʞʝʨʝʣʘ, ʯʘʩʪʦ ʧʨʠ ʮʴʦʤʫ ʧʦʨʫʰʫʶʯʠ ʘʚʪʦʨʩʴʢʝ ʧʨʘʚʦ. 

ʂʦʣʠ ʟʜʦʙʫʚʘʯʽ ʦʩʚʽʪʠ ʧʽʜ ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ ʥʘʚʯʘʣʴʥʠʭ ʜʠʩʮʠʧʣʽʥ ʯʠ ʜʦʩʣʽʜʥʠʮʴʢʠʭ 

ʧʨʦʝʢʪʽʚ ʟʘʩʪʦʩʦʚʫʶʪʴ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʚʠʢʣʘʜʘʯʽ ʥʝ ʟʘʚʞʜʠ ʤʦʞʫʪʴ 

ʨʦʟʨʽʟʥʠʪʠ, ʜʝ ʟʘʚʜʘʥʥʷ ʚʠʢʦʥʘʥʽ ʩʪʫʜʝʥʪʦʤ, ʘ ʜʝ ð ʟʘ ʜʦʧʦʤʦʛʦʶ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ. ʊʦʤʫ ʧʠʪʘʥʥʷ ʦʩʚʽʪʠ ʫʩʽʭ ʫʯʘʩʥʠʢʽʚ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʱʦʜʦ ʦʩʦʙʣʠʚʦʩʪʝʡ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʾʭ ʧʦʪʝʥʮʽʘʣʫ ʡ ʤʦʞʣʠʚʦʩʪʝʡ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʦʩʚʽʪʠ ʟʘʣʠʰʘʪʴʩʷ ʘʢʪʫʘʣʴʥʠʤ [3]. 

ʄʝʪʦʶ ʩʪʘʪʪʽ ʻ ʜʦʩʣʽʜʞʝʥʥʷ ʦʩʦʙʣʠʚʦʩʪʝʡ ʽʥʪʝʛʨʘʮʽʾ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ 

ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ, ʚʠʟʥʘʯʝʥʥʷ ʾʭʥʴʦʛʦ ʚʧʣʠʚʫ ʥʘ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ ʪʘ ʤʦʜʝʣʽ ʚʟʘʻʤʦʜʽʾ ʤʽʞ 
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ʫʯʠʪʝʣʝʤ ʽ ʟʜʦʙʫʚʘʯʝʤ ʦʩʚʽʪʠ, ʘ ʪʘʢʦʞ ʚʠʷʚʣʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʽ ʚʠʢʣʠʢʽʚ ʱʦʜʦ ʟʘʙʝʟʧʝʯʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʛʦ, ʝʪʠʯʥʦʛʦ ʪʘ ʙʝʟʧʝʯʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ. 

ɼʣʷ ʨʝʘʣʽʟʘʮʽʾ ʧʦʩʪʘʚʣʝʥʦʾ ʤʝʪʠ ʥʝʦʙʭʽʜʥʦ ʚʠʢʦʥʘʪʠ ʥʘʩʪʫʧʥʽ ʟʘʚʜʘʥʥʷ: 

- ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʩʫʯʘʩʥʽ ʪʝʥʜʝʥʮʽʾ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʡʦʛʦ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ ʦʩʚʽʪʥʽʡ ʩʬʝʨʽ; 

- ʚʠʟʥʘʯʠʪʠ ʧʝʨʝʚʘʛʠ ʪʘ ʧʦʪʝʥʮʽʡʥʽ ʨʠʟʠʢʠ ʽʥʪʝʛʨʘʮʽʾ ʐɯ ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ, 

ʟʦʢʨʝʤʘ ʱʦʜʦ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʟʘʭʠʩʪʫ ʜʘʥʠʭ ʽ ʨʽʚʥʦʛʦ ʜʦʩʪʫʧʫ; 

- ʜʦʩʣʽʜʠʪʠ ʦʩʦʙʣʠʚʦʩʪʽ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʦʩʚʽʪʥʽʭ ʜʽʡ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʧʣʘʪʬʦʨʤ; 

- ʦʢʨʝʩʣʠʪʠ ʫʤʦʚʠ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʾ ʜʣʷ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʽ ʩʠʩʪʝʤʥʦʛʦ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʚ ʦʩʚʽʪʥʽ ʧʨʘʢʪʠʢʠ, ʟʙʝʨʝʞʝʥʥʷ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ ʪʘ ʨʦʟʚʠʪʢʫ ʪʚʦʨʯʠʭ 

ʥʘʚʠʯʦʢ ʫʯʥʽʚ. 

ʐɯ ʻ ʩʫʯʘʩʥʦʶ ʛʘʣʫʟʟʶ ʢʦʤʧôʶʪʝʨʥʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʩʧʨʷʤʦʚʘʥʦʶ ʥʘ ʩʪʚʦʨʝʥʥʷ 

çʨʦʟʫʤʥʠʭè ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ ʚʠʢʦʥʫʚʘʪʠ ʟʘʚʜʘʥʥʷ, ʷʢʽ ʪʨʘʜʠʮʽʡʥʦ ʧʦʪʨʝʙʫʶʪʴ ʣʶʜʩʴʢʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʫ ʪʦʤʫ ʯʠʩʣʽ ʚ ʦʩʚʽʪʥʴʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ 

ʜʦʟʚʦʣʷʻ ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʦʙʨʦʙʢʫ ʟʥʘʥʴ, ʘʜʘʧʪʫʚʘʪʠ ʦʩʚʽʪʥʽ ʪʨʘʻʢʪʦʨʽʾ ʧʽʜ ʧʦʪʨʝʙʠ ʚʯʠʪʝʣʽʚ ʪʘ 

ʫʯʥʽʚ, ʘ ʪʘʢʦʞ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʥʘʚʯʘʥʥʷ. ʏʝʨʝʟ ʽʥʪʝʨʘʢʪʠʚʥʽ ʮʠʬʨʦʚʽ ʧʣʘʪʬʦʨʤʠ ʐɯ 

ʜʘʻ ʟʤʦʛʫ ʧʝʜʘʛʦʛʘʤ ʪʘ ʫʯʥʷʤ ʝʬʝʢʪʠʚʥʦ ʩʪʘʚʠʪʠ ʪʘ ʨʦʟʚôʷʟʫʚʘʪʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʟʘʚʜʘʥʥʷ, 

ʧʝʨʩʦʥʘʣʽʟʫʚʘʪʠ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ ʽ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʙʽʣʴʰ ʛʥʫʯʢʫ ʪʘ ʨʝʟʫʣʴʪʘʪʠʚʥʫ ʦʩʚʽʪʥʶ 

ʜʽʷʣʴʥʽʩʪʴ. 

ʋ ʅʘʮʽʦʥʘʣʴʥʽʡ ʩʪʨʘʪʝʛʽʾ ʨʦʟʚʠʪʢʫ ʐɯ ʚ ʋʢʨʘʾʥʽ 2021-2030 ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʦʟʥʘʯʝʥʥʷ 

ʐɯ, ʧʨʝʜʩʪʘʚʣʝʥʝ ʫ ʂʦʥʮʝʧʮʽʾ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ  ʽʥʪʝʣʝʢʪʫ  ʚ ʋʢʨʘʾʥʽ ʚʽʜ 02.12.2020 ˉ 1556-

ʨ. ʉʣʦʚʦʩʧʦʣʫʯʝʥʥʷ çʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪè ʧʦʷʩʥʶʻʪʴʩʷ ʥʘʩʪʫʧʥʠʤ ʯʠʥʦʤ ï ʮʝ çʦʨʛʘʥʽʟʦʚʘʥʘ 

ʩʫʢʫʧʥʽʩʪʴ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʷʢʦʾ ʤʦʞʣʠʚʦ ʚʠʢʦʥʫʚʘʪʠ ʩʢʣʘʜʥʽ 

ʢʦʤʧʣʝʢʩʥʽ ʟʘʚʜʘʥʥʷ ʰʣʷʭʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʠʩʪʝʤʠ ʥʘʫʢʦʚʠʭ ʤʝʪʦʜʽʚ ʜʦʩʣʽʜʞʝʥʴ ʽ ʘʣʛʦʨʠʪʤʽʚ 

ʦʙʨʦʙʢʠ ʽʥʬʦʨʤʘʮʽʾ, ʦʪʨʠʤʘʥʦʾ ʘʙʦ ʩʘʤʦʩʪʽʡʥʦ ʩʪʚʦʨʝʥʦʾ ʧʽʜ ʯʘʩ ʨʦʙʦʪʠ, ʘ ʪʘʢʦʞ ʩʪʚʦʨʶʚʘʪʠ 

ʪʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚʣʘʩʥʽ ʙʘʟʠ ʟʥʘʥʴ, ʤʦʜʝʣʽ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ, ʘʣʛʦʨʠʪʤʠ ʨʦʙʦʪʠ ʟ 

ʽʥʬʦʨʤʘʮʽʻʶ ʪʘ ʚʠʟʥʘʯʘʪʠ ʩʧʦʩʦʙʠ ʜʦʩʷʛʥʝʥʥʷ ʧʦʩʪʘʚʣʝʥʠʭ ʟʘʚʜʘʥʴè[4]. 

ɹʨʠʪʘʥʩʴʢʦʶ ɯʥʜʫʩʪʨʽʘʣʴʥʦʶ ʩʪʨʘʪʝʛʽʻʶ ʚʠʟʥʘʯʝʥʦ ʐɯ ʪʘʢʠʤʠ ʪʝʭʥʦʣʦʛʽʷʤʠ, ʷʢʽ ʤʘʶʪʴ 

ʟʜʘʪʥʽʩʪʴ ʜʦ ʚʠʢʦʥʘʥʥʷ ʧʝʚʥʠʭ ʟʘʚʜʘʥʴ, ʷʢʽ ʚʠʤʘʛʘʶʪʴ ʥʘʷʚʥʦʩʪʽ ʣʶʜʩʴʢʦʛʦ ʽʥʪʝʣʝʢʪʫ 

(ʥʘʧʨʠʢʣʘʜ, ʚʽʟʫʘʣʴʥʝ ʩʧʨʠʡʥʷʪʪʷ, ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʤʦʚʣʝʥʥʷ ʪʘ ʧʝʨʝʢʣʘʜ ʤʦʚʠ). ɺ ʝʥʮʠʢʣʦʧʝʜʽʾ 

çɹʨʠʪʘʥʽʢʘè ʐɯ ʧʦʷʩʥʶʻʪʴʩʷ ʷʢ ʤʦʞʣʠʚʽʩʪʴ ʮʠʬʨʦʚʦʛʦ ʢʦʤʧôʶʪʝʨʘ ʘʙʦ ʨʦʙʦʪʘ, ʷʢʠʡ 

ʢʝʨʦʚʘʥʠʡ ʢʦʤʧôʶʪʝʨʦʤ, ʨʝʘʣʽʟʦʚʫʚʘʪʠ ʨʽʟʥʽ ʟʘʚʜʘʥʥʷ, ʷʢʽ, ʷʢ ʧʨʘʚʠʣʦ, ʧʦʚôʷʟʫʶʪʴ ʟ 

ʨʦʟʫʤʥʠʤʠ ʽʩʪʦʪʘʤʠ. ʇʨʦʪʝ, ʥʝ ʟʚʘʞʘʶʯʠ ʥʘ ʪʝ, ʷʢʝ ʥʘ ʷʢʦʤʫ ʚʠʟʥʘʯʝʥʥʽ ʟʫʧʠʥʠʪʠʩʷ, ʨʦʟʚʠʪʦʢ 

ʐɯ ʧʝʨʝʜʙʘʯʘʻ ʧʨʠʙʣʠʟʥʦ ʦʜʥʘʢʦʚʽ ʚʠʤʦʛʠ ʜʦ ʦʩʚʽʪʠ ʽ ʟʤʽʥʠ ʚ ʩʘʤʽʡ ʩʠʩʪʝʤʽ ʦʩʚʽʪʠ[5]. 

ɼʦʩʠʪʴ ʯʘʩʪʦ, ʪʝʨʤʽʥ çʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪè ʪʣʫʤʘʯʠʪʴʩʷ ʷʢ ʟʜʘʪʥʽʩʪʴ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ 

ʩʠʩʪʝʤ ʚʠʢʦʥʫʚʘʪʠ ʬʫʥʢʮʽʾ ʣʶʜʩʴʢʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʟʜʘʪʥʽʩʪʴ ʚʠʙʠʨʘʪʠ ʪʘ ʧʨʠʡʤʘʪʠ ʨʽʰʝʥʥʷ ʥʘ 

ʦʩʥʦʚʽ ʧʦʧʝʨʝʜʥʴʦʛʦ ʥʘʢʦʧʠʯʝʥʦʛʦ ʜʦʩʚʽʜʫ ʪʘ ʨʘʮʽʦʥʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʟʦʚʥʽʰʥʽʭ ʬʘʢʪʦʨʽʚ.  

ɯʥʰʠʤʠ ʩʣʦʚʘʤʠ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʮʝ ʟʜʘʪʥʽʩʪʴ ʤʘʰʠʥ ʩʠʤʫʣʶʚʘʪʠ ʨʦʟʫʤ ʪʘ ʽʤʽʪʫʚʘʪʠ 

ʣʶʜʩʴʢʽ ʢʦʛʥʽʪʠʚʥʽ ʟʜʽʙʥʦʩʪʽ. ʊʦʙʪʦ ʟʙʠʨʘʪʠ ʡ ʘʜʘʧʪʫʚʘʪʠ ʟʦʚʥʽʰʥʽ ʜʘʥʽ, ʘ ʥʘ ʾʭ ʦʩʥʦʚʽ 

ʥʘʚʯʘʪʠʩʷ ʫʭʚʘʣʶʚʘʪʠ ʨʽʰʝʥʥʷ ʪʘ ʨʦʙʠʪʠ ʚʠʩʥʦʚʢʠ, ʷʢ ʤʦʛʣʘ ʙʠ ʣʶʜʠʥʘ[6].  
ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ð ʮʝ ʩʠʩʪʝʤʘ, ʱʦ ʧʨʘʮʶʻ, ʧʦʻʜʥʫʶʯʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ ʜʘʥʠʭ ʟ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʦʙʨʦʙʢʠ. ɸʣʛʦʨʠʪʤʠ ʐɯ ʧʨʘʮʶʶʪʴ ʪʘʢ, ʱʦ ʮʝ ʜʦʟʚʦʣʷʻ ʡʦʤʫ 

ʚʯʠʪʠʩʷ ʥʘ ʦʩʥʦʚʽ ʘʥʘʣʽʟʦʚʘʥʠʭ ʰʘʙʣʦʥʽʚ ʽ ʦʩʦʙʣʠʚʦʩʪʝʡ. ʇʽʜ ʯʘʩ ʢʦʞʥʦʛʦ ʮʠʢʣʫ ʦʙʨʦʙʢʠ 

ʽʥʬʦʨʤʘʮʽʾ, ʩʠʩʪʝʤʘ ʦʮʽʥʶʻ ʩʚʦʶ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʽ ʚʠʢʦʨʠʩʪʦʚʫʻ ʨʝʟʫʣʴʪʘʪʠ ʜʣʷ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ[7].  

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ ʤʦʞʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʟʘʚʜʘʥʴ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʢʦʛʥʽʪʠʚʥʠʭ ʟʜʽʙʥʦʩʪʝʡ, ʪʘʢʠʭ ʷʢ ʘʥʘʣʽʟ ʽʥʬʦʨʤʘʮʽʾ, 
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ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʪʘ ʘʜʘʧʪʘʮʽʷ ʥʘʚʯʘʣʴʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʧʽʜ ʽʥʜʠʚʽʜʫʘʣʴʥʽ ʧʦʪʨʝʙʠ ʫʯʥʽʚ. 

ɿʘʚʜʷʢʠ ʟʜʘʪʥʦʩʪʽ ʩʠʩʪʝʤ ʐɯ ʥʘʚʯʘʪʠʩʷ ʥʘ ʦʩʥʦʚʽ ʥʘʢʦʧʠʯʝʥʦʛʦ ʜʦʩʚʽʜʫ ʪʘ ʦʙʨʦʙʢʠ ʚʝʣʠʢʠʭ 

ʦʙʩʷʛʽʚ ʜʘʥʠʭ, ʚʦʥʠ ʤʦʞʫʪʴ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ, ʧʝʨʩʦʥʘʣʽʟʫʚʘʪʠ 

ʥʘʚʯʘʥʥʷ ʪʘ ʩʧʨʠʷʪʠ ʙʽʣʴʰ ʛʣʠʙʦʢʦʤʫ ʟʘʩʚʦʻʥʥʶ ʟʥʘʥʴ. ʊʘʢʠʤ ʯʠʥʦʤ, ʽʥʪʝʛʨʘʮʽʷ ʐɯ ʚ ʦʩʚʽʪʫ 

ʜʦʟʚʦʣʷʻ ʧʦʻʜʥʫʚʘʪʠ ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʫ ʧʽʜʪʨʠʤʢʫ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ 

ʥʘʚʯʘʥʥʷ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʥʘʟʘʚʞʜʠ ʟʤʽʥʠʚ ʦʩʚʽʪʫ ʚ ʫʩʴʦʤʫ ʩʚʽʪʽ, ʧʨʦ ʮʝ ʛʦʚʦʨʷʪʴ ʧʝʜʘʛʦʛʠ, 

ʥʘʫʢʦʚʮʽ, ʬʫʪʫʨʦʣʦʛʠ ʪʘ ʽʥʰʽ ʝʢʩʧʝʨʪʠ. ʎʽʢʘʚʦ, ʱʦ ʩʘʤʝ ʟʘʨʘʟ ʪʦʯʘʪʴʩʷ ʧʦʪʫʞʥʽ ʜʠʩʢʫʩʽʾ, 

ʧʨʦʙʣʝʤʥʠʤ ʧʠʪʘʥʥʷʤ ʷʢʠʭ ʻ ʪʝ, ʯʦʛʦ ʙʽʣʴʰʝ ʚʽʜ ʮʴʦʛʦ ï ʢʦʨʠʩʪʽ ʯʠ ʰʢʦʜʠ.  

Projector Creative & Tech Institute ʪʘ ʄʘʣʘ ʘʢʘʜʝʤʽʷ ʥʘʫʢ ʋʢʨʘʾʥʠ ʟʘ ʧʽʜʪʨʠʤʢʠ 

ʜʦʩʣʽʜʥʠʮʴʢʦʾ ʢʦʤʧʘʥʽʾ Factum Group Ukraine ʪʘ ʟʘ ʧʽʜʪʨʠʤʢʠ ʄʽʥʽʩʪʝʨʩʪʚʘ ʦʩʚʽʪʠ ʽ ʥʘʫʢʠ 

ʋʢʨʘʾʥʠ ʧʨʦʚʝʣʠ ʚʩʝʫʢʨʘʾʥʩʴʢʝ ʜʦʩʣʽʜʞʝʥʥʷ ʟ ʤʝʪʦʶ ʦʪʨʠʤʘʪʠ ʜʘʥʽ ʧʨʦ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʫʢʨʘʾʥʩʴʢʠʭ ʰʢʦʣʘʭ ʪʘ ʜʦʩʣʽʜʠʪʠ ʧʝʨʩʧʝʢʪʠʚʠ ʡʦʛʦ ʧʦʜʘʣʴʰʦʛʦ 

ʟʘʣʫʯʝʥʥʷ ʚ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ ʥʘ ʨʽʟʥʠʭ ʨʽʚʥʷʭ. ʋʯʘʩʥʠʢʠ ʦʧʠʪʫʚʘʥʥʷ ï ʧʝʜʘʛʦʛʠ ʪʘ ʰʢʦʣʷʨʽ ʟ 

ʨʽʟʥʠʭ ʨʝʛʽʦʥʽʚ ʋʢʨʘʾʥʠ (ʢʨʽʤ ʪʝʨʠʪʦʨʽʡ, ʦʢʫʧʦʚʘʥʠʭ ʨʦʩʽʡʩʴʢʦʶ ʬʝʜʝʨʘʮʽʻʶ). 

ɺ ʦʧʠʪʫʚʘʥʥʽ, ʷʢʝ ʪʨʠʚʘʣʦ ʧʨʦʪʷʛʦʤ ʚʝʨʝʩʥʷ-ʞʦʚʪʥʷ 2023 ʨʦʢʫ, ʚʟʷʣʠ ʫʯʘʩʪʴ ʙʽʣʴʰʝ 

3000 ʫʢʨʘʾʥʮʽʚ. ʉʝʨʝʜ ʥʠʭ 1747 ʫʯʠʪʝʣʽʚ ʪʘ 1443 ʰʢʦʣʷʨʽ (ʫʯʥʽ 8-11 ʢʣʘʩʽʚ). 

ʅʘ ʩʴʦʛʦʜʥʽ ʣʠʰʝ ʤʠʥʽʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʧʝʜʘʛʦʛʽʚ ʥʝ ʯʫʣʠ ʧʨʦ ʤʦʞʣʠʚʦʩʪʽ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ. ɯ ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʦʧʠʪʫʚʘʥʥʷ 7 ʽʟ 10 ʦʩʚʽʪʷʥ ʭʦʯʘ ʙ ʦʜʠʥ ʨʘʟ ʟʘ ʧʽʚ ʨʦʢʫ ʧʝʨʝʚʽʨʷʣʠ, 

ʷʢ ʧʨʘʮʶʶʪʴ ʽʥʩʪʨʫʤʝʥʪʠ ʥʘ ʙʘʟʽ ʐɯ. ɿʘʛʘʣʦʤ 76% ʦʧʠʪʘʥʠʭ ʫʯʠʪʝʣʽʚ ʭʦʯʘ ʙ ʨʘʟ 

ʢʦʨʠʩʪʫʚʘʣʠʩʷ ʐɯ, ʧʦʣʦʚʠʥʘ ʟ ʥʠʭ ʤʘʣʘ ʧʦʟʠʪʠʚʥʠʡ ʜʦʩʚʽʜ ʚʟʘʻʤʦʜʽʾ. 

ɯʟ ʦʛʣʷʜʫ ʥʘ ʪʘʢʽ ʧʦʢʘʟʥʠʢʠ ʤʦʞʥʘ ʩʪʚʝʨʜʞʫʚʘʪʠ, ʱʦ AI-ʪʝʭʥʦʣʦʛʽʾ ʜʫʞʝ ʘʢʪʠʚʥʦ 

ʟʘʣʫʯʘʶʪʴʩʷ ʚ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ, ʽ ʚʽʜʙʫʚʘʻʪʴʩʷ ʮʝ ʥʝ ʚʠʤʫʰʝʥʦ, ʘ ʯʝʨʝʟ ʽʥʰʽ ʬʘʢʪʦʨʠ[8].  

 

 
ʈʠʩʫʥʦʢ 1. ɺʩʝʫʢʨʘʾʥʩʴʢʝ ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʫ ʰʢʽʣʴʥʽʡ ʦʩʚʽʪʽ [8]. 
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ʈʠʩʫʥʦʢ 2. ɺʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚʯʠʪʝʣʷʤʠ[8]. 

 

ʋʯʠʪʝʣʽ ʪʘ ʫʯʥʽ ʟʘʩʪʦʩʦʚʫʶʪʴ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. ʎʝ ʤʦʞʝ ʩʪʦʩʫʚʘʪʠʩʴ ʷʢ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ 

(ʛʝʥʝʨʫʚʘʥʥʷ ʪʝʢʩʪʽʚ, ʟʦʙʨʘʞʝʥʴ, ʪʝʩʪʦʚʠʭ ʧʠʪʘʥʴ, ʘʥʦʪʘʮʽʡ, ʧʨʝʟʝʥʪʘʮʽʡ ʪʦʱʦ), ʪʘʢ ʽ 

ʧʨʝʜʠʢʪʠʚʥʦʛʦ (ʘʥʘʣʽʟ ʫʩʧʽʰʥʦʩʪʽ ʫʯʥʽʚ ʪʘ ʧʨʦʧʦʥʫʚʘʥʥʷ ʦʧʪʠʤʘʣʴʥʠʭ ʩʪʨʘʪʝʛʽʡ ʾʾ 

ʧʦʢʨʘʱʝʥʥʷ). 

ɼʦ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʨʽʰʝʥʴ ʥʘ ʙʘʟʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʷʢʽ ʤʦʞʫʪʴ ʜʦʧʦʤʦʛʪʠ 

ʦʨʛʘʥʽʟʫʚʘʪʠ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ, ʚʽʜʥʦʩʷʪʴʩʷ ʨʽʟʥʦʤʘʥʽʪʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʦʮʽʥʶʚʘʥʥʷ, 

ʧʨʦʜʫʢʫʚʘʥʥʷ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ ʢʦʤʝʥʪʘʨʽʚ ʪʘ ʚʽʜʛʫʢʽʚ, ʘ ʪʘʢʦʞ, ʜʣʷ ʧʨʠʢʣʘʜʫ, ʩʠʩʪʝʤʠ 

ʩʪʚʦʨʝʥʥʷ ʪʘ ʫʟʛʦʜʞʝʥʥʷ ʨʦʟʢʣʘʜʽʚ. 

ɺʘʞʣʠʚʦ ʥʝ ʟʘʙʫʚʘʪʠ ʧʨʦ ʥʝʦʙʭʽʜʥʽʩʪʴ ʢʨʠʪʠʯʥʦʛʦ ʦʮʽʥʶʚʘʥʥʷ ʟʛʝʥʝʨʦʚʘʥʠʭ ʧʨʦʜʫʢʪʽʚ 

ʐɯ, ʘ ʪʘʢʦʞ ʧʨʦ ʧʨʠʥʮʠʧʠ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʧʨʠ ʢʦʨʠʩʪʫʚʘʥʥʽ ʥʠʤʠ[9]. 

ɹʝʟʩʫʤʥʽʚʥʦ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʰʚʠʜʢʦ ʟʤʽʥʶʻ ʦʩʚʽʪʥʶ ʩʬʝʨʫ, ʚʽʜʢʨʠʚʘʶʯʠ ʥʦʚʽ 

ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʷʢ ʥʘʚʯʘʥʥʷ, ʪʘʢ ʽ ʚʠʢʣʘʜʘʥʥʷ. ɿʘʚʜʷʢʠ ʮʠʤ ʪʝʭʥʦʣʦʛʽʷʤ ʫʯʠʪʝʣʽ 

ʦʪʨʠʤʫʶʪʴ ʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʩʚʦʻʾ ʨʦʙʦʪʠ ʪʘ ʩʪʚʦʨʝʥʥʷ ʮʽʢʘʚʦʾ, ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʪʘ 

ʷʢʽʩʥʦʾ ʥʘʚʯʘʣʴʥʦʾ ʧʨʦʛʨʘʤʠ, ʘ ʫʯʥʽ ð ʤʦʞʣʠʚʽʩʪʴ ʥʘʚʯʘʪʠʩʷ ʫ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʦʤʫ, 

ʘʜʘʧʪʠʚʥʦʤʫ ʪʘ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

ɿ'ʷʚʣʷʻʪʴʩʷ ʱʦʨʘʟ ʙʽʣʴʰʝ ʪʝʭʥʦʣʦʛʽʡ, ʱʦ ʧʦʢʣʠʢʘʥʽ ʩʧʨʦʩʪʠʪʠ ʪʘ ʧʦʢʨʘʱʠʪʠ ʧʨʦʮʝʩ 

ʥʘʚʯʘʥʥʷ. 

1) ʅʘʡʧʨʦʩʪʽʰʝ, ʟ ʯʠʤ ʤʦʞʝ ʜʦʧʦʤʦʛʪʠ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ï ʮʝ ʩʪʚʦʨʝʥʥʷ ʧʣʘʥʽʚ 

ʫʨʦʢʽʚ ʽ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ. ɼʦ ʧʨʠʢʣʘʜʫ, ʥʘ ʧʣʘʪʬʦʨʤʘʭ, ʱʦ ʛʝʥʝʨʫʶʪʴ ʽʥʬʦʨʤʘʮʽʶ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʷʢ-ʦʪ ChatGPT  ʘʙʦ Google Gemini, ʤʦʞʥʘ ʚʚʝʩʪʠ ʪʝʤʫ ʫʨʦʢʫ 

ʪʘ ʙʘʞʘʥʫ ʪʨʠʚʘʣʽʩʪʴ ʡ ʦʪʨʠʤʘʪʠ ʩʪʨʫʢʪʫʨʫ ʟʘʥʷʪʪʷ, ʧʨʠʢʣʘʜʠ ʟʘʚʜʘʥʴ, ʧʠʪʘʥʥʷ ʜʣʷ 

ʦʙʛʦʚʦʨʝʥʥʷ, ʽʥʪʝʨʘʢʪʠʚʥʽ ʝʣʝʤʝʥʪʠ. 

2) ʇʣʘʪʬʦʨʤʠ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʚʽʟʫʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʜʦʧʦʤʦʞʫʪʴ ʰʚʠʜʢʦ ʩʪʚʦʨʠʪʠ ʩʣʘʡʜʠ, ʽʥʬʦʛʨʘʬʽʢʫ ʘʙʦ ʥʘʚʽʪʴ ʽʣʶʩʪʨʘʮʽʾ ʜʦ ʪʝʤʠ. 

ɿʦʢʨʝʤʘ, ʫ Canva ʤʦʞʥʘ ʩʬʦʨʤʫʚʘʪʠ ʟʘʧʠʪ ʩʪʚʦʨʠ ʧʨʝʟʝʥʪʘʮʽʶ. 

3) ɿʘʤʽʩʪʴ ʦʜʥʘʢʦʚʠʭ ʪʝʢʩʪʽʚ ʜʣʷ ʚʩʽʭ, ʤʦʞʥʘ ʟʘʧʨʦʧʦʥʫʚʘʪʠ ʫʯʥʷʤ ʥʘʚʯʘʣʴʥʽ 

ʤʘʪʝʨʽʘʣʠ, ʘʜʘʧʪʦʚʘʥʽ ʧʽʜ ʾʭʥʽʡ ʨʽʚʝʥʴ ʨʦʟʫʤʽʥʥʷ. ʅʘʧʨʠʢʣʘʜ, ʟʘ ʜʦʧʦʤʦʛʦʶ Diffit ʤʦʞʥʘ ʚʟʷʪʠ 

ʽ ʦʙʨʦʙʠʪʠ ʩʢʣʘʜʥʠʡ ʜʣʷ ʩʧʨʠʡʥʷʪʪʷ ʪʝʢʩʪ. ɸʚʪʦʤʘʪʠʯʥʝ ʩʪʚʦʨʝʥʥʷ ʟʘʚʜʘʥʴ ʽ ʪʝʩʪʽʚ. 
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4) ɺʠʪʨʘʯʘʪʠ ʙʘʛʘʪʦ ʛʦʜʠʥ ʥʘ ʧʦʰʫʢ ʯʠ ʩʪʚʦʨʝʥʥʷ ʟʘʚʜʘʥʴ ʪʘ ʪʝʩʪʽʚ ʙʽʣʴʰʝ ʥʝ 

ʦʙʦʚ'ʷʟʢʦʚʦ.  ʊʘʢʽ ʧʣʘʪʬʦʨʤʠ, ʷʢ QuestionWell ʯʠ Testportal ʧʨʦʧʦʥʫʶʪʴ ʤʦʞʣʠʚʽʩʪʴ ʚʚʝʩʪʠ 

ʪʝʤʫ ʘʙʦ ʪʝʢʩʪ, ʱʦʙ ʘʚʪʦʤʘʪʠʯʥʦ ʩʪʚʦʨʠʪʠ ʪʝʩʪʠ, ʚʽʜʢʨʠʪʽ ʧʠʪʘʥʥʷ ʘʙʦ ʟʘʚʜʘʥʥʷ ʨʽʟʥʦʛʦ ʨʽʚʥʷ. 

5) ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ ʥʝ ʪʽʣʴʢʠ ʜʦʧʦʤʘʛʘʪʠ ʛʝʥʝʨʫʚʘʪʠ ʥʦʚʽ ʤʘʪʝʨʽʘʣʠ, ʘ ʡ 

ʦʙʨʦʙʣʷʪʠ ʚʞʝ ʚʠʢʦʥʘʥʽ ʟʘʚʜʘʥʥʷ. ʊʘʢʽ ʨʝʩʫʨʩʠ, ʷʢ Grammarly ʯʠ LanguageTool ʤʦʞʥʘ 

ʚʠʢʦʨʠʩʪʘʪʠ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʛʨʘʤʘʪʠʢʠ ʯʠ ʣʦʛʽʢʠ ʪʝʢʩʪʽʚ ʫʯʥʽʚ, ʘ ChatGPT ʚ ʨʦʣʽ ʨʝʜʘʢʪʦʨʘ 

ʤʦʞʥʘ ʧʦʧʨʦʩʠʪʠ ʧʽʜʢʘʟʘʪʠ ʽʜʝʾ ʜʣʷ ʬʽʜʙʝʢʫ. 

6) ɿʙʝʨʽʛʘʪʠ ʰʘʙʣʦʥʠ ʧʣʘʥʽʚ ʫʨʦʢʽʚ, ʩʧʠʩʢʠ ʟʘʚʜʘʥʴ, ʽʜʝʾ ʜʣʷ ʤʘʡʙʫʪʥʽʭ ʪʝʤ ʪʝʧʝʨ 

ʤʦʞʥʘ ʥʝ ʪʽʣʴʢʠ ʚ ʧʠʩʴʤʦʚʦʤʫ ʚʠʛʣʷʜʽ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʟʦʢʨʝʤʘ Notion AI ʯʠ Trello, 

ʜʦʧʦʤʦʞʫʪʴ ʩʪʨʫʢʪʫʨʫʚʘʪʠ ʾʭ, ʟʨʦʙʠʪʠ ʥʦʪʘʪʢʠ ʟ ʥʘʨʘʜʠ, ʧʽʜʛʦʪʫʚʘʪʠ ʟʚʽʪ ʘʙʦ 

ʫʟʘʛʘʣʴʥʝʥʥʷ[10]. 

ʑʦʙ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʚ ʝʬʝʢʪʠʚʥʠʤ ʧʦʤʽʯʥʠʢʦʤ ʫ ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ, ʘ ʥʝ 

ʜʞʝʨʝʣʦʤ ʨʠʟʠʢʽʚ, ʩʣʽʜ ʜʦʪʨʠʤʫʚʘʪʠʩʷ ʢʽʣʴʢʦʭ ʚʘʞʣʠʚʠʭ ʧʨʠʥʮʠʧʽʚ. ʇʦ-ʧʝʨʰʝ, ʥʝ ʤʦʞʥʘ 

ʚʥʦʩʠʪʠ ʧʝʨʩʦʥʘʣʴʥʽ ʜʘʥʽ ʫʯʥʽʚ ʘʙʦ ʽʥʰʫ ʯʫʪʣʠʚʫ ʽʥʬʦʨʤʘʮʽʶ ʚ ʟʘʛʘʣʴʥʦʜʦʩʪʫʧʥʽ ʧʣʘʪʬʦʨʤʠ, 

ʘʜʞʝ ʮʝ ʩʪʚʦʨʶʻ ʨʠʟʠʢ ʧʦʨʫʰʝʥʥʷ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ. ʇʦ-ʜʨʫʛʝ, ʨʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʐɯ ʥʝ 

ʟʘʚʞʜʠ ʻ ʪʦʯʥʠʤʠ, ʪʦʤʫ ʚʘʞʣʠʚʦ ʧʝʨʝʚʽʨʷʪʠ ʬʘʢʪʠ, ʦʩʦʙʣʠʚʦ ʧʽʜ ʯʘʩ ʨʦʙʦʪʠ ʟ ʥʘʫʢʦʚʠʤʠ ʯʠ 

ʽʩʪʦʨʠʯʥʠʤʠ ʪʝʤʘʤʠ. ʇʦ-ʪʨʝʪʻ, ʚʘʨʪʦ ʧʘʤôʷʪʘʪʠ, ʱʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ï ʮʝ ʣʠʰʝ ʽʥʩʪʨʫʤʝʥʪ, 

ʽ ʡʦʛʦ ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʘʣʝʞʠʪʴ ʚʽʜ ʪʦʛʦ, ʷʢ ʩʘʤʝ ʡʦʛʦ ʽʥʪʝʛʨʫʚʘʪʠ ʫ ʚʣʘʩʥʫ ʧʝʜʘʛʦʛʽʯʥʫ ʧʨʘʢʪʠʢʫ. 

ʊʝʭʥʦʣʦʛʽʾ ʥʝ ʟʘʤʽʥʶʶʪʴ ʚʯʠʪʝʣʷ, ʘʣʝ ʜʦʟʚʦʣʷʶʪʴ ʙʫʪʠ ʧʨʦʜʫʢʪʠʚʥʽʰʠʤ, ʧʨʠʜʽʣʷʪʠ ʙʽʣʴʰʝ 

ʫʚʘʛʠ ʪʚʦʨʯʦʩʪʽ, ʧʽʜʪʨʠʤʮʽ ʫʯʥʽʚ ʪʘ ʨʦʟʚʠʪʢʫ ʾʭʥʴʦʛʦ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ. ɼʦʪʨʠʤʘʥʥʷ ʮʠʭ 

ʧʨʘʚʠʣ ʜʦʧʦʤʘʛʘʻ ʧʝʨʝʪʚʦʨʠʪʠ ʐɯ ʥʘ ʩʧʨʘʚʞʥʴʦʛʦ ʩʦʶʟʥʠʢʘ ʚ ʦʩʚʽʪʽ, ʧʽʜʚʠʱʫʶʯʠ ʷʢʽʩʪʴ ʽ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʚʽʜʢʨʠʚʘʻ ʧʝʜʘʛʦʛʘʤ ʤʘʡʞʝ ʥʝʦʙʤʝʞʝʥʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʩʪʚʦʨʝʥʥʷ 

ʷʢʽʩʥʦʛʦ ʪʘ ʫʥʽʢʘʣʴʥʦʛʦ ʥʘʚʯʘʣʴʥʦʛʦ ʢʦʥʪʝʥʪʫ, ʧʽʜʛʦʪʦʚʢʠ ʜʦ ʟʘʥʷʪʴ ʽ ʨʦʟʨʦʙʢʠ ʤʝʪʦʜʠʯʥʠʭ 

ʤʘʪʝʨʽʘʣʽʚ. ɺʦʜʥʦʯʘʩ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʦʪʨʝʙʫʻ ʦʙʝʨʝʞʥʦʩʪʽ, ʘʜʞʝ ʥʝʧʨʘʚʠʣʴʥʝ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʧʦʨʫʰʝʥʴ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʚʢʣʶʯʥʦ ʟ 

ʬʘʣʴʩʠʬʽʢʘʮʽʻʶ ʯʠ ʦʙʤʘʥʦʤ, ʱʦ ʥʝʛʘʪʠʚʥʦ ʚʧʣʠʥʝ ʥʘ ʨʝʧʫʪʘʮʽʶ ʚʠʢʣʘʜʘʯʘ. ʇʨʦʪʝ ʧʨʠ 

ʚʽʜʧʦʚʽʜʘʣʴʥʦʤʫ ʡ ʩʚʽʜʦʤʦʤʫ ʚʠʢʦʨʠʩʪʘʥʥʽ ʪʘʢʠʭ ʪʝʭʥʦʣʦʛʽʡ ʤʦʞʥʘ ʫʥʠʢʥʫʪʠ ʮʠʭ ʨʠʟʠʢʽʚ ʽ 

ʟʥʘʯʥʦ ʧʽʜʚʠʱʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ. 

ʇʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ ʚʘʞʣʠʚʦ ʜʦʪʨʠʤʫʚʘʪʠʩʷ 

ʧʨʠʥʮʠʧʽʚ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ. ʅʘʩʘʤʧʝʨʝʜ, ʥʝ ʩʣʽʜ ʢʦʧʽʶʚʘʪʠ ʯʫʞʽ ʨʦʙʦʪʠ ʪʘ ʧʦʜʘʚʘʪʠ 

ʨʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʐɯ ʷʢ ʚʣʘʩʥʽ ʙʝʟ ʥʘʣʝʞʥʦʛʦ ʦʬʦʨʤʣʝʥʥʷ, ʟʘʚʞʜʠ ʥʝʦʙʭʽʜʥʦ ʚʢʘʟʫʚʘʪʠ 

ʜʞʝʨʝʣʘ, ʱʦ ʜʦʧʦʤʘʛʘʻ ʥʝ ʣʠʰʝ ʜʦʪʨʠʤʫʚʘʪʠʩʷ ʝʪʠʢʠ, ʘ ʡ ʢʨʘʱʝ ʟʘʩʚʦʶʚʘʪʠ ʤʘʪʝʨʽʘʣ. 

ɯʥʬʦʨʤʘʮʽʷ, ʦʪʨʠʤʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʐɯ, ʤʦʞʝ ʙʫʪʠ ʥʝʪʦʯʥʦʶ ʘʙʦ ʟʘʩʪʘʨʽʣʦʶ, ʪʦʤʫ ʬʘʢʪʠ ʪʘ 

ʜʘʥʽ ʟʘʚʞʜʠ ʩʣʽʜ ʧʝʨʝʚʽʨʷʪʠ ʟ ʥʘʜʽʡʥʠʭ ʜʞʝʨʝʣ. ʐɯ ʩʣʽʜ ʨʦʟʛʣʷʜʘʪʠ ʷʢ ʧʦʤʽʯʥʠʢʘ: ʚʽʥ ʤʦʞʝ 

ʜʦʧʦʤʦʛʪʠ ʟʨʦʟʫʤʽʪʠ ʩʢʣʘʜʥʽ ʪʝʤʠ, ʘʣʝ ʬʦʨʤʫʣʶʚʘʪʠ ʚʣʘʩʥʽ ʜʫʤʢʠ ʥʝʦʙʭʽʜʥʦ ʩʘʤʦʩʪʽʡʥʦ, ʱʦ 

ʩʧʨʠʷʻ ʨʦʟʚʠʪʢʫ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ. ʅʝ ʩʣʽʜ ʟʣʦʚʞʠʚʘʪʠ ʐɯ, ʘʜʞʝ ʥʘʜʤʽʨʥʝ ʧʦʢʣʘʜʘʥʥʷ ʥʘ 

ʥʴʦʛʦ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʚʪʨʘʪʠ ʚʘʞʣʠʚʠʭ ʥʘʚʠʯʦʢ. ʂʨʽʤ ʪʦʛʦ, ʩʣʽʜ ʧʘʤôʷʪʘʪʠ ʧʨʦ ʝʪʠʯʥʝ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʽʻʾ ʪʝʭʥʦʣʦʛʽʾ: ʩʪʚʦʨʝʥʥʷ ʤʘʪʝʨʽʘʣʽʚ, ʱʦ ʧʨʠʥʠʞʫʶʪʴ ʘʙʦ ʦʙʨʘʞʘʶʪʴ ʽʥʰʠʭ 

ʣʶʜʝʡ, ʻ ʥʝʧʨʠʧʫʩʪʠʤʠʤ. ɼʦʪʨʠʤʘʥʥʷ ʮʠʭ ʧʨʘʚʠʣ ʜʦʧʦʤʘʛʘʻ ʧʝʜʘʛʦʛʘʤ ʪʘ ʫʯʥʷʤ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʐɯ ʝʬʝʢʪʠʚʥʦ, ʚʽʜʧʦʚʽʜʘʣʴʥʦ ʪʘ ʟ ʧʦʚʘʛʦʶ ʜʦ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ[11]. 

ɿʚʠʯʘʡʥʦ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ ʟʥʘʯʥʦ ʧʽʜʩʠʣʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʥʘʚʯʘʣʴʥʦʛʦ 

ʧʨʦʮʝʩʫ, ʘʣʝ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʦʪʨʝʙʫʻ ʟʚʘʞʝʥʦʛʦ ʡ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʧʽʜʭʦʜʫ, ʱʦʙ ʟʙʝʨʝʛʪʠ 

ʘʢʘʜʝʤʽʯʥʫ ʜʦʙʨʦʯʝʩʥʽʩʪʴ ʪʘ ʧʨʦʬʝʩʽʡʥʫ ʨʝʧʫʪʘʮʽʶ ʧʝʜʘʛʦʛʘ. 

ʇʦʥʷʪʪʷ ʧʨʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʨʦʟʚʠʚʘʻʪʴʩʷ ʷʢʱʦ ʥʝ ʱʦʜʥʷ, ʪʦ ʱʦʪʠʞʥʷ. ʆʯʽʢʫʻʪʴʩʷ, 

ʱʦ ʐɯ ʧʨʦʜʦʚʞʠʪʴ ʨʦʟʚʠʚʘʪʠʩʷ ʟʽ ʰʚʠʜʢʽʩʪʶ, ʷʢʘ ʤʦʞʝ ʟʥʘʯʥʦ ʧʝʨʝʚʠʱʠʪʠ ʥʘʰʽ ʥʘʡʩʤʽʣʠʚʽʰʽ 

ʧʨʦʛʥʦʟʠ. ʆʩʴ ʜʝʷʢʽ ʢʣʶʯʦʚʽ ʥʘʧʨʷʤʢʠ, ʷʢʽ ʤʦʞʫʪʴ ʚʧʣʠʥʫʪʠ ʥʘ ʤʘʡʙʫʪʥʽʡ ʨʦʟʚʠʪʦʢ ʐɯ. 
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ʆʩʚʽʪʘ ʚʽʜʽʛʨʘʻ ʚʘʞʣʠʚʫ ʨʦʣʴ ʫ ʨʦʟʚʠʪʢʫ ʐɯ, ʽ ʦʯʽʢʫʻʪʴʩʷ, ʱʦ ʡʦʛʦ ʤʝʪʦʜʠ ʪʘ ʘʣʛʦʨʠʪʤʠ 

ʩʪʘʥʫʪʴ ʚʩʝ ʙʽʣʴʰ ʩʢʣʘʜʥʠʤʠ ʪʘ ʝʬʝʢʪʠʚʥʠʤʠ. ʑʝ ʦʜʥʠʤ ʽʟ ʚʠʟʥʘʯʥʠʭ ʪʨʝʥʜʽʚ ʻ ʟʨʦʩʪʘʥʥʷ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʚʪʦʥʦʤʥʠʭ ʩʠʩʪʝʤ ʫ ʨʽʟʥʠʭ ʩʬʝʨʘʭ, ʚʽʜ ʘʚʪʦʤʦʙʽʣʴʥʦʾ ʧʨʦʤʠʩʣʦʚʦʩʪʽ ʜʦ 

ʤʝʜʠʮʠʥʠ. 

ɺʠʥʠʢʘʻ ʚʩʝ ʙʽʣʴʰʝ ʧʠʪʘʥʴ ʧʨʦ ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ, ʘ ʪʘʢʦʞ ʧʨʦ ʙʝʟʧʝʢʫ  

ʪʘ ʟʘʭʠʩʪ ʧʨʠʚʘʪʥʦʩʪʽ ʚ ʮʠʬʨʦʚʦʤʫ ʩʚʽʪʽ. ɯ ʥʘʜ ʮʠʤ ʩʚʽʪ ʙʫʜʝ ʧʨʘʮʶʚʘʪʠ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʻ ʯʘʩʪʠʥʦʶ ʥʘʰʦʛʦ ʞʠʪʪʷ, ʩʧʨʦʱʫʶʯʠ ʙʘʛʘʪʦ ʟʘʚʜʘʥʴ ʽ ʚʽʜʢʨʠʚʘʶʯʠ 

ʥʦʚʽ ʤʦʞʣʠʚʦʩʪʽ ʚ ʨʽʟʥʠʭ ʛʘʣʫʟʷʭ, ʚʽʜ ʦʩʚʽʪʠ ʜʦ ʪʨʘʥʩʧʦʨʪʫ. ʇʨʦʪʝ, ʨʘʟʦʤ ʟ ʨʦʟʚʠʪʢʦʤ ʐɯ, 

ʚʠʥʠʢʘʶʪʴ ʧʠʪʘʥʥʷ ʙʝʟʧʝʢʠ ʜʘʥʠʭ ʽ ʝʪʠʢʠ. ɺʘʞʣʠʚʦ ʩʪʚʦʨʶʚʘʪʠ ʘʣʛʦʨʠʪʤʠ, ʷʢʽ ʚʨʘʭʦʚʫʶʪʴ ʮʽ 

ʘʩʧʝʢʪʠ, ʱʦʙ ʫʥʠʢʥʫʪʠ ʥʝʛʘʪʠʚʥʠʭ ʥʘʩʣʽʜʢʽʚ. ɺʽʜʧʦʚʽʜʘʣʴʥʠʡ ʧʽʜʭʽʜ ʜʦ ʐɯ ʜʦʧʦʤʦʞʝ 

ʟʙʘʣʘʥʩʫʚʘʪʠ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʧʨʦʛʨʝʩ ʽ ʝʪʠʯʥʽ ʩʪʘʥʜʘʨʪʠ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʡʦʛʦ ʫʩʧʽʰʥʝ ʽ ʙʝʟʧʝʯʥʝ 

ʚʧʨʦʚʘʜʞʝʥʥʷ[7]. 

ɺʀʉʅʆɺʂʀ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʻ ʥʝʚʽʜôʻʤʥʦʶ ʩʢʣʘʜʦʚʦʶ ʩʫʯʘʩʥʦʛʦ ʩʚʽʪʫ, ʪʦʞ ʽ ʦʩʚʽʪʘ ʤʘʻ 

ʚʨʘʭʦʚʫʚʘʪʠ ʡʦʛʦ ʚʧʣʠʚ ʪʘ ʤʦʞʣʠʚʦʩʪʽ. ɯʛʥʦʨʫʚʘʪʠ ʮʽ ʪʝʭʥʦʣʦʛʽʾ ʯʠ ʯʝʢʘʪʠ ʥʘ ʾʭʥʻ ʟʥʠʢʥʝʥʥʷ 

ð ʤʘʨʥʦ, ʘʜʞʝ ʚʦʥʠ ʚʞʝ ʟʤʽʥʶʶʪʴ ʚʠʤʦʛʠ ʜʦ ʧʨʦʬʝʩʽʡ ʽ ʧʝʨʝʣʽʢ ʫʤʽʥʴ, ʷʢʠʤʠ ʤʘʻ ʚʦʣʦʜʽʪʠ 

ʬʘʭʽʚʝʮʴ. ʉʴʦʛʦʜʥʽ ʚʘʞʣʠʚʦ ʨʦʟʚʠʚʘʪʠ ʪʽ ʥʘʚʠʯʢʠ, ʱʦ ʤʝʥʰ ʧʽʜʜʘʶʪʴʩʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ: 

ʢʨʠʪʠʯʥʝ ʤʠʩʣʝʥʥʷ, ʫʤʽʥʥʷ ʚʯʠʪʠʩʷ, ʛʥʫʯʢʽʩʪʴ, ʟʜʘʪʥʽʩʪʴ ʘʜʘʧʪʫʚʘʪʠʩʷ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦ 

ʧʨʘʮʶʚʘʪʠ ʟ ʽʥʬʦʨʤʘʮʽʻʶ. ʐɯ ʧʨʠʥʦʩʠʪʴ ʚ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ ʥʝ ʣʠʰʝ ʯʠʩʣʝʥʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ 

ʩʪʚʦʨʝʥʥʷ ʢʦʥʪʝʥʪʫ, ʘ ʡ ʘʢʪʫʘʣʽʟʫʻ ʮʽʥʥʽʩʪʴ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʫʩʚʽʜʦʤʣʝʥʦʛʦ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʽ ʨʦʣʽ ʧʝʜʘʛʦʛʘ ʚ ʫʤʦʚʘʭ ʰʚʠʜʢʠʭ ʟʤʽʥ. 

ʌʦʨʤʫʶʯʠ ʚʣʘʩʥʫ ʩʪʨʘʪʝʛʽʶ ʨʦʙʦʪʠ ʽʟ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ, ʚʘʞʣʠʚʦ ʪʨʠʤʘʪʠ ʫ ʬʦʢʫʩʽ 

ʫʚʘʛʠ ʚʝʩʴ ʩʧʝʢʪʨ ʮʠʭ ʧʨʦʙʣʝʤʥʠʭ ʧʠʪʘʥʴ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʚʠʪʴ ʥʝ ʣʠʰʝ ʧʠʪʘʥʥʷ ʧʨʦ ʪʝ, 

ʷʢʠʡ ʯʝʨʛʦʚʠʡ ʽʥʩʪʨʫʤʝʥʪ ʚʠʢʦʨʠʩʪʘʪʠ ʯʠ ʷʢ ʟʘʧʦʙʽʛʪʠ ʩʧʠʩʫʚʘʥʥʶ, ʘʣʝ ʡ ʧʨʦ ʪʝ, ʥʘʩʢʽʣʴʢʠ 

ʤʦʞʣʠʚʦ ʟʘʤʽʥʠʪʠ ʚʯʠʪʝʣʷ ʫ ʧʨʦʮʝʩʽ ʥʘʚʯʘʥʥʷ, ʽ ʱʦ ʚʟʘʛʘʣʽ ʦʟʥʘʯʘʻ ʦʩʚʽʪʘ ʚ ʝʨʫ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ[9]. 

ʋ ʭʦʜʽ ʧʨʦʚʝʜʝʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʜʦʩʷʛʥʫʪʦ ʧʦʩʪʘʚʣʝʥʦʾ ʤʝʪʠ, ʷʢʘ ʧʦʣʷʛʘʣʘ ʫ 

ʟôʷʩʫʚʘʥʥʽ ʦʩʦʙʣʠʚʦʩʪʝʡ ʽʥʪʝʛʨʘʮʽʾ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ, 

ʘʥʘʣʽʟʽ ʾʭ ʚʧʣʠʚʫ ʥʘ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ, ʘ ʪʘʢʦʞ ʫ ʚʠʟʥʘʯʝʥʥʽ ʤʦʞʣʠʚʦʩʪʝʡ ʽ ʚʠʢʣʠʢʽʚ, 

ʧʦʚôʷʟʘʥʠʭ ʽʟ ʚʧʨʦʚʘʜʞʝʥʥʷʤ ʐɯ ʚ ʦʩʚʽʪʫ. ʋ ʩʪʘʪʪʽ ʟʜʽʡʩʥʝʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʘʥʘʣʽʟ ʩʫʯʘʩʥʠʭ 

ʪʝʥʜʝʥʮʽʡ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʦʢʨʝʩʣʝʥʦ ʢʣʶʯʦʚʽ ʥʘʧʨʷʤʠ ʡʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ 

ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩʽ ʪʘ ʦʭʘʨʘʢʪʝʨʠʟʦʚʘʥʦ ʽʥʩʪʨʫʤʝʥʪʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʝʨʩʦʥʘʣʽʟʘʮʽʶ, 

ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ. 

ʅʘ ʦʩʥʦʚʽ ʫʟʘʛʘʣʴʥʝʥʥʷ ʜʦʩʣʽʜʞʝʥʴ ʽ ʧʨʘʢʪʠʢ ʚʩʪʘʥʦʚʣʝʥʦ ʦʩʥʦʚʥʽ ʧʝʨʝʚʘʛʠ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ, ʩʝʨʝʜ ʷʢʠʭ ð ʽʥʜʠʚʽʜʫʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ, ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʦʮʽʥʶʚʘʥʥʷ, 

ʦʧʪʠʤʽʟʘʮʽʷ ʧʝʜʘʛʦʛʽʯʥʦʾ ʜʽʷʣʴʥʦʩʪʽ ʪʘ ʩʪʚʦʨʝʥʥʷ ʥʦʚʦʛʦ ʬʦʨʤʘʪʫ ʚʟʘʻʤʦʜʽʾ ʤʽʞ ʫʯʘʩʥʠʢʘʤʠ 

ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. ɺʦʜʥʦʯʘʩ ʚʠʷʚʣʝʥʦ ʽ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʨʠʟʠʢʠ, ʧʦʚôʷʟʘʥʽ ʟ ʝʪʠʯʥʠʤʠ 

ʘʩʧʝʢʪʘʤʠ, ʟʘʭʠʩʪʦʤ ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ, ʟʘʙʝʟʧʝʯʝʥʥʷʤ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʪʘ 

ʤʦʞʣʠʚʽʩʪʶ ʬʦʨʤʫʚʘʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ. 
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https://naurok.com.ua/pamyatka-dlya-zdobuvachiv-osviti-akademichna-dobrochesnist-ta-shtuchniy-intelekt-

447435.html. (ʜʘʪʘ ʟʚʝʨʥʝʥʥʷ: 28.11.2025). 
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ɻʫʩʘʢʦʚʩʴʢʠʡ ɯ.ʇ. (ʎʝʥʪʨʘʣʴʥʠʡ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʡ ʽʥʩʪʠʪʫʪ ʦʟʙʨʦʻʥʥʷ ʪʘ ʚʽʡʩʴʢʦʚʦʾ 

ʪʝʭʥʽʢʠ ɿʙʨʦʡʥʠʭ ʉʠʣ ʋʢʨʘʾʥʠ, ʂʠʾʚ, ʋʢʨʘʾʥʘ).   

 

ʇɽʈʉʇɽʂʊʀ ʊɸ ʈʀɿʀʂʀ ɺʇʈʆɺɸɼɾɽʅʅʗ ɺɽʃʀʂʀʍ ʄʆɺʅʀʍ ʄʆɼɽʃɽʁ ɺ 

ɽʃɽʂʊʈʆʅʅʀʁ ʅɸʋʂʆɺʀʁ ɾʋʈʅɸʃ ʅɸ ʇʃɸʊʌʆʈʄɯ OPEN JOURNAL 

SYSTEMS. 

 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʧʝʨʩʧʝʢʪʠʚʠ ʽʥʪʝʛʨʘʮʽʾ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ (ɺʄʄ), 

ʟʦʢʨʝʤʘ Google Gemini, ʫ ʧʣʘʪʬʦʨʤʫ ʝʣʝʢʪʨʦʥʥʠʭ ʥʘʫʢʦʚʠʭ ʞʫʨʥʘʣʽʚ Open Journal Systems (OJS). 

ɺʠʟʥʘʯʝʥʦ ʢʣʶʯʦʚʽ ʦʙʤʝʞʝʥʥʷ ʪʨʘʜʠʮʽʡʥʠʭ ʤʝʭʘʥʽʟʤʽʚ OJS, ʱʦ ʟʚʦʜʷʪʴʩʷ ʜʦ ʟʘʩʪʘʨʽʣʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ 

ʧʦʰʫʢʫ, ʨʫʯʥʦʾ ʦʙʨʦʙʢʠ ʤʘʪʝʨʽʘʣʽʚ ʪʘ ʥʠʟʴʢʦʛʦ ʨʽʚʥʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʨʝʜʘʢʮʽʡʥʦʛʦ ʧʨʦʮʝʩʫ. ɿ ʦʛʣʷʜʫ ʥʘ 

ʧʦʪʨʝʙʠ ʦʙʦʨʦʥʥʦʾ ʩʬʝʨʠ, ʜʝ ʰʚʠʜʢʽʩʪʴ ʦʙʨʦʙʢʠ ʥʘʫʢʦʚʦʾ ʽʥʬʦʨʤʘʮʽʾ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʦʶ, 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʢʦʥʮʝʧʮʽʶ ʧʝʨʝʪʚʦʨʝʥʥʷ OJS ʟʽ ʩʪʘʪʠʯʥʦʛʦ ʘʨʭʽʚʫ ʚ ʽʥʪʝʨʘʢʪʠʚʥʫ ʙʘʟʫ ʟʥʘʥʴ. 

ʇʦʢʘʟʘʥʦ, ʱʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ɺʄʄ ʟʘʙʝʟʧʝʯʫʻ ʥʦʚʠʡ ʨʽʚʝʥʴ ʬʫʥʢʮʽʦʥʘʣʴʥʦʩʪʽ: ʩʝʤʘʥʪʠʯʥʠʡ ʧʦʰʫʢ ʟʘ 

ʟʤʽʩʪʦʤ, ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʬʦʨʤʘʣʴʥʠʭ ʧʝʨʝʚʽʨʦʢ ʩʪʘʪʝʡ, ʧʽʜʛʦʪʦʚʢʫ ʙʘʛʘʪʦʤʦʚʥʠʭ ʘʥʦʪʘʮʽʡ, 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʚʠʙʽʨ ʨʝʮʝʥʟʝʥʪʽʚ ʥʘ ʦʩʥʦʚʽ ʥʘʫʢʦʚʠʭ ʧʨʦʬʽʣʽʚ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʜʦʩʪʫʧʥʦʩʪʽ ʢʦʥʪʝʥʪʫ 

ʯʝʨʝʟ ʛʝʥʝʨʘʮʽʶ ʧʦʷʩʥʝʥʴ ʧʨʠʨʦʜʥʦʶ ʤʦʚʦʶ. ʈʦʟʛʣʷʥʫʪʦ ʪʝʭʥʽʯʥʽ ʚʠʤʦʛʠ ʜʦ ʨʝʘʣʽʟʘʮʽʾ ʧʣʘʛʽʥʘ 

ʽʥʪʝʛʨʘʮʽʾ Gemini, ʚʢʣʶʯʥʦ ʟʽ ʟʥʘʥʥʷʤ PHP, JavaScript, ʤʝʭʘʥʽʟʤʽʚ REST API, ʨʦʙʦʪʦʶ ʟ ʙʘʟʘʤʠ ʜʘʥʠʭ 

ʪʘ ʦʩʥʦʚʘʤʠ ʚʝʢʪʦʨʥʠʭ ʨʝʧʨʝʟʝʥʪʘʮʽʡ. ɼʝʪʘʣʴʥʦ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʨʠʟʠʢʠ, ʩʝʨʝʜ ʷʢʠʭ ʩʢʣʘʜʥʽʩʪʴ 
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ʧʽʜʪʨʠʤʢʠ ʚʣʘʩʥʦʛʦ ʧʣʘʛʽʥʘ ʪʘ ʧʦʪʝʥʮʽʡʥʦ ʚʠʩʦʢʘ ʚʘʨʪʽʩʪʴ API. ʉʬʦʨʤʫʣʴʦʚʘʥʦ ʚʠʩʥʦʚʦʢ ʧʨʦ 

ʩʪʨʘʪʝʛʽʯʥʫ ʜʦʮʽʣʴʥʽʩʪʴ ʽʥʪʝʛʨʘʮʽʾ ɺʄʄ ʫ OJS ʟʘ ʫʤʦʚʠ ʚʨʘʭʫʚʘʥʥʷ ʪʝʭʥʽʯʥʠʭ ʽ ʬʽʥʘʥʩʦʚʠʭ ʦʙʤʝʞʝʥʴ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: Open Journal Systems, ʚʝʣʠʢʽ ʤʦʚʥʽ ʤʦʜʝʣʽ, Google Gemini, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, 

ʩʝʤʘʥʪʠʯʥʠʡ ʧʦʰʫʢ, ʥʘʫʢʦʚʽ ʞʫʨʥʘʣʠ, ʘʚʪʦʤʘʪʠʟʘʮʽʷ. 

Abstract. The article analyzes the prospects of integrating large language models (LLMs), particularly 

Google Gemini, into the Open Journal Systems (OJS) platform used by electronic scientific journals. The core 

limitations of traditional OJS mechanisms are identified, including outdated keyword-based search, manual 

processing of submissions, and insufficient automation of editorial workflows. Considering the needs of the 

defense sector, where rapid access to scientific information is crucial, the study proposes transforming OJS 

from a static publication archive into an interactive knowledge base. The integration of LLMs enables semantic 

content-based search, automated compliance checks, multilingual abstract generation, intelligent reviewer 

recommendation based on author profiles, and improved accessibility through natural-language explanations. 

Technical requirements for the implementation of a Gemini-based plugin are presented, covering competence 

in PHP, JavaScript, REST API interaction, database management, and vector-based semantic retrieval. The 

analysis highlights key risks, such as the complexity of maintaining a custom plugin across OJS updates and 

the potentially high cost of API usage. It is concluded that integrating LLMs into OJS is a strategically justified 

step, provided that technical and financial risks are carefully managed. 

Keywords: Open Journal Systems, large language models, Google Gemini, artificial intelligence, 

semantic search, scientific journals, automation. 

 

ʉʪʨʽʤʢʠʡ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʨʦʟʚʠʪʦʢ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʟʨʦʩʪʘʥʥʷ ʦʙʩʷʛʽʚ ʥʘʫʢʦʚʦʾ 

ʽʥʬʦʨʤʘʮʽʾ, ʨʦʙʣʷʯʠ ʪʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ ʾʾ ʦʙʨʦʙʢʠ ʥʝʝʬʝʢʪʠʚʥʠʤʠ. ɺ ʮʠʭ ʫʤʦʚʘʭ ʟʜʘʪʥʽʩʪʴ ʜʦ 

ʰʚʠʜʢʦʛʦ ʧʦʰʫʢʫ ʩʪʘʻ ʥʝ ʧʨʦʩʪʦ ʧʝʨʝʚʘʛʦʶ, ʘ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʦʶ ʫʤʦʚʦʶ ʜʣʷ ʧʽʜʪʨʠʤʢʠ 

ʽʥʥʦʚʘʮʽʡ ʪʘ ʥʘʫʢʦʚʦʛʦ ʧʨʦʛʨʝʩʫ. 

ʅʘʫʢʦʚʽ ʞʫʨʥʘʣʠ, ʱʦ ʬʫʥʢʮʽʦʥʫʶʪʴ ʥʘ ʙʘʟʽ ʧʣʘʪʬʦʨʤʠ Open Journal Systems (OJS), ʻ 

ʢʣʶʯʦʚʠʤ ʤʘʡʜʘʥʯʠʢʦʤ ʜʣʷ ʘʢʫʤʫʣʷʮʽʾ ʪʘ ʧʦʰʠʨʝʥʥʷ ʧʝʨʝʜʦʚʠʭ ʟʥʘʥʴ ʫ ʮʽʡ ʩʬʝʨʽ. ʆʜʥʘʢ 

ʩʪʘʥʜʘʨʪʥʠʡ ʬʫʥʢʮʽʦʥʘʣ OJS, ʨʦʟʨʦʙʣʝʥʠʡ ʧʦʥʘʜ ʜʝʩʷʪʴ ʨʦʢʽʚ ʪʦʤʫ, ʩʧʠʨʘʻʪʴʩʷ ʥʘ ʟʘʩʪʘʨʽʣʽ 

ʤʝʭʘʥʽʟʤʠ ʧʦʰʫʢʫ ʟʘ ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ ʪʘ ʚʠʤʘʛʘʻ ʟʥʘʯʥʠʭ ʯʘʩʦʚʠʭ ʚʠʪʨʘʪ ʥʘ ʨʝʜʘʢʮʽʡʥʫ 

ʦʙʨʦʙʢʫ ʤʘʪʝʨʽʘʣʽʚ. ʎʝ ʩʪʚʦʨʶʻ ʙʘʨ'ʻʨʠ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʢʦʧʠʯʝʥʦʛʦ ʤʘʩʠʚʫ 

ʟʥʘʥʴ. 

ʆʩʥʦʚʥʘ ʧʨʦʙʣʝʤʘ ʧʦʣʷʛʘʻ ʫ ʬʫʥʢʮʽʦʥʘʣʴʥʦʤʫ ʨʦʟʨʠʚʽ ʤʽʞ ʤʦʞʣʠʚʦʩʪʷʤʠ ʩʫʯʘʩʥʦʾ 

ʧʣʘʪʬʦʨʤʠ OJS ʪʘ ʧʦʪʨʝʙʘʤʠ ʬʘʭʽʚʮʽʚ ʦʙʦʨʦʥʥʦ-ʧʨʦʤʠʩʣʦʚʦʛʦ ʢʦʤʧʣʝʢʩʫ. ʅʝʝʬʝʢʪʠʚʥʽʩʪʴ 

ʧʦʰʫʢʫ, ʚʽʜʩʫʪʥʽʩʪʴ ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʣʷ ʰʚʠʜʢʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʫʟʘʛʘʣʴʥʝʥʥʷ ʽʥʬʦʨʤʘʮʽʾ 

ʫʧʦʚʽʣʴʥʶʶʪʴ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʫ ʜʽʷʣʴʥʽʩʪʴ. ɺʧʨʦʚʘʜʞʝʥʥʷ ʤʦʜʝʣʽ, ʪʘʢʠʭ ʷʢ Google Gemini, ʻ 

ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʰʣʷʭʦʤ ʚʠʨʽʰʝʥʥʷ ʮʽʻʾ ʧʨʦʙʣʝʤʠ, ʧʨʦʪʝ ʚʦʥʘ ʚʠʤʘʛʘʻ ʛʣʠʙʦʢʦʛʦ ʘʥʘʣʽʟʫ 

ʤʝʪʦʜʦʣʦʛʽʾ ʚʧʨʦʚʘʜʞʝʥʥʷ, ʥʝʦʙʭʽʜʥʠʭ ʢʦʤʧʝʪʝʥʮʽʡ ʪʘ ʧʦʪʝʥʮʽʡʥʠʭ ʨʠʟʠʢʽʚ, ʦʩʦʙʣʠʚʦ ʟ 

ʫʨʘʭʫʚʘʥʥʷʤ ʩʧʝʮʠʬʽʢʠ ʦʙʦʨʦʥʥʦʾ ʪʝʤʘʪʠʢʠ. 

ʅʝʦʙʭʽʜʥʽʩʪʴ ʽʥʪʝʛʨʘʮʽʾ LLM ʚ ʝʢʦʩʠʩʪʝʤʫ OJS ʟʫʤʦʚʣʝʥʘ ʧʦʪʨʝʙʦʶ ʧʝʨʝʪʚʦʨʝʥʥʷ 

ʞʫʨʥʘʣʫ ʟʽ ʩʪʘʪʠʯʥʦʛʦ ʘʨʭʽʚʫ ʧʫʙʣʽʢʘʮʽʡ ʥʘ ʜʠʥʘʤʽʯʥʫ ʙʘʟʫ ʟʥʘʥʴ, ʱʦ ʜʦʟʚʦʣʠʪʴ ʜʦʩʷʛʪʠ 

ʧʝʨʝʚʘʛ: 

ʩʝʤʘʥʪʠʯʥʠʡ ʧʦʰʫʢ ʨʝʘʣʽʟʦʚʘʥʠʡ ʟʘ ʜʦʧʦʤʦʛʦʶ Gemini, ʱʦ ʜʦʟʚʦʣʠʪʴ ʰʫʢʘʪʠ ʟʘ 

ʟʤʽʩʪʦʤ; 

ʦʧʪʠʤʽʟʘʮʽʷ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʨʝʜʘʢʮʽʡʥʠʭ ʧʨʦʮʝʩʽʚ, ʥʘ ʷʢʽ ʨʝʜʘʢʮʽʡʥʘ ʢʦʣʝʛʽʷ ʚʠʪʨʘʯʘʻ 

ʟʥʘʯʥʠʡ ʯʘʩ ʥʘ ʨʫʪʠʥʥʽ ʟʘʚʜʘʥʥʷ (ʩʪʚʦʨʝʥʥʷ ʷʢʽʩʥʠʭ ʘʥʦʪʘʮʽʡ ʢʽʣʴʢʦʤʘ ʤʦʚʘʤʠ, ʘʚʪʦʤʘʪʠʯʥʦ 

ʧʝʨʝʚʽʨʠʪʠ ʩʪʘʪʪʽ ʥʘ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʬʦʨʤʘʣʴʥʠʤ ʚʠʤʦʛʘʤ ʞʫʨʥʘʣʫ ʪʘ ʟʜʽʡʩʥʠʪʠ ʧʽʜʙʽʨ  

ʥʘʡʙʽʣʴʰ ʨʝʣʝʚʘʥʪʥʠʭ ʨʝʮʝʥʟʝʥʪʽʚ ʟ ʙʘʟʠ ʜʘʥʠʭ ʥʘ ʦʩʥʦʚʽ ʾʭʥʽʭ ʧʦʧʝʨʝʜʥʽʭ ʨʦʙʽʪ ʪʘ ʥʘʫʢʦʚʠʭ 

ʽʥʪʝʨʝʩʽʚ); 
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ʧʽʜʚʠʱʝʥʥʷ ʜʦʩʪʫʧʥʦʩʪʽ ʪʘ ʽʥʪʝʨʘʢʪʠʚʥʦʩʪʽ ʢʦʥʪʝʥʪʫ ʜʣʷ ʰʚʠʜʢʦʛʦ ʟʘʩʚʦʻʥʥʷ 

ʽʥʬʦʨʤʘʮʽʾ ʫ ʚʠʛʣʷʜʽ ʧʦʷʩʥʝʥʴ ʧʨʠʨʦʜʥʦʶ ʤʦʚʦʶ ʪʘ ʦʪʨʠʤʘʥʥʷ ʪʦʯʥʠʭ ʢʦʥʪʝʢʩʪʫʘʣʴʥʠʭ 

ʚʽʜʧʦʚʽʜʝʡ. 

ʋʩʧʽʰʥʘ ʽʥʪʝʛʨʘʮʽʷ ʚʠʤʘʛʘʻ ʟʘʣʫʯʝʥʥʷ ʬʘʭʽʚʮʽʚ ʟ ʨʽʟʥʠʤʠ ʥʘʙʦʨʘʤʠ ʟʥʘʥʴ: 

ʛʣʠʙʦʢʝ ʟʥʘʥʥʷ PHP ʜʣʷ ʨʦʙʦʪʠ ʟ ʢʦʜʦʚʦʶ ʙʘʟʦʶ OJS ʪʘ ʨʦʟʨʦʙʢʠ ʢʘʩʪʦʤʥʦʛʦ ʧʣʘʛʽʥʘ; 

ʚʦʣʦʜʽʥʥʷ JavaScript, HTML, CSS ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʽʥʪʫʾʪʠʚʥʦ ʟʨʦʟʫʤʽʣʠʭ ʽʥʪʝʨʬʝʡʩʽʚ ʜʣʷ 

ʥʦʚʠʭ ʬʫʥʢʮʽʡ; 

ʜʦʩʚʽʜ ʽʥʪʝʛʨʘʮʽʾ ʟʦʚʥʽʰʥʽʭ ʩʝʨʚʽʩʽʚ ʯʝʨʝʟ REST API, ʨʦʟʫʤʽʥʥʷ ʬʦʨʤʘʪʽʚ JSON ʪʘ 

ʤʝʭʘʥʽʟʤʽʚ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ; 

ʨʦʟʫʤʽʥʥʷ ʨʦʙʦʪʠ ʟ MySQL ʘʙʦ PostgreSQL, ʥʘ ʷʢʠʭ ʧʨʘʮʶʻ OJS, ʥʘʷʚʥʽʩʪʴ ʙʘʟʦʚʦʛʦ 

ʨʦʟʫʤʽʥʥʷ ʨʦʙʦʪʠ ʟ ʚʝʢʪʦʨʥʠʤʠ ʙʘʟʘʤʠ ʜʘʥʠʭ ʜʣʷ ʨʝʘʣʽʟʘʮʽʾ ʩʝʤʘʥʪʠʯʥʦʛʦ ʧʦʰʫʢʫ; 

ʚʤʽʥʥʷ ʧʨʘʚʠʣʴʥʦ ʬʦʨʤʫʣʶʚʘʪʠ ʟʘʧʠʪʠ (ʧʨʦʤʧʪʠ) ʜʦ ʤʦʜʝʣʽ Gemini ʜʣʷ ʦʪʨʠʤʘʥʥʷ 

ʪʦʯʥʠʭ ʪʘ ʨʝʣʝʚʘʥʪʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ; 

ʤʘʪʠ ʟʘʛʘʣʴʥʠʤ ʫʷʚʣʝʥʥʷʤ ʧʨʦ ʘʨʭʽʪʝʢʪʫʨʫ ʪʘ ʤʦʞʣʠʚʦʩʪʽ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ, 

ʟʦʢʨʝʤʘ ʤʦʜʝʣʝʡ ʜʣʷ ʛʝʥʝʨʘʮʽʾ ʪʝʢʩʪʫ ʪʘ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʚʝʢʪʦʨʥʠʭ ʧʨʝʜʩʪʘʚʣʝʥʴ. 

ʆʩʥʦʚʥʠʤ ʚʠʢʣʠʢʦʤ ʨʝʘʣʽʟʘʮʽʾ ʻ ʪʝʭʥʽʯʥʘ ʩʢʣʘʜʥʽʩʪʴ ʨʦʟʨʦʙʢʠ ʚʣʘʩʥʦʛʦ ʧʣʘʛʽʥʘ ʜʣʷ OJS 

ʪʘ ʧʦʩʪʽʡʥʦʾ ʧʽʜʪʨʠʤʢʠ ʡʦʛʦ ʧʨʠ ʚʠʭʦʜʽ ʥʦʚʠʭ ʚʝʨʩʽʡ OJS ʪʘ ʘʜʘʧʪʘʮʽʾ ʜʦ ʟʤʽʥ ʜʦ Google AI 

API. 

ʑʝ ʦʜʥʠʤ ʚʠʢʣʠʢʦʤ ʻ ʚʘʨʪʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ Google AI API, ʷʢ ʧʣʘʪʥʘ ʧʦʩʣʫʛʘ, 

ʥʝʢʦʥʪʨʦʣʴʦʚʘʥʘ ʢʽʣʴʢʽʩʪʴ ʟʘʧʠʪʽʚ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʟʥʘʯʥʠʭ ʬʽʥʘʥʩʦʚʠʭ ʚʠʪʨʘʪ. 

ɺʀʉʅʆɺʂʀ. 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʠʣʦ, ʱʦ ʬʫʥʢʮʽʦʥʘʣʴʥʽ ʦʙʤʝʞʝʥʥʷ ʧʣʘʪʬʦʨʤʠ Open 

Journal Systems, ʟʦʢʨʝʤʘ ʟʘʩʪʘʨʽʣʽ ʤʝʭʘʥʽʟʤʠ ʧʦʰʫʢʫ ʟʘ ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ, ʩʫʪʪʻʚʦ 

ʛʘʣʴʤʫʶʪʴ ʝʬʝʢʪʠʚʥʫ ʨʦʙʦʪʫ ʟ ʥʘʫʢʦʚʠʤʠ ʜʘʥʠʤʠ. ʎʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʪʦʛʦ, ʱʦ ʥʘʫʢʦʚʽ 

ʞʫʨʥʘʣʠ, ʦʩʦʙʣʠʚʦ ʫ ʢʨʠʪʠʯʥʠʭ ʛʘʣʫʟʷʭ, ʬʫʥʢʮʽʦʥʫʶʪʴ ʧʝʨʝʚʘʞʥʦ ʷʢ ʩʪʘʪʠʯʥʽ ʘʨʭʽʚʠ, ʘ ʥʝ ʷʢ 

ʜʠʥʘʤʽʯʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ ʜʦʩʣʽʜʞʝʥʴ. 

ʋ ʚʽʜʧʦʚʽʜʴ ʥʘ ʮʝʡ ʚʠʢʣʠʢ, ʫ ʨʦʙʦʪʽ ʦʙˇʨʫʥʪʦʚʘʥʦ ʪʝʭʥʦʣʦʛʽʯʥʫ ʜʦʩʷʞʥʽʩʪʴ ʪʘ 

ʩʪʨʘʪʝʛʽʯʥʫ ʜʦʮʽʣʴʥʽʩʪʴ ʽʥʪʝʛʨʘʮʽʾ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ, ʟʦʢʨʝʤʘ Google Gemini. ʊʘʢʘ 

ʤʦʜʝʨʥʽʟʘʮʽʷ ʻ ʢʣʶʯʦʚʠʤ ʢʨʦʢʦʤ ʜʣʷ ʪʨʘʥʩʬʦʨʤʘʮʽʾ OJS ʟʽ ʩʪʘʪʠʯʥʦʛʦ ʨʝʧʦʟʠʪʦʨʽʶ ʚ 

ʽʥʪʝʨʘʢʪʠʚʥʫ ʙʘʟʫ ʟʥʘʥʴ. 

ʗʢ ʙʫʣʦ ʧʦʢʘʟʘʥʦ, ʧʨʘʢʪʠʯʥʘ ʮʽʥʥʽʩʪʴ ʪʘʢʦʾ ʽʥʪʝʛʨʘʮʽʾ ʧʦʣʷʛʘʻ ʫ ʜʚʦʭ ʦʩʥʦʚʥʠʭ 

ʘʩʧʝʢʪʘʭ. ʇʦ-ʧʝʨʰʝ, ʫ ʨʝʘʣʽʟʘʮʽʾ ʩʝʤʘʥʪʠʯʥʦʛʦ ʧʦʰʫʢʫ, ʱʦ ʜʦʟʚʦʣʷʻ ʟʥʘʭʦʜʠʪʠ ʽʥʬʦʨʤʘʮʽʶ ʟʘ 

ʟʤʽʩʪʦʤ, ʘ ʥʝ ʣʠʰʝ ʟʘ ʬʦʨʤʘʣʴʥʠʤʠ ʟʙʽʛʘʤʠ. ʇʦ-ʜʨʫʛʝ, ʫ ʩʫʪʪʻʚʽʡ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʪʘ ʦʧʪʠʤʽʟʘʮʽʾ 

ʨʝʜʘʢʮʽʡʥʠʭ ʧʨʦʮʝʩʽʚ (ʧʽʜʛʦʪʦʚʢʘ ʘʥʦʪʘʮʽʡ ʯʠ ʢʚʘʣʽʬʽʢʦʚʘʥʠʡ ʧʽʜʙʽʨ ʨʝʮʝʥʟʝʥʪʽʚ), ʱʦ ʟʥʠʞʫʻ 

ʯʘʩʦʚʽ ʚʠʪʨʘʪʠ ʨʝʜʘʢʮʽʾ. 

ɺʦʜʥʦʯʘʩ, ʘʥʘʣʽʟ ʚʠʷʚʠʚ ʜʚʘ ʢʣʶʯʦʚʽ ʚʠʢʣʠʢʠ, ʱʦ ʩʫʧʨʦʚʦʜʞʫʶʪʴ ʪʘʢʫ ʽʤʧʣʝʤʝʥʪʘʮʽʶ. 

ʇʝʨʰʠʡ ï ʮʝ ʪʝʭʥʽʯʥʠʡ ʨʠʟʠʢ, ʧʦʚ'ʷʟʘʥʠʡ ʟʽ ʩʢʣʘʜʥʽʩʪʶ ʨʦʟʨʦʙʢʠ ʢʘʩʪʦʤʥʦʛʦ ʧʣʘʛʽʥʘ ʪʘ 

ʥʝʦʙʭʽʜʥʽʩʪʶ ʡʦʛʦ ʧʦʜʘʣʴʰʦʾ ʧʽʜʪʨʠʤʢʠ, ʱʦ ʚʠʤʘʛʘʻ ʟʘʣʫʯʝʥʥʷ ʤʫʣʴʪʠʜʠʩʮʠʧʣʽʥʘʨʥʦʾ 

ʢʦʤʘʥʜʠ ʨʦʟʨʦʙʥʠʢʽʚ. ɼʨʫʛʠʡ ï ʮʝ ʬʽʥʘʥʩʦʚʠʡ ʨʠʟʠʢ, ʱʦ ʧʦʣʷʛʘʻ ʫ ʥʝʦʙʭʽʜʥʦʩʪʽ ʚʧʨʦʚʘʜʞʝʥʥʷ 

ʤʝʭʘʥʽʟʤʽʚ ʢʦʥʪʨʦʣʶ ʥʘʜ ʚʘʨʪʽʩʪʶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʦʤʝʨʮʽʡʥʦʛʦ API. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʤʦʜʝʨʥʽʟʘʮʽʷ Open Journal Systems ʟʘ ʜʦʧʦʤʦʛʦʶ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ 

ʤʦʜʝʣʝʡ ʻ ʚʠʧʨʘʚʜʘʥʠʤ ʪʘ ʩʪʨʘʪʝʛʽʯʥʦ ʚʘʞʣʠʚʠʤ ʢʨʦʢʦʤ. ʋʩʧʽʭ ʨʝʘʣʽʟʘʮʽʾ ʟʘʣʝʞʠʪʴ ʚʽʜ 

ʨʝʪʝʣʴʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ ʥʘʷʚʥʠʭ ʨʝʩʫʨʩʽʚ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ʯʽʪʢʦʾ ʩʪʨʘʪʝʛʽʾ ʫʧʨʘʚʣʽʥʥʷ 

ʚʠʷʚʣʝʥʠʤʠ ʪʝʭʥʽʯʥʠʤʠ ʪʘ ʬʽʥʘʥʩʦʚʠʤʠ ʨʠʟʠʢʘʤʠ. 



 

 

142 

 

ʋɼʂ 004.8:37 

 

ɼʝʩʷʪʥʶʢ ʃ.ɹ., ɹʦʛʫʩʣʘʚʝʮʴ ɼ.ɺ., ɿʘʷʥʯʫʢʦʚʩʴʢʘ ɼ.ʄ. (ʅʘʮʽʦʥʘʣʴʥʠʡ ʤʝʜʠʯʥʠʡ 

ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ʆ.ʆ. ɹʦʛʦʤʦʣʴʮʷ, ʂʠʾʚ, ʋʢʨʘʾʥʘ).   

 

ɹɸʃɸʅʉ ʄɯɾ ɯʅʅʆɺɸʎɯʗʄʀ ʊɸ ɽʊʀʂʆʖ: ʆʎɯʅʂɸ ɺʇʃʀɺʋ ʐɯ ʅɸ ʆʉɺɯʊʅɭ 

ʉɽʈɽɼʆɺʀʑɽ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʚʧʣʠʚ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʥʘ 

ʩʫʯʘʩʥʝ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ ʪʘ ʚʠʟʥʘʯʝʥʦ ʢʣʶʯʦʚʽ ʥʘʧʨʷʤʠ ʟʙʘʣʘʥʩʦʚʘʥʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʚ 

ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ. ʇʦʢʘʟʘʥʦ, ʱʦ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʩʧʨʠʷʶʪʴ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ, 

ʨʦʟʰʠʨʶʶʪʴ ʜʦʩʪʫʧ ʜʦ ʽʥʜʠʚʽʜʫʘʣʴʥʦʾ ʧʽʜʪʨʠʤʢʠ, ʦʧʪʠʤʽʟʫʶʪʴ ʨʫʪʠʥʥʽ ʟʘʚʜʘʥʥʷ ʚʠʢʣʘʜʘʯʽʚ ʽ 

ʩʧʨʠʷʶʪʴ ʽʥʢʣʶʟʠʚʥʦʩʪʽ. ʈʘʟʦʤ ʽʟ ʪʠʤ, ʘʢʪʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʨʠʟʠʢʘʤʠ 

ʘʢʘʜʝʤʽʯʥʦʾ ʥʝʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʘʣʛʦʨʠʪʤʽʯʥʠʭ ʫʧʝʨʝʜʞʝʥʴ, ʧʦʨʫʰʝʥʥʷ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ, ʟʘʣʝʞʥʦʩʪʽ 

ʚʽʜ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʨʽʰʝʥʴ ʪʘ ʟʥʠʞʝʥʥʷ ʨʦʟʚʠʪʢʫ ʩʦʮʽʘʣʴʥʠʭ ʥʘʚʠʯʦʢ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʧʽʜʭʦʜʠ 

ʤʽʞʥʘʨʦʜʥʠʭ ʦʨʛʘʥʽʟʘʮʽʡ (UNESCO, OECD) ʪʘ ʩʫʯʘʩʥʠʭ ʥʘʫʢʦʚʠʭ ʦʛʣʷʜʽʚ 2021ï2025 ʨʨ., ʷʢʽ 

ʧʨʦʧʦʥʫʶʪʴ ʚʧʨʦʚʘʜʞʝʥʥʷ ʝʪʠʯʥʠʭ ʨʘʤʦʢ, ʘʣʛʦʨʠʪʤʽʯʥʦʾ ʧʨʦʟʦʨʦʩʪʽ, ʦʥʦʚʣʝʥʠʭ ʬʦʨʤ ʦʮʽʥʶʚʘʥʥʷ ʡ 

ʥʘʚʯʘʣʴʥʠʭ ʩʪʨʘʪʝʛʽʡ, ʩʧʨʷʤʦʚʘʥʠʭ ʥʘ ʨʦʟʚʠʪʦʢ ʮʠʬʨʦʚʦʾ ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʦʾ ʛʨʘʤʦʪʥʦʩʪʽ. 

ʆʙˇʨʫʥʪʦʚʘʥʦ, ʱʦ ʝʬʝʢʪʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ ʚʠʤʘʛʘʻ ʧʦʻʜʥʘʥʥʷ ʧʝʜʘʛʦʛʽʯʥʠʭ ʽ ʪʝʭʥʽʯʥʠʭ 

ʨʽʰʝʥʴ: ʨʦʟʨʦʙʣʝʥʥʷ ʧʦʣʽʪʠʢ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ, ʩʪʚʦʨʝʥʥʷ ʙʝʟʧʝʯʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ 

ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʥʘʚʯʘʥʥʷ ʢʦʨʠʩʪʫʚʘʯʽʚ ʧʨʠʥʮʠʧʘʤ ʨʦʙʦʪʠ ʤʦʜʝʣʝʡ ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʥʘʚʠʯʦʢ ʢʨʠʪʠʯʥʦʛʦ 

ʤʠʩʣʝʥʥʷ. ɿʙʘʣʘʥʩʦʚʘʥʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʽʥʪʝʛʨʘʮʽʶ ʐɯ ʷʢ ʽʥʩʪʨʫʤʝʥʪʘ, ʷʢʠʡ ʧʽʜʩʠʣʶʻ ʥʘʚʯʘʣʴʥʠʡ 

ʧʨʦʮʝʩ, ʟʙʝʨʽʛʘʶʯʠ ʡʦʛʦ ʝʪʠʯʥʫ ʪʘ ʘʢʘʜʝʤʽʯʥʫ ʮʽʣʽʩʥʽʩʪʴ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʚ ʦʩʚʽʪʽ, ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʝ ʥʘʚʯʘʥʥʷ, ʘʢʘʜʝʤʽʯʥʘ 

ʜʦʙʨʦʯʝʩʥʽʩʪʴ, ʮʠʬʨʦʚʘ ʛʨʘʤʦʪʥʽʩʪʴ, ʝʪʠʯʥʽ ʟʘʩʘʜʠ ʐɯ. 

Abstract. The article examines the multifaceted impact of artificial intelligence on contemporary 

educational environments and identifies key directions for the balanced integration of AI into the learning 

process. It is shown that intelligent systems enhance personalization, expand access to individual support, 

optimize teachersô routine tasks, and contribute to inclusivity. At the same time, active AI use is associated 

with risks of academic dishonesty, algorithmic bias, privacy violations, overreliance on automated tools, and 

reduced development of social and communication skills. The article analyzes approaches proposed by 

international organizations (UNESCO, OECD) and scientific reviews from 2021ï2025, which emphasize 

ethical frameworks, algorithmic transparency, updated assessment formats, and pedagogical strategies aimed 

at improving digital and information literacy. It is argued that effective AI implementation in education 

requires a combination of technical and pedagogical measures, including responsible-use policies, secure 

data-handling infrastructure, user training on model principles, and the development of critical thinking skills. 

A balanced approach ensures that AI acts as a tool that enhances rather than undermines the integrity and 

quality of education. 

Keywords: artificial intelligence in education, personalized learning, academic integrity, digital 

literacy, AI ethics. 

 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ (ʐɯ) ʧʦʤʽʪʥʦ ʚʧʣʠʚʘʻ ʥʘ ʩʫʯʘʩʥʫ ʦʩʚʽʪʫ: ʚʽʜ ʦʨʛʘʥʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʦʛʦ 

ʧʨʦʮʝʩʫ ʜʦ ʪʦʛʦ, ʷʢ ʩʪʫʜʝʥʪʠ ʚʟʘʻʤʦʜʽʶʪʴ ʽʟ ʥʘʚʯʘʣʴʥʠʤʠ ʤʘʪʝʨʽʘʣʘʤʠ. ʎʽ ʪʝʭʥʦʣʦʛʽʾ ʜʘʶʪʴ 

ʟʤʦʛʫ ʧʝʨʩʦʥʘʣʽʟʫʚʘʪʠ ʥʘʚʯʘʥʥʷ ʡ ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ ʨʫʪʠʥʥʠʭ ʟʘʚʜʘʥʴ, ʦʜʥʘʢ ʨʘʟʦʤ ʽʟ 

ʧʝʨʝʚʘʛʘʤʠ ʟôʷʚʣʷʻʪʴʩʷ ʡ ʯʠʤʘʣʦ ʧʠʪʘʥʴ ð ʚʽʜ ʝʪʠʯʥʠʭ ʜʦ ʩʫʪʦ ʧʨʘʢʪʠʯʥʠʭ. ʊʦʤʫ ʩʴʦʛʦʜʥʽ 

ʚʘʞʣʠʚʦ ʦʮʽʥʶʚʘʪʠ ʥʝ ʣʠʰʝ ʟʨʫʯʥʽʩʪʴ ʽ ʰʚʠʜʢʽʩʪʴ, ʷʢʽ ʧʨʦʧʦʥʫʶʪʴ ʩʠʩʪʝʤʠ ʐɯ, ʘ ʡ 

ʜʦʚʛʦʩʪʨʦʢʦʚʽ ʥʘʩʣʽʜʢʠ ʾʭʥʴʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ. 

ʆʜʥʽʻʶ ʟ ʥʘʡʧʦʤʽʪʥʽʰʠʭ ʟʤʽʥ ʻ ʤʦʞʣʠʚʽʩʪʴ ʘʜʘʧʪʫʚʘʪʠ ʥʘʚʯʘʥʥʷ ʧʽʜ ʧʦʪʨʝʙʠ 

ʢʦʥʢʨʝʪʥʦʛʦ ʩʪʫʜʝʥʪʘ. ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʘʥʘʣʽʟʫʶʪʴ ʨʽʚʝʥʴ ʟʘʩʚʦʻʥʥʷ ʤʘʪʝʨʽʘʣʫ, ʪʝʤʧ 

ʨʦʙʦʪʠ ʪʘ ʪʠʧʦʚʽ ʧʦʤʠʣʢʠ, ʧʨʦʧʦʥʫʶʯʠ ʩʘʤʝ ʪʽ ʟʘʚʜʘʥʥʷ ʯʠ ʧʦʷʩʥʝʥʥʷ, ʷʢʽ ʜʦʧʦʤʘʛʘʶʪʴ 

ʰʚʠʜʰʝ ʟʨʦʟʫʤʽʪʠ ʩʢʣʘʜʥʽ ʪʝʤʠ. ʊʘʢʽ ʽʥʩʪʨʫʤʝʥʪʠ ʪʘʢʦʞ ʧʦʣʝʛʰʫʶʪʴ ʚʠʷʚʣʝʥʥʷ ʧʨʦʛʘʣʠʥ ʫ 

ʟʥʘʥʥʷʭ ʽ ʜʘʶʪʴ ʟʤʦʛʫ ʟʘʧʦʚʥʠʪʠ ʾʭ ʦʜʨʘʟʫ, ʥʝ ʯʝʢʘʶʯʠ ʧʽʜʩʫʤʢʦʚʦʛʦ ʦʮʽʥʶʚʘʥʥʷ [1]. 

ʉʫʪʪʻʚʦʶ ʧʝʨʝʚʘʛʦʶ ʻ ʡ ʜʦʩʪʫʧʥʽʩʪʴ ʥʘʚʯʘʣʴʥʦʾ ʧʽʜʪʨʠʤʢʠ. ʏʘʪ-ʙʦʪʠ ʪʘ ʚʽʨʪʫʘʣʴʥʽ 

ʨʝʧʝʪʠʪʦʨʠ ʧʨʘʮʶʶʪʴ ʫ ʙʫʜʴ-ʷʢʠʡ ʯʘʩ, ʧʦʷʩʥʶʶʪʴ ʥʝʟʨʦʟʫʤʽʣʽ ʤʦʤʝʥʪʠ ʪʘ ʜʦʧʦʤʘʛʘʶʪʴ 
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ʧʦʚʪʦʨʠʪʠ ʤʘʪʝʨʽʘʣ. ɼʣʷ ʙʘʛʘʪʴʦʭ ʩʪʫʜʝʥʪʽʚ ʮʝ ʩʪʘʻ ʜʦʜʘʪʢʦʚʠʤ ʨʝʩʫʨʩʦʤ, ʦʩʦʙʣʠʚʦ ʢʦʣʠ 

ʡʜʝʪʴʩʷ ʧʨʦ ʽʥʢʣʶʟʠʚʥʽʩʪʴ: ʩʠʩʪʝʤʠ ʐɯ ʤʦʞʫʪʴ ʦʟʚʫʯʫʚʘʪʠ ʪʝʢʩʪʠ, ʩʪʚʦʨʶʚʘʪʠ ʩʫʙʪʠʪʨʠ ʘʙʦ 

ʘʜʘʧʪʫʚʘʪʠ ʤʘʪʝʨʽʘʣʠ ʧʽʜ ʨʽʟʥʽ ʧʦʪʨʝʙʠ. ʅʝ ʤʝʥʰ ʚʘʞʣʠʚʦ, ʱʦ ʪʝʭʥʦʣʦʛʽʾ ʯʘʩʪʢʦʚʦ 

ʧʦʣʝʛʰʫʶʪʴ ʨʦʙʦʪʫ ʚʠʢʣʘʜʘʯʽʚ. ɸʚʪʦʤʘʪʠʯʥʝ ʦʮʽʥʶʚʘʥʥʷ ʪʝʩʪʽʚ ʯʠ ʢʦʨʦʪʢʠʭ ʨʦʙʽʪ ʝʢʦʥʦʤʠʪʴ 

ʯʘʩ, ʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʫʩʧʽʰʥʦʩʪʽ ʜʦʧʦʤʘʛʘʻ ʚʯʘʩʥʦ ʧʦʤʽʪʠʪʠ ʩʪʫʜʝʥʪʽʚ, ʷʢʠʤ ʧʦʪʨʽʙʥʘ 

ʜʦʜʘʪʢʦʚʘ ʧʽʜʪʨʠʤʢʘ [2]. 

ɺʦʜʥʦʯʘʩ ʥʘʜʤʽʨʥʘ ʟʘʣʝʞʥʽʩʪʴ ʚʽʜ ʪʘʢʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʤʦʞʝ ʩʪʚʦʨʠʪʠ ʥʠʟʢʫ ʪʨʫʜʥʦʱʽʚ. 

ʅʘʡʧʦʤʽʪʥʽʰʦʶ ʻ ʟʘʛʨʦʟʘ ʘʢʘʜʝʤʽʯʥʽʡ ʜʦʙʨʦʯʝʩʥʦʩʪʽ: ʜʦʩʪʫʧʥʽʩʪʴ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ 

ʩʧʨʦʱʫʻ ʩʧʠʩʫʚʘʥʥʷ ʪʘ ʫʤʦʞʣʠʚʣʶʻ ʩʪʚʦʨʝʥʥʷ ʨʦʙʽʪ ʙʝʟ ʨʝʘʣʴʥʦʛʦ ʨʦʟʫʤʽʥʥʷ ʤʘʪʝʨʽʘʣʫ. ʂʨʽʤ 

ʪʦʛʦ, ʧʦʩʪʽʡʥʝ ʢʦʨʠʩʪʫʚʘʥʥʷ ʛʦʪʦʚʠʤʠ ʚʽʜʧʦʚʽʜʷʤʠ ʟʜʘʪʥʝ ʧʦʩʪʫʧʦʚʦ ʧʦʩʣʘʙʣʶʚʘʪʠ ʥʘʚʠʯʢʠ 

ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ. 

ɭ ʡ ʽʥʰʽ ʨʠʟʠʢʠ. ɯʥʢʦʣʠ ʤʦʜʝʣʽ ʐɯ ʤʦʞʫʪʴ ʥʘʜʘʚʘʪʠ ʥʝʪʦʯʥʫ ʘʙʦ ʥʘʜʪʦ ʫʟʘʛʘʣʴʥʝʥʫ 

ʽʥʬʦʨʤʘʮʽʶ, ʷʢʘ ʚʠʛʣʷʜʘʻ ʧʝʨʝʢʦʥʣʠʚʦ, ʪʦʤʫ ʢʦʨʠʩʪʫʚʘʯʘʤ ʚʘʞʣʠʚʦ ʚʤʽʪʠ ʧʝʨʝʚʽʨʷʪʠ 

ʦʪʨʠʤʘʥʽ ʜʘʥʽ. ʊʘʢ ʩʘʤʦ ʥʝ ʚʘʨʪʦ ʟʘʙʫʚʘʪʠ ʧʨʦ ʤʦʞʣʠʚʽ ʫʧʝʨʝʜʞʝʥʥʷ: ʘʣʛʦʨʠʪʤʠ, ʥʘʚʯʝʥʽ ʥʘ 

ʥʝʨʽʚʥʦʤʽʨʥʠʭ ʯʠ ʫʧʝʨʝʜʞʝʥʠʭ ʜʘʥʠʭ, ʤʦʞʫʪʴ ʚʽʜʪʚʦʨʶʚʘʪʠ ʮʽ ʧʝʨʝʢʦʩʠ ʚ ʨʝʢʦʤʝʥʜʘʮʽʷʭ ʘʙʦ 

ʦʮʽʥʶʚʘʥʥʽ. ʉʦʮʽʘʣʴʥʽ ʘʩʧʝʢʪʠ ʪʘʢʦʞ ʟʘʩʣʫʛʦʚʫʶʪʴ ʫʚʘʛʠ. ɿʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʞʠʚʦʛʦ 

ʩʧʽʣʢʫʚʘʥʥʷ ʤʦʞʝ ʥʝʛʘʪʠʚʥʦ ʚʧʣʠʚʘʪʠ ʥʘ ʨʦʟʚʠʪʦʢ ʢʦʤʫʥʽʢʘʪʠʚʥʠʭ ʥʘʚʠʯʦʢ, ʘ ʥʘʢʦʧʠʯʝʥʥʷ 

ʚʝʣʠʢʠʭ ʦʙʩʷʛʽʚ ʜʘʥʠʭ ʧʨʦ ʩʪʫʜʝʥʪʽʚ ʧʦʪʨʝʙʫʻ ʯʽʪʢʠʭ ʧʨʘʚʠʣ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ ʪʘ ʟʘʭʠʩʪʫ. 

ʑʦʙ ʪʝʭʥʦʣʦʛʽʾ ʩʧʨʘʚʜʽ ʧʽʜʩʠʣʶʚʘʣʠ ʥʘʚʯʘʥʥʷ, ʘ ʥʝ ʧʽʜʤʽʥʷʣʠ ʡʦʛʦ, ʥʝʦʙʭʽʜʥʦ ʦʥʦʚʣʶʚʘʪʠ 

ʧʽʜʭʦʜʠ ʜʦ ʚʠʢʣʘʜʘʥʥʷ. ʎʝ ʩʪʦʩʫʻʪʴʩʷ ʡ ʬʦʨʤ ʦʮʽʥʶʚʘʥʥʷ ð ʚʘʨʪʦ ʯʘʩʪʽʰʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠ 

ʪʚʦʨʯʽ ʟʘʚʜʘʥʥʷ, ʫʩʥʽ ʦʙʛʦʚʦʨʝʥʥʷ ʘʙʦ ʛʨʫʧʦʚʽ ʧʨʦʻʢʪʠ, ʜʝ ʨʦʣʴ ʐɯ ʦʙʤʝʞʝʥʘ. ʅʝ ʤʝʥʰ 

ʚʘʞʣʠʚʠʤ ʻ ʨʦʟʚʠʪʦʢ ʫ ʩʪʫʜʝʥʪʽʚ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ: ʚʦʥʠ ʤʘʶʪʴ ʨʦʟʫʤʽʪʠ ʧʨʠʥʮʠʧʠ 

ʨʦʙʦʪʠ ʤʦʜʝʣʝʡ, ʫʤʽʪʠ ʩʪʘʚʠʪʠ ʫʪʦʯʥʶʚʘʣʴʥʽ ʟʘʧʠʪʘʥʥʷ ʡ ʧʝʨʝʚʽʨʷʪʠ ʽʥʬʦʨʤʘʮʽʶ.  ʟʘʚʜʘʥʥʷʤ 

ʩʴʦʛʦʜʥʽ ʻ ʥʝ ʟʘʤʽʥʠʪʠ ʚʠʢʣʘʜʘʯʘ ʪʝʭʥʦʣʦʛʽʷʤʠ, ʘ ʥʘʚʯʠʪʠ ʩʪʫʜʝʥʪʽʚ ʝʬʝʢʪʠʚʥʦ ʢʦʨʠʩʪʫʚʘʪʠʩʷ 

ʽʥʩʪʨʫʤʝʥʪʘʤʠ ʐɯ, ʜʦʧʦʚʥʶʶʯʠ ʥʠʤʠ ʚʣʘʩʥʽ ʟʥʘʥʥʷ ʡ ʫʤʽʥʥʷ [3]. 

ɺʀʉʅʆɺʂʀ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʻ ʦʜʥʠʤ ʽʟ ʢʣʶʯʦʚʠʭ ʯʠʥʥʠʢʽʚ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʩʫʯʘʩʥʦʾ ʦʩʚʽʪʠ, 

ʚʽʜʢʨʠʚʘʶʯʠ ʟʥʘʯʥʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ, ʧʽʜʚʠʱʝʥʥʷ ʜʦʩʪʫʧʥʦʩʪʽ ʪʘ 

ʦʧʪʠʤʽʟʘʮʽʾ ʨʦʙʦʪʠ ʚʠʢʣʘʜʘʯʽʚ. ɺʦʜʥʦʯʘʩ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʦʚôʷʟʘʥʝ ʟ ʥʠʟʢʦʶ ʨʠʟʠʢʽʚ ð ʚʽʜ 

ʧʦʩʠʣʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʥʝʜʦʙʨʦʯʝʩʥʦʩʪʽ ʜʦ ʟʘʛʨʦʟ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ ʪʘ ʧʦʷʚʠ ʘʣʛʦʨʠʪʤʽʯʥʠʭ 

ʫʧʝʨʝʜʞʝʥʴ. ɽʬʝʢʪʠʚʥʝ ʚʧʨʦʚʘʜʞʝʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʐɯ ʤʦʞʣʠʚʝ ʣʠʰʝ ʟʘ ʫʤʦʚʠ ʟʙʝʨʝʞʝʥʥʷ 

ʙʘʣʘʥʩʫ ʤʽʞ ʽʥʥʦʚʘʮʽʷʤʠ ʪʘ ʝʪʠʯʥʠʤʠ ʚʠʤʦʛʘʤʠ. ʆʩʚʽʪʥʽ ʟʘʢʣʘʜʠ ʤʘʶʪʴ ʬʦʨʤʫʚʘʪʠ ʯʽʪʢʽ 

ʧʨʘʚʠʣʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ, ʘ ʩʪʫʜʝʥʪʠ ð ʨʦʟʚʠʚʘʪʠ ʢʨʠʪʠʯʥʝ ʤʠʩʣʝʥʥʷ ʪʘ ʚʤʽʥʥʷ 

ʚʽʜʧʦʚʽʜʘʣʴʥʦ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʮʠʬʨʦʚʽ ʽʥʩʪʨʫʤʝʥʪʠ. ʋ ʪʘʢʦʤʫ ʨʘʟʽ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ 

ʜʦʧʦʚʥʶʚʘʪʠʤʝ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ, ʧʦʩʠʣʶʶʯʠ ʡʦʛʦ ʷʢʽʩʪʴ, ʘ ʥʝ ʧʽʜʤʽʥʷʶʯʠ ʣʶʜʩʴʢʫ ʧʨʘʮʶ. 
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ɿʜʠʨʦʢ ʄ.ɸ. (ɺʉʇ çʉʪʨʠʡʩʴʢʠʡ ʬʘʭʦʚʠʡ ʢʦʣʝʜʞ ʃʅʋʇè, ʉʪʨʠʡ, ʋʢʨʘʾʥʘ)  

 

ɺʀʂʆʈʀʉʊɸʅʅʗ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ ɺ ɽʊʀʏʅʀʍ ʈɸʄʂɸʍ ɿɸɻʈʆɿʀ ɼʃʗ 

ʉʋʉʇɯʃʔʉʊɺɸ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʝʪʠʯʥʽ, ʩʦʮʽʘʣʴʥʽ ʪʘ ʬʽʣʦʩʦʬʩʴʢʽ ʘʩʧʝʢʪʠ ʨʦʟʚʠʪʢʫ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ), ʱʦ ʩʪʘʻ ʦʜʥʠʤ ʽʟ ʢʣʶʯʦʚʠʭ ʯʠʥʥʠʢʽʚ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʩʫʯʘʩʥʦʛʦ ʩʫʩʧʽʣʴʩʪʚʘ. 

ʇʦʢʘʟʘʥʦ, ʱʦ ʰʚʠʜʢʝ ʧʦʰʠʨʝʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʧʦʨʦʜʞʫʻ ʧʦʜʚʽʡʥʠʡ ʝʬʝʢʪ: ʟ ʦʜʥʦʛʦ 

ʙʦʢʫ, ʐɯ ʩʧʨʠʷʻ ʧʨʦʛʨʝʩʫ ʚ ʤʝʜʠʮʠʥʽ, ʦʩʚʽʪʽ, ʪʨʘʥʩʧʦʨʪʽ, ʢʦʤʫʥʽʢʘʮʽʷʭ ʪʘ ʝʢʦʥʦʤʽʮʽ; ʟ ʽʥʰʦʛʦ ð 

ʩʪʚʦʨʶʻ ʨʠʟʠʢʠ ʜʣʷ ʣʶʜʩʴʢʦʾ ʘʚʪʦʥʦʤʽʾ, ʧʨʠʚʘʪʥʦʩʪʽ, ʤʦʨʘʣʴʥʦʾ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ ʪʘ ʽʜʝʥʪʠʯʥʦʩʪʽ. 

ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʘʥʪʨʦʧʦʣʦʛʽʯʥʠʤ ʥʘʩʣʽʜʢʘʤ ʚʟʘʻʤʦʜʽʾ ʣʶʜʠʥʠ ʡ ʐɯ, ʱʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʤʝʞʽ 

ʣʶʜʩʴʢʦʾ ʩʫʙôʻʢʪʠʚʥʦʩʪʽ ʪʘ ʤʦʞʣʠʚʽʩʪʴ ʾʾ ʯʘʩʪʢʦʚʦʛʦ çʨʦʟʤʠʚʘʥʥʷè ʫ ʪʝʭʥʦʩʬʝʨʽ. ʈʦʟʛʣʷʥʫʪʦ 

ʧʦʟʠʮʽʾ ʧʨʦʚʽʜʥʠʭ ʥʘʫʢʦʚʮʽʚ ʽ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʝʢʩʧʝʨʪʽʚ ð ʉʪʽʚʝʥʘ ɻʦʢʽʥʛʘ, ɯʣʦʥʘ ʄʘʩʢʘ, ʉʝʨʛʽʷ ɹʨʽʥʘ, 

ɼʞʦʥʘ ʄʘʢʢʘʨʪʽ ʪʘ ʽʥʰʠʭ ð ʷʢʽ ʥʘʛʦʣʦʰʫʶʪʴ ʥʘ ʩʦʮʽʘʣʴʥʠʭ ʟʘʛʨʦʟʘʭ, ʧʦʪʨʝʙʽ ʜʝʨʞʘʚʥʦʛʦ 

ʨʝʛʫʣʶʚʘʥʥʷ ʪʘ ʬʦʨʤʫʚʘʥʥʽ ʛʣʦʙʘʣʴʥʠʭ ʝʪʠʯʥʠʭ ʩʪʘʥʜʘʨʪʽʚ. ʋ ʩʪʘʪʪʽ ʫʟʘʛʘʣʴʥʝʥʦ ʧʨʠʥʮʠʧʠ 

ʝʪʠʯʥʦʛʦ ʢʦʥʪʨʦʣʶ, ʟʘʧʨʦʧʦʥʦʚʘʥʽ ɭʚʨʦʧʝʡʩʴʢʠʤ ʉʦʶʟʦʤ, ʪʘ ʧʽʜʢʨʝʩʣʝʥʦ ʚʘʞʣʠʚʽʩʪʴ 

ʘʥʪʨʦʧʦʮʝʥʪʨʠʯʥʦʛʦ ʧʽʜʭʦʜʫ, ʱʦ ʩʪʘʚʠʪʴ ʣʶʜʩʴʢʽ ʮʽʥʥʦʩʪʽ ʚ ʮʝʥʪʨ ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʪʝʭʥʦʣʦʛʽʡ. ɿʨʦʙʣʝʥʦ ʚʠʩʥʦʚʦʢ, ʱʦ ʐɯ ʧʦʪʨʝʙʫʻ ʥʘʫʢʦʚʦ ʦʙˇʨʫʥʪʦʚʘʥʦʛʦ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ 

ʨʝʛʫʣʶʚʘʥʥʷ, ʟʜʘʪʥʦʛʦ ʤʽʥʽʤʽʟʫʚʘʪʠ ʨʠʟʠʢʠ ʽ ʚʦʜʥʦʯʘʩ ʟʘʙʝʟʧʝʯʠʪʠ ʨʝʘʣʽʟʘʮʽʶ ʡʦʛʦ ʩʫʩʧʽʣʴʥʦʛʦ 

ʧʦʪʝʥʮʽʘʣʫ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʤʦʨʘʣʴ, ʝʪʠʯʥʽ ʧʨʠʥʮʠʧʠ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʥʝʡʨʦʤʝʨʝʞʽ, 

ʘʥʪʨʦʧʦʮʝʥʪʨʠʟʤ, ʪʝʭʥʦʣʦʛʽʯʥʽ ʨʠʟʠʢʠ. 

Abstract The article examines the ethical, social, and philosophical implications of artificial 

intelligence (AI), which is becoming one of the key drivers of modern societal transformation. It is shown that 

the rapid spread of neural-network technologies creates a dual effect: on the one hand, AI stimulates progress 

in medicine, education, transportation, communications, and economics; on the other hand, it generates risks 

related to human autonomy, privacy, moral responsibility, and personal identity. Special attention is paid to 

the anthropological consequences of humanïAI interaction, which may blur the boundaries of human 

subjectivity within the expanding technosphere. The article discusses the viewpoints of leading researchers 

and technology experts ð Stephen Hawking, Elon Musk, Sergey Brin, John McCarthy, among others ð who 

emphasize social dangers, the need for regulatory oversight, and the development of global ethical standards. 

The ethical principles proposed by the European Union for trustworthy AI are summarized, highlighting 

transparency, human control, responsibility, and societal benefit. The study concludes that AI development 

requires scientifically grounded and responsible regulation that aligns technological progress with humanistic 

values and minimizes potential threats while preserving the positive impact of AI on societal advancement.  

Keywords: morality, ethical principles, artificial intelligence, neural networks, anthropocentrism, 

technological risks. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. ʅʝʡʨʦʤʝʨʝʞʘ ʩʴʦʛʦʜʥʽ ʥʘʙʫʣʘ ʰʠʨʰʦʛʦ ʟʥʘʯʝʥʥʷ, ʷʢʘ 

ʧʨʠʥʦʩʠʪʴ ʤʘʩʰʪʘʙʥʽ ʟʤʽʥʠ ʚ ʩʝʨʝʜʦʚʠʱʽ ʩʫʩʧʽʣʴʩʪʚʘ. ʎʝ ʩʪʦʩʫʻʪʴʩʷ ʨʠʟʠʢʫ, ʢʦʣʠ ʣʶʜʩʴʢʘ 

ʩʫʙôʻʢʪʠʚʥʽʩʪʴ ʤʦʞʝ ʚʪʨʘʪʠʪʠ ʩʚʦʻʦʩʦʙʣʠʚʽʩʪʴ, ʘ ʾʾ ʩʘʤʦʩʪʽʡʥʽ ʤʝʞʽ ʩʪʘʶʪʴ ʥʝʷʩʥʠʤʠ. 

ɺʠʚʯʝʥʥʷ ʮʽʻʾ ʧʨʦʙʣʝʤʠ ʧʦʪʨʝʙʫʻ ʜʽʘʣʦʛʫ ʤʽʞ ʛʫʤʘʥʽʩʪʠʯʥʦʶ ʪʨʘʜʠʮʽʻʶ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʠʤ 

ʧʽʜʭʦʜʦʤ, ʚʨʘʭʦʚʫʶʯʠ ʧʦʩʪʫʧʦʚʠʡ ʨʦʟʚʠʪʦʢ ʨʽʰʝʥʴ, ʧʨʠʡʥʷʪʠʭ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ. 

ɸʥʪʨʦʧʦʣʦʛʽʯʥʠʡ ʘʩʧʝʢʪ ʨʦʟʛʣʷʜʘʻ ʧʠʪʘʥʥʷ ʧʨʦ ʧʨʠʨʦʜʫ ʣʶʜʠʥʠ ʷʢ ʩʫʙôʻʢʪʘ ʤʠʩʣʝʥʥʷ, ʜʽʾ ʪʘ 

ʨʝʬʣʝʢʩʽʾ ʧʽʜ ʚʧʣʠʚʦʤ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʊʦʤʫ ʚʘʞʣʠʚʦ ʚʽʜʧʦʚʽʩʪʠ ʥʘ ʟʘʧʠʪʘʥʥʷ: ʯʠ ʤʦʞʝ 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʪʠ ʟʘʛʨʦʟʦʶ ʜʣʷ ʽʜʝʥʪʠʯʥʦʩʪʽ ʣʶʜʩʴʢʦʾ ʩʫʙôʻʢʪʠʚʥʦʩʪʽ ʘʙʦ, ʥʘʚʧʘʢʠ, 

ʤʦʞʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʾʾ ʟʤʽʥʠ. ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ʜʠʩʢʫʩʽʷ ʧʨʦ ʝʪʠʯʥʽ ʦʩʥʦʚʠ 

ʩʪʦʩʫʥʢʽʚ ʤʽʞ ʣʶʜʠʥʦʶ ʪʘ ʪʝʭʥʽʢʦʶ, ʨʘʟʦʤ ʟ ʥʝʦʙʭʽʜʥʽʩʪʶ ʟʙʝʨʝʞʝʥʥʷ ʘʥʪʨʦʧʦʮʝʥʪʨʠʯʥʦʾ 

ʧʦʟʠʮʽʾ ʚ ʩʚʽʪʽ, ʱʦ ʩʪʘʻ ʪʝʭʥʦʣʦʛʽʯʥʦʶ ʨʝʘʣʴʥʽʩʪʶ, ʧʦʪʨʝʙʫʻ ʙʽʣʴʰʦʾ ʫʚʘʛʠ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. ɸʥʘʣʽʟ ʝʪʠʯʥʠʭ ʧʨʦʙʣʝʤ, ʧʦʚôʷʟʘʥʠʭ ʽʟ ʰʪʫʯʥʠʤ 

ʽʥʪʝʣʝʢʪʦʤ, ʩʪʘʻ ʦʩʦʙʣʠʚʦ ʚʘʞʣʠʚʠʤ ʫ ʟʚôʷʟʢʫ ʟ ʰʚʠʜʢʠʤ ʨʦʟʚʠʪʢʦʤ ʪʝʭʥʦʣʦʛʽʡ, ʷʢʽ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʣʶʜʩʴʢʫ ʽʥʜʠʚʽʜʫʘʣʴʥʽʩʪʴ. ʆʩʪʘʥʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʢʨʝʩʣʶʶʪʴ 
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ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʝʨʝʛʣʷʜʫ ʪʨʘʜʠʮʽʡʥʠʭ ʫʷʚʣʝʥʴ ʧʨʦ ʣʶʜʩʴʢʫ ʽʜʝʥʪʠʯʥʽʩʪʴ ʫ ʢʦʥʪʝʢʩʪʽ ʮʠʬʨʦʚʠʭ 

ʟʤʥ̔ ʽ ʘʚʪʦʤʘʪʠʟʘʮʽʾ. ʋ ʩʫʯʘʩʥʠʭ ʥʘʫʢʦʚʠʭ ʪʘ ʛʨʦʤʘʜʩʴʢʠʭ ʜʠʩʢʫʩʽʷʭ ʧʠʪʘʥʥʷ ʨʦʟʚʠʪʢʫ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʷʢ ʟ ʧʦʟʠʮʽʾ ʡʦʛʦ ʧʝʨʝʚʘʛ, ʪʘʢ ʽ ʨʠʟʠʢʽʚ. ɯʣʦʥ ʄʘʩʢ 

ʧʽʜʢʨʝʩʣʶʻ, ʱʦ ʥʝʚʽʜʧʦʚʽʜʘʣʴʥʠʡ ʨʦʟʚʠʪʦʢ ʐɯ ʤʦʞʝ ʚʠʭʦʜʠʪʠ ʟ-ʧʽʜ ʢʦʥʪʨʦʣʶ ʽ ʩʪʘʪʠ ʙʽʣʴʰ 

ʥʝʙʝʟʧʝʯʥʠʤ, ʥʽʞ ʟʘʛʨʦʟʠ ʚʽʜ ʇʽʚʥʽʯʥʦʾ ʂʦʨʝʾ. ɺʽʥ ʥʘʛʦʣʦʰʫʻ ʥʘ ʥʝʦʙʭʽʜʥʦʩʪʽ ʜʝʨʞʘʚʥʦʛʦ 

ʨʝʛʫʣʶʚʘʥʥʷ, ʱʦʙ ʟʘʙʝʟʧʝʯʠʪʠ ʙʝʟʧʝʢʫ ʩʫʩʧʽʣʴʩʪʚʘ (Elon Musk, 2025). ʇʦʜʽʙʥʫ ʜʫʤʢʫ 

ʚʠʩʣʦʚʣʶʻ ʉʪʽʚʝʥ ɻʦʢʽʥʛ, ʷʢʠʡ ʚʚʘʞʘʻ, ʱʦ ʙʝʟ ʢʦʥʪʨʦʣʶ ʐɯ ʤʦʞʝ ʩʪʘʪʠ ʦʜʥʽʻʶ ʟ 

ʥʘʡʩʝʨʡʦʟʥʽʰʠʭ ʟʘʛʨʦʟ ʜʣʷ ʣʶʜʩʪʚʘ, ʭʦʯʘ ʦʜʥʦʯʘʩʥʦ ʚʽʥ ʧʽʜʪʨʠʤʫʻ ʡʦʛʦ ʧʦʪʝʥʮʽʘʣ ʫ ʨʽʰʝʥʥʽ 

ʙʘʛʘʪʴʦʭ ʛʣʦʙʘʣʴʥʠʭ ʧʨʦʙʣʝʤ, ʪʘʢʠʭ ʷʢ ʙʽʜʥʽʩʪʴ ʯʠ ʭʚʦʨʦʙʠ (Hawking, 2017). ʄʘʡʢʣ ɺʘʩʩʘʨ 

ʪʘʢʦʞ ʟʘʩʪʝʨʽʛʘʻ, ʱʦ ʙʝʟʧʝʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ʧʦʪʫʞʥʦʛʦ ʐɯ ï ʮʝ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʝ ʧʠʪʘʥʥʷ ʜʣʷ 

ʚʠʞʠʚʘʥʥʷ ʣʶʜʩʪʚʘ (Vassar, 2025). ʇʨʠ ʮʴʦʤʫ ʟʘʩʥʦʚʥʠʢʠ ʐɯ, ʪʘʢʽ ʷʢ ɼʞʦʥ ʄʘʢʢʘʨʪʽ, 

ʨʦʟʛʣʷʜʘʣʠ ʡʦʛʦ ʥʝ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʧʩʠʭʦʣʦʛʽʾ, ʘ ʷʢ ʟʘʩʽʙ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ ʫ 

ʢʦʤʧôʶʪʝʨʥʠʭ ʥʘʫʢʘʭ, ʱʦ ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʣʶʜʩʴʢʦʾ ʜʽʷʣʴʥʦʩʪʽ (McCarthy, 

1988). ʉʫʯʘʩʥʽ ʧʨʠʢʣʘʜʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʮʽ ʦʯʽʢʫʚʘʥʥʷ. ɹʽʣʣ ɻʝʡʪʩ ʟʘʟʥʘʯʘʻ, 

ʱʦ ʪʝʭʥʦʣʦʛʽʾ ʐɯ ʟʙʽʣʴʰʫʶʪʴ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʽ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʙʘʛʘʪʴʦʭ ʩʬʝʨʘʭ, ʚʢʣʶʯʘʶʯʠ 

ʪʨʘʥʩʧʦʨʪ, ʤʝʜʠʮʠʥʫ, ʦʩʚʽʪʫ ʪʘ ʙʽʟʥʝʩ (ʇʦʛʦʨʝʣʝʥʢʦ, 2025). ʉʴʦʛʦʜʥʽ ʦʩʦʙʣʠʚʫ ʫʚʘʛʫ ʚ 

ʜʦʩʣʽʜʞʝʥʥʷʭ ʧʨʠʜʽʣʷʶʪʴ ʤʝʜʠʯʥʦʤʫ ʚʠʢʦʨʠʩʪʘʥʥʶ ʐɯ. ʅʘʧʨʠʢʣʘʜ, ʩʠʩʪʝʤʘ Google 

DeepMind ʤʦʞʝ ʘʥʘʣʽʟʫʚʘʪʠ ʟʥʽʤʢʠ ʩʽʪʢʽʚʢʠ ʪʘ ʚʩʪʘʥʦʚʣʶʚʘʪʠ ʧʦʥʘʜ 50 ʜʽʘʛʥʦʟʽʚ, ʱʦ ʟʙʽʣʴʰʫʻ 

ʪʦʯʥʽʩʪʴ ʽ ʰʚʠʜʢʽʩʪʴ ʤʝʜʠʯʥʠʭ ʨʽʰʝʥʴ (ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʥʘʚʯʠʚʩʷ ʜʽʘʛʥʦʩʪʫʚʘʪʠ ʦʯʥʽ 

ʭʚʦʨʦʙʠ, 2023). ʉʝʨʛʽʡ ɹʨʽʥ, ʟʘʩʥʦʚʥʠʢ Google, ʧʦʧʝʨʝʜʞʘʻ, ʱʦ ʐɯ ʤʦʞʝ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʝ 

ʜʣʷ ʤʘʥʽʧʫʣʷʮʽʡ ʟ ʣʶʜʴʤʠ, ʘ ʪʘʢʦʞ ʟʚʝʨʪʘʻ ʫʚʘʛʫ ʥʘ ʥʝʤʦʞʣʠʚʽʩʪʴ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ ʟʘ ʨʽʰʝʥʥʷ, 

ʧʨʠʡʥʷʪʽ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ (ʇʦʛʦʨʝʣʝʥʢʦ, 2025). ʊʘʢʽ ʤʦʨʘʣʴʥʽ ʜʽʣʝʤʠ, ʫ ʪʦʤʫ ʯʠʩʣʽ ʱʦʜʦ 

ʙʝʟʧʽʣʦʪʥʠʭ ʘʚʪʦʤʦʙʽʣʽʚ, ʘʥʘʣʽʟʫʻ ʈʦʛʦʞʘ (2023), ʱʦ ʧʽʜʢʨʝʩʣʶʻ ʚʽʜʤʽʥʥʽʩʪʴ ʤʽʞ ʤʦʨʘʣʴʥʠʤʠ 

ʤʦʞʣʠʚʦʩʪʷʤʠ ʣʶʜʠʥʠ ʪʘ ʘʣʛʦʨʠʪʤʽʚ ʐɯ.ʋ ʬʽʣʦʩʦʬʩʴʢʦʤʫ ʢʦʥʪʝʢʩʪʽ ɯ.ʂʘʥʪ ʧʽʜʢʨʝʩʣʶʻ, ʱʦ 

ʤʦʨʘʣʴʥʠʡ ʟʘʢʦʥ ʤʘʻ ʫʥʽʚʝʨʩʘʣʴʥʫ ʧʨʠʨʦʜʫ ʽ ʤʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʜʦ ʝʪʠʯʥʦʛʦ ʨʝʛʫʣʶʚʘʥʥʷ 

ʐɯ (ʂʘʥʪ, 1965). ʆʜʥʘʢ ʦʙʤʝʞʝʥʽ ʤʦʞʣʠʚʦʩʪʽ ʐɯ ʫ ʚʠʙʦʨʽ, ʱʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʝʤʦʮʽʡ ʪʘ 

ʨʘʮʽʦʥʘʣʴʥʠʭ ʤʽʨʢʫʚʘʥʴ, ʚʢʘʟʫʶʪʴ ʥʘ ʬʫʥʜʘʤʝʥʪʘʣʴʥʫ ʨʽʟʥʠʮʶ ʤʽʞ ʣʶʜʠʥʦʶ ʪʘ ʤʘʰʠʥʘʤʠ, 

ʱʦ ʚʠʤʘʛʘʻ ʦʩʦʙʣʠʚʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʬʦʨʤʫʚʘʥʥʷ ʝʪʠʯʥʠʭ ʩʪʘʥʜʘʨʪʽʚ (ʈʦʛʦʞʘ, 2023). ʊʘʢʠʤ 

ʯʠʥʦʤ, ʩʫʯʘʩʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʫʶʪʴ, ʱʦ ʐɯ ʤʘʻ ʧʦʜʚʽʡʥʫ ʧʨʠʨʦʜʫ: ʟ ʦʜʥʦʛʦ ʙʦʢʫ, ʚʽʥ 

ʚʽʜʢʨʠʚʘʻ ʰʠʨʦʢʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʨʦʟʚʠʪʢʫ ʩʫʩʧʽʣʴʩʪʚʘ ʪʘ ʪʝʭʥʦʣʦʛʽʡ, ʘ ʟ ʽʥʰʦʛʦ ï ʩʪʚʦʨʶʻ 

ʧʦʪʝʥʮʽʡʥʽ ʝʪʠʯʥʽ ʪʘ ʩʦʮʽʘʣʴʥʽ ʟʘʛʨʦʟʠ, ʷʢʽ ʧʦʪʨʝʙʫʶʪʴ ʥʘʫʢʦʚʦʛʦ ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʨʝʛʫʣʶʚʘʥʥʷ 

ʪʘ ʜʦʪʨʠʤʘʥʥʷ ʝʪʠʯʥʠʭ ʥʦʨʤ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʚ ʝʪʠʯʥʦʤʫ ʫʩʚʽʜʦʤʣʝʥʥʽ ʚʧʣʠʚʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, 

ʩʧʨʷʤʦʚʘʥʦʛʦ ʥʘ ʨʝʘʣʴʥʫ ʟʘʛʨʦʟʫ ʜʣʷ ʩʫʩʧʽʣʴʩʪʚʘ, ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʜʽʷʣʴʥʦʩʪʽ ʥʝʡʨʦʤʝʨʝʞʽ ʟ 

ʣʶʜʩʴʢʠʤʠ ʬʘʢʪʦʨʘʤʠ, ʣʶʜʝʡ. 

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ. ʄʦʨʘʣʴ - ʬʝʥʦʤʝʥ ʩʫʪʦ ʣʶʜʩʴʢʦʛʦ ʩʚʽʪʫ. ʊʨʘʜʠʮʽʡʥʦ 

ʣʶʜʠʥʘ ʧʣʝʢʘʣʘ ʩʚʦʶ ʣʶʜʩʴʢʽʩʪʴ, ʚʽʜʤʝʞʦʚʫʶʯʠ ʩʝʙʝ ʚʽʜ ʩʚʽʪʫ ʧʨʠʨʦʜʠ. ʅʠʥʽ ʝʪʠʢʘ 

ʘʢʪʫʘʣʽʟʫʻʪʴʩʷ ʫ ʟʚ'ʷʟʢʫ ʟ ʧʠʪʘʥʥʷʤʠ ʧʨʦ ʪʝ, ʯʠ ʧʦʪʨʽʙʥʦ ʣʶʜʠʥʽ ʜʠʩʪʘʥʮʽʶʚʘʪʠʩʷ ʚʽʜ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʯʠ ʧʦʪʨʽʙʥʦ ʩʪʚʦʨʶʚʘʪʠ ʝʪʠʯʥʫ ʨʝʛʣʘʤʝʥʪʘʮʽʶ ʚ ʛʘʣʫʟʽ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʽ ʥʘ ʱʦ ʚ ʥʽʡ ʩʣʽʜ ʩʧʠʨʘʪʠʩʷ ʡ ʢʫʜʠ ʘʢʮʝʥʪʫʚʘʪʠ ʫʚʘʛʫ?  

ʎʽ ʧʠʪʘʥʥʷ ʚʠʥʠʢʘʶʪʴ ʚ ʦʙʩʪʘʚʠʥʘʭ, ʟʘ ʷʢʠʭ ʚʯʝʥʽ ʧʦʢʦʣʽʥʥʷʤʠ ʧʨʘʮʶʚʘʣʠ ʥʘ ʪʝ, ʱʦʙ 

ʪʝʭʥʽʯʥʦ ʟʘʙʝʟʧʝʯʠʪʠ ʢʦʤʬʦʨʪʥʝ ʽʩʥʫʚʘʥʥʷ ʣʶʜʠʥʠ, ʷʢʝ, ʩʝʨʝʜ ʽʥʰʦʛʦ, ʧʨʠʟʚʝʣʦ ʜʦ ʧʝʚʥʦʾ 

ʤʽʨʠ ʟʨʦʱʫʚʘʥʥʷ ʣʶʜʠʥʠ ʟ ʤʘʰʠʥʦʶ. ʉʴʦʛʦʜʥʽ ʙʫʜʝʥʥʽʩʪʶ ʥʘʰʦʛʦ ʞʠʪʪʷ ʻ ʢʽʙʦʨʛʠ - 

ʙʽʦʣʦʛʽʯʥʽ ʽʩʪʦʪʠ, ʚ ʷʢʽ ʚʞʠʚʣʝʥʦ ʤʝʭʘʥʽʯʥʽ ʯʠ ʝʣʝʢʪʨʦʥʥʽ ʢʦʤʧʦʥʝʥʪʠ. ʂʦʣʠ ʰʪʫʯʥʽ ʦʨʛʘʥʠ, 

ʩʫʛʣʦʙʠ, ʪʢʘʥʠʥʠ ʩʪʘʶʪʴ ʟʚʠʯʥʠʤʠ ʚ ʣʶʜʩʴʢʦʤʫ ʦʨʛʘʥʽʟʤʽ, ʧʦʩʪʘʻ ʧʠʪʘʥʥʷ, ʜʦ ʷʢʦʾ ʤʽʨʠ 

ʣʶʜʠʥʘ ʟʘʣʠʰʘʻʪʴʩʷ ʣʶʜʠʥʦʶ, ʧʨʠʨʦʩʪʘʶʯʠ ʝʣʝʢʪʨʦʥʥʠʤʠ ʯʠ ʤʝʭʘʥʽʯʥʠʤʠ ʧʨʠʩʪʨʦʷʤʠ? 

 ɺʯʝʥʽ ʚʢʘʟʫʶʪʴ, ʱʦ ʨʦʙʦʪʘ ʤʦʟʢʫ ʣʶʜʠʥʠ ʧʦʚ'ʷʟʘʥʘ ʟ ʜʽʻʶ ʦʨʛʘʥʽʚ ʯʫʪʪʽʚ ʽ ʢʦʥʪʨʦʣʝʤ 

ʙʽʦʣʦʛʽʯʥʦʛʦ ʪʽʣʘ, ʪʦʤʫ ʧʦʚʥʦʮʽʥʥʦ ʤʦʟʦʢ ʤʦʞʝ ʧʨʘʮʶʚʘʪʠ ʣʠʰʝ ʥʘ ʙʽʦʣʦʛʽʯʥʽʡ ʦʩʥʦʚʽ. ʆʪʞʝ, 

ʧʦʢʠ ʣʶʜʠʥʘ ʽʜʝʥʪʠʬʽʢʫʻ ʩʝʙʝ ʣʶʜʠʥʦʶ, ʧʦʢʠ ʤʝʭʘʥʽʯʥʽ ʯʠ ʝʣʝʢʪʨʦʥʥʽ ʧʨʠʩʪʨʦʾ ʥʝ ʫʩʫʚʘʶʪʴ 

ʾʾ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦ-ʯʫʪʪʻʚʫ ʧʨʠʨʦʜʫ, ʜʦʪʠ ʚʦʥʘ ʽʜʝʥʪʠʬʽʢʫʻ ʩʝʙʝ ʣʶʜʠʥʦʶ ʚ ʻʜʥʦʩʪʽ ʨʦʟʫʤʦʚʦʛʦ, 

ʪʽʣʝʩʥʦʛʦ ʡ ʝʤʦʮʽʡʥʦʛʦ. ʐʪʫʯʥʠʡ ʞʝ ʽʥʪʝʣʝʢʪ ʤʘʻ ʽʥʰʫ ʧʨʠʨʦʜʫ - ʚʽʥ ʚʽʜ ʧʦʯʘʪʢʫ ʻ ʤʘʰʠʥʦʶ. 
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ʁ ʨʽʟʥʦʛʦ ʨʦʜʫ ʥʘʤʘʛʘʥʥʷ ʨʦʟʨʦʙʥʠʢʽʚ ʥʘʜʘʪʠ ʡʦʤʫ ʘʥʪʨʦʧʦʣʦʛʽʯʥʽ ʬʦʨʤʠ ʥʝ ʫʩʫʚʘʶʪʴ ʮʽʻʾ 

ʚʠʩʭʽʜʥʦʾ ʩʠʪʫʘʮʽʾ, ʷʢʘ ʟʘʜʘʻ ʟʦʚʩʽʤ ʽʥʰʫ ʪʦʥʘʣʴʥʽʩʪʴ ʝʪʠʯʥʠʭ ʧʨʦʙʣʝʤ.  

ʊʘʢ, ʨʦʙʦʪ ʉʦʬʽʷ ʤʘʻ ʘʥʪʨʦʧʦʤʦʨʬʥʫ ʬʦʨʤʫ ʡ ʤʦʞʝ ʚʠʩʣʦʚʣʶʚʘʪʠ ʝʤʦʮʽʾ, ʽ ʩʘʤʘ 

ʥʘʷʚʥʽʩʪʴ ʪʘʢʦʛʦ ʤʝʭʘʥʽʟʤʫ ʧʨʦʚʦʢʫʻ ʧʠʪʘʥʥʷ ʮʽʥʥʽʩʥʦʛʦ ʭʘʨʘʢʪʝʨʫ. ʋʩʚʽʜʦʤʣʶʶʯʠ 

ʧʦʪʝʥʮʽʡʥʫ ʟʘʛʨʦʟʫ ʚʽʜ ʩʘʤʦʢʝʨʦʚʘʥʦʩʪʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʫ 2018 ʨ. ʚ ɭʚʨʦʧʝʡʩʴʢʦʤʫ ʉʦʶʟʽ 

ʨʦʟʧʦʯʘʪʦ ʨʦʙʦʪʫ ʝʢʩʧʝʨʪʽʚ ʥʘʜ ʚʠʟʥʘʯʝʥʥʷʤ ʝʪʠʯʥʠʭ ʧʨʠʥʮʠʧʽʚ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ. ʅʘ ʩʴʦʛʦʜʥʽ ʚʠʦʢʨʝʤʣʝʥʦ ʪʘʢʽ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʟʘʩʣʫʛʦʚʫʚʘʪʠ ʥʘ ʜʦʚʽʨʫ, 

ʚʽʜʧʦʚʽʜʘʪʠ ʟʘʢʦʥʘʤ ʪʘ ʧʨʘʚʠʣʘʤ, ʧʝʨʝʜʙʘʯʘʪʠ ʢʦʥʪʨʦʣʴ ʟ ʙʦʢʫ ʣʶʜʠʥʠ, ʚʨʘʭʦʚʫʚʘʪʠ ʽʥʪʝʨʝʩʠ 

ʩʫʩʧʽʣʴʩʪʚʘ ʪʘ ʧʨʘʚʘ ʣʶʜʠʥʠ, ʙʫʪʠ ʥʘʜʽʡʥʠʤ, ʙʝʟʧʝʯʥʠʤ, ʩʪʘʙʽʣʴʥʠʤ, ʧʦʚʘʞʘʪʠ ʧʨʠʚʘʪʥʽʩʪʴ 

ʣʶʜʠʥʠ ʪʘ ʙʝʟʧʝʢʫ ʜʘʥʠʭ ʧʨʦ ʥʝʾ, ʙʫʪʠ ʧʨʦʟʦʨʠʤ, ʚʨʘʭʦʚʫʚʘʪʠ ʚʩʽ ʣʶʜʩʴʢʽ ʦʩʦʙʣʠʚʦʩʪʽ, 

ʚʢʣʶʯʘʶʯʠ ʬʽʟʠʯʥʫ ʩʧʨʦʤʦʞʥʽʩʪʴ, ʩʧʨʠʷʪʠ ʨʦʟʚʠʪʢʫ ʩʫʩʧʽʣʴʩʪʚʘ ʪʦʱʦ. ʋʩʽ ʩʽʤ ʧʨʠʥʮʠʧʽʚ, ʧʦ 

ʚʝʣʠʢʦʤʫ ʨʘʭʫʥʢʫ, ʤʦʞʫʪʴ ʙʫʪʠ ʦʭʦʧʣʝʥʽ ʦʜʥʠʤ ʤʝʪʘʧʨʠʥʮʠʧʦʤ - ʢʦʥʪʨʦʣʴ ʚ ʽʤ'ʷ ʙʝʟʧʝʢʠ 

ʣʶʜʠʥʠ.  

ɺʘʨʪʦ ʟʘʟʥʘʯʠʪʠ ʜʫʤʢʫ ɼʞʦʥʘ ʄʘʢʢʘʨʪʽ ʧʨʦ ʧʦʯʘʪʢʦʚʠʡ ʥʘʧʨʷʤʦʢ ʜʦʩʣʽʜʞʝʥʴ ʚ ʦʙʣʘʩʪʽ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ: çʄʝʪʘ ʧʦʣʷʛʘʣʘ ʚ ʪʦʤʫ, ʱʦʙ ʧʨʠʧʠʥʠʪʠ ʚʠʚʯʝʥʥʷ ʧʦʚʝʜʽʥʢʠ ʣʶʜʠʥʠ ʪʘ 

ʨʦʟʛʣʷʜʘʪʠ ʢʦʤʧôʶʪʝʨ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʝʚʥʠʭ ʟʘʜʘʯ. ʆʪʞʝ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ 

ʩʪʘʚ ʯʘʩʪʠʥʦʶ ʢʦʤʧôʶʪʝʨʥʦʾ ʥʘʫʢʠ, ʘ ʥʝ ʧʩʠʭʦʣʦʛʽʾè. ɺʘʞʣʠʚʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʨʽʟʥʠʮʷ ʤʽʞ 

ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ ʪʘ ʣʶʜʩʴʢʠʤ ʽʥʪʝʣʝʢʪʦʤ ʧʦʩʪʫʧʦʚʦ ʟʙʽʣʴʰʫʻʪʴʩʷ, ʦʩʢʽʣʴʢʠ ʩʠʩʪʝʤʠ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚʩʝ ʙʽʣʴʰ ʝʬʝʢʪʠʚʥʦ ʚʠʢʦʥʫʶʪʴ ʬʫʥʢʮʽʾ ʣʶʜʠʥʠ ʚ ʨʽʟʥʠʭ ʩʬʝʨʘʭ ʞʠʪʪʷ.[ 

8, ʩ.4]. 

ʇʦʷʚʘ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (AI ï artificial intelligence) ʤʦʞʝ ʩʪʘʪʠ çʥʘʡʛʽʨʰʦʶ ʧʦʜʽʻʶ ʚ 

ʽʩʪʦʨʽʾ ʥʘʰʦʾ ʮʠʚʽʣʽʟʘʮʽʾè, ʷʢʱʦ ʣʶʜʩʪʚʦ ʥʝ ʟʥʘʡʜʝ ʩʧʦʩʽʙ ʢʦʥʪʨʦʣʶʚʘʪʠ ʡʦʛʦ ʥʝʩʪʨʠʤʥʠʡ 

ʨʦʟʚʠʪʦʢ. ʇʨʦ ʮʝ ʟʘʷʚʠʚ ʚʠʜʘʪʥʠʡ ʬʽʟʠʢ ʉʪʽʚʝʥ ʍʦʢʽʥʛ, ʚʠʩʪʫʧʘʶʯʠ ʥʘ ʪʝʭʥʦʣʦʛʽʯʥʽʡ 

ʢʦʥʬʝʨʝʥʮʽʾ Web Summit ʫ ʃʽʩʩʘʙʦʥʽ, ʇʦʨʪʫʛʘʣʽʷ. çʊʝʦʨʝʪʠʯʥʦ ʢʦʤʧᾷʶʪʝʨʠ ʤʦʞʫʪʴ 

ʥʘʩʣʽʜʫʚʘʪʠ ʣʶʜʩʴʢʠʡ ʨʦʟʫʤ ʽ ʥʘʚʽʪʴ ʧʝʨʝʚʝʨʰʫʚʘʪʠ ʡʦʛʦè, ï ʩʢʘʟʘʚ ʚʽʥ. ɿʘ ʩʣʦʚʘʤʠ ʚʯʝʥʦʛʦ, 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʣʷ ʪʦʛʦ, ʱʦʙ ʟʤʝʥʰʠʪʠ ʰʢʦʜʫ, ʷʢʫ ʟʘʚʜʘʻ ʣʶʜʩʪʚʦ 

ʥʘʚʢʦʣʠʰʥʴʦʤʫ ʩʝʨʝʜʦʚʠʱʫ, ʱʦʙ ʚʠʢʦʨʽʥʠʪʠ ʙʽʜʥʽʩʪʴ ʽ ʭʚʦʨʦʙʠ, ʦʜʥʘʢ ʤʘʡʙʫʪʥʻ ʽ ʜʦʩʽ 

ʥʝʚʠʟʥʘʯʝʥʦ. çʉʪʚʦʨʝʥʥʷ AI ʤʦʞʝ ʙʫʪʠ ʷʢ ʥʘʡʙʽʣʴʰʠʤ ʫʩʧʽʭʦʤ ʚ ʽʩʪʦʨʽʾ ʥʘʰʦʾ ʮʠʚʽʣʽʟʘʮʽʾ, ʪʘʢ 

ʽ ʥʘʡʛʽʨʰʦʶ ʧʦʜʽʻʶ. ʄʠ ʧʨʦʩʪʦ ʥʝ ʟʥʘʻʤʦ. ʅʝʚʽʜʦʤʦ, ʯʠ ʙʫʜʝ AI ʙʝʟʢʽʥʝʯʥʦ ʜʦʧʦʤʘʛʘʪʠ ʥʘʤ, 

ʯʠ ʧʨʦʩʪʦ ʚʽʜʩʫʥʝ ʥʘʩ ʚʙʽʢ, ʨʦʟʚʠʚʘʶʯʠʩʴ ʚʩʝ ʰʠʨʰʝ, ʯʠ ʟʥʠʱʠʪʴ ʥʘʩè, ï ʩʢʘʟʘʚ ʍʦʢʽʥʛ[5] 

ʅʘ ʜʫʤʢʫ ʦʜʥʦʛʦ ʟ ʪʚʦʨʮʽʚ çGoogleè ʉʝʨʛʽʷ ɹʨʽʥʘ, ʰʪʫʯʥʠʡ   ʽʥʪʝʣʝʢʪ   ʥʝʙʝʟʧʝʯʥʠʡ   

ʥʘʩʘʤʧʝʨʝʜ   ʪʠʤ,   ʱʦ  ʤʦʞʝ  ʙʫʪʠ  ʚʠʢʦʨʠʩʪʘʥʠʡ  ʜʣʷ  ʤʘʥʽʧʫʣʶʚʘʥʥʷ  ʣʶʜʴʤʠ.  ɺʽʥ  ʪʘʢʦʞ  

ʧʽʜʥʽʤʘʻ  ʧʠʪʘʥʥʷ  ʱʦʜʦ  ʚʧʣʠʚʫ  ʰʪʫʯʥʦʛʦ  ʽʥʪʝʣʝʢʪʫ  ʥʘ  ʧʨʘʮʝʚʣʘʰʪʫʚʘʥʥʷ  ʚ  ʨʽʟʥʠʭ  ʛʘʣʫʟʷʭ,  

ʨʦʟʫʤʽʥʥʷ  ʪʦʛʦ,  ʱʦ  ʚʽʜʙʫʚʘʻʪʴʩʷ  ʚʩʝʨʝʜʠʥʽ  ʮʠʭ  ʪʝʭʥʦʣʦʛʽʡ  ʪʘ  ʱʦʜʦ  ʦʮʽʥʢʠ  ʾʭ  

ʦʙ'ʻʢʪʠʚʥʦʩʪʽ  ʪʘ  ʙʝʟʧʝʯʥʦʩʪʽ. ɼʦʜʘʪʢʦʚʠʡ çʤʽʥʫʩè ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ï ʚʽʜʩʫʪʥʽʩʪʴ  

ʜʦʧʦʤʽʞʥʦʛʦ  ʙʣʦʢʫ  ʘʚʪʦʥʦʤʥʦʾ  (ʫʩʚʽʜʦʤʣʝʥʦʾ)  ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ ʫʭʚʘʣʝʥʥʷ ʦʩʪʘʪʦʯʥʦʛʦ 

ʨʽʰʝʥʥʷ, ʱʦ ʩʚʽʜʯʠʪʴ  ʧʨʦ  ʥʝʤʦʞʣʠʚʽʩʪʴ  ʫʭʚʘʣʝʥʥʷ  ʘʜʝʢʚʘʪʥʠʭ  ʨʽʰʝʥʴ.  ɸʣʝ,  ʷʢʠʤʠ  ʙ  

ʜʝʧʨʝʩʠʚʥʠʤʠ  ʦʯʽʢʫʚʘʥʥʷʤʠ  ʥʝ  ʥʘʧʦʚʥʶʚʘʣʠ  ʜʝʷʢʽ  ʬʘʭʽʚʮʽ  ʽʥʬʦʨʤʘʮʽʡʥʝ  ʧʦʣʝ  ʩʪʦʩʦʚʥʦ  

ʧʝʨʩʧʝʢʪʠʚ  ʨʦʟʚʠʪʢʫ  ʰʪʫʯʥʦʛʦ  ʽʥʪʝʣʝʢʪʫ,  ʧʦʢʠ  ʦʯʝʚʠʜʥʦ  ʦʜʥʝ:  ʥʝʛʘʪʠʚʥʽ  ʥʘʩʣʽʜʢʠ  ʚʽʜ 

ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʧʦʚʥʽʩʪʶ ʥʽʚʝʣʶʶʪʴʩʷ ʧʦʟʠʪʠʚʥʠʤʠ  ʨʝʟʫʣʴʪʘʪʘʤʠ  ʪʘ  

ʧʝʨʩʧʝʢʪʠʚʘʤʠ  ʚʽʜ  ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥ[̫3, ʩ.25]. 

ʗʢʱʦ ʛʦʚʦʨʠʪʠ ʧʨʦ ʙʽʣʴʰ ʩʝʨʡʦʟʥʫ ʟʘʛʨʦʟʫ, ɯʣʦʥ ʄʘʩʢ ʩʢʘʟʘʚ, ʱʦ ʥʝʙʝʟʧʝʢʘ, ʷʢʫ 

ʩʪʘʥʦʚʠʪʴ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʻ ʙʽʣʴʰʦʶ, ʥʽʞ ʟʘʛʨʦʟʘ, ʷʢʫ ʩʪʘʥʦʚʠʪʴ ʇʽʚʥʽʯʥʘ ʂʦʨʝʷ. ʋ 

ʩʫʧʨʦʚʽʜʥʦʤʫ ʪʚʽʪʽ ʄʘʩʢ ʜʝʪʘʣʴʥʽʰʝ ʨʦʟʧʦʚʽʚ ʧʨʦ ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʝʛʫʣʶʚʘʥʥʷ ʨʦʟʨʦʙʢʠ ʩʠʩʪʝʤ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʎʝ ʧʝʨʝʛʫʢʫʻʪʴʩʷ ʟ ʡʦʛʦ ʩʣʦʚʘʤʠ ʥʘ ʧʦʯʘʪʢʫ ʮʴʦʛʦ ʤʽʩʷʮʷ: çʐʪʫʯʥʠʡ 

ʽʥʪʝʣʝʢʪ ð ʮʝ ʧʨʦʩʪʦ ʪʝ, ʱʦ, ʥʘ ʤʦʶ ʜʫʤʢʫ, ʩʪʘʥʦʚʠʪʴ ʨʠʟʠʢ ʜʣʷ ʛʨʦʤʘʜʩʴʢʦʩʪʽ, ʟʘʩʣʫʛʦʚʫʻ 

ʧʨʠʥʘʡʤʥʽ ʥʘ ʨʦʟʛʣʷʜ ʟ ʙʦʢʫ ʫʨʷʜʫ, ʦʩʢʽʣʴʢʠ ʦʜʥʠʤ ʽʟ ʟʘʚʜʘʥʴ ʫʨʷʜʫ ʻ ʜʦʙʨʦʙʫʪ 

ʛʨʦʤʘʜʩʴʢʦʩʪʽè. 

ʊʘʢʽ ʝʢʩʧʝʨʪʠ, ʷʢ ʉʪʽʚʝʥ ɻʦʢʽʥʛ, ʜʘʚʥʦ ʧʦʧʝʨʝʜʞʘʣʠ ʧʨʦ ʧʦʪʝʥʮʽʘʣ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ 

ʟʥʠʱʠʪʠ ʣʶʜʩʪʚʦ. ɺ ʽʥʪʝʨʚ'ʶ 2014 ʨʦʢʫ ʚʽʜʦʤʠʡ ʬʽʟʠʢ ʟʘʷʚʠʚ, ʱʦ çʨʦʟʚʠʪʦʢ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʤʦʞʝ ʦʟʥʘʯʘʪʠ ʢʽʥʝʮʴ ʣʶʜʩʴʢʦʾ ʨʘʩʠè. ɹʽʣʴʰʝ ʪʦʛʦ, ʚʽʥ ʨʦʟʛʣʷʜʘʻ ʧʦʰʠʨʝʥʥʷ 

ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʷʢ ʟʛʫʙʥʫ ʩʠʣʫ ʜʣʷ ʩʝʨʝʜʥʴʦʛʦ ʢʣʘʩʫ. ɯʥʰʠʡ ʝʢʩʧʝʨʪ, ʄʘʡʢʣ ɺʘʩʩʘʨ , ʛʦʣʦʚʥʠʡ 

https://futurism.com/category/future-society
https://futurism.com/2-expert-thinks-ai-will-undoubtably-wipe-out-humanity


 

 

147 

 

ʥʘʫʢʦʚʠʡ ʩʧʽʚʨʦʙʽʪʥʠʢ MetaMed Research, ʟʘʷʚʠʚ: çʗʢʱʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʱʦ ʧʝʨʝʚʝʨʰʫʻ 

ʣʶʜʩʴʢʠʡ, ʙʫʜʝ ʚʠʥʘʡʜʝʥʦ ʙʝʟ ʥʘʣʝʞʥʦʾ ʦʙʝʨʝʞʥʦʩʪʽ, ʤʘʡʞʝ ʥʘʧʝʚʥʦ, ʱʦ ʣʶʜʩʴʢʠʡ ʚʠʜ ʜʫʞʝ 

ʰʚʠʜʢʦ ʚʠʤʨʝè. [7] 

ɯʥʰʠʡ ʧʣʘʩʪ ʧʨʦʙʣʝʤ ʟ ʙʝʟʧʽʣʦʪʥʠʤʠ ʘʚʪʦʤʦʙʽʣʷʤʠ ʚʠʥʠʢʘʻ ʪʘʢʦʞ ʱʦʜʦ ʧʠʪʘʥʴ 

ʙʝʟʧʝʢʠ. ʉʘʤʦʢʝʨʦʚʘʥʠʡ ʘʚʪʦʤʦʙʽʣʴ ʨʝʢʣʘʤʫʻʪʴʩʷ ʷʢ ʪʘʢʠʡ, ʱʦ ʥʘ ʧʦʨʷʜʢʠ ʻ ʙʝʟʧʝʯʥʽʰʠʤ, ʥʽʞ 

ʢʝʨʦʚʘʥʽ ʣʶʜʠʥʦʶ ʤʘʰʠʥʠ. ʋ ʚʠʧʘʜʢʫ ʘʚʘʨʽʾ ʤʘʰʠʥʘ ʙʫʜʝ ʜʽʷʪʠ ʨʘʮʽʦʥʘʣʴʥʦ, ʚʽʜʧʦʚʽʜʥʦ ʜʦ 

ʪʦʛʦ, ʷʢ ʚʦʥʘ ʟʘʧʨʦʛʨʘʤʦʚʘʥʘ - ʚʨʷʪʫʚʘʪʠ ʩʚʦʛʦ ʚʣʘʩʥʠʢʘ ʟʘ ʨʘʭʫʥʦʢ ʫʩʴʦʛʦ ʽʥʰʦʛʦ ʩʚʽʪʫ. 

ɺʣʘʩʥʝ, ʚʩʝ çʣʶʜʩʴʢʝè ʪʫʪ ʚʠʢʣʶʯʘʻʪʴʩʷ ʚʽʜ ʧʦʯʘʪʢʫ - ʝʤʦʮʽʾ, ʽʤʧʫʣʴʩʠ, ʧʦʨʠʚʠ, ʩʘʤʦʧʦʞʝʨʪʚʘ 

ʚʦʜʽʷ (ʥʘʧʨʠʢʣʘʜ, ʷʢʱʦ ʜʠʪʠʥʘ ʚʠʙʽʛʣʘ ʥʘ ʧʨʦʾʞʜʞʫ ʯʘʩʪʠʥʫ) ʷʢ ʪʘʢʝ, ʱʦ ʥʝ ʚʭʦʜʠʪʴ ʫ 

ʧʨʦʛʨʘʤʫ ʟʙʝʨʝʞʝʥʥʷ ʧʘʩʘʞʠʨʘ. ɺʣʘʩʥʝ, ʜʣʷ ʜʠʣʝʤʠ ʚʘʛʦʥʝʪʢʠ ʪʫʪ ʧʨʦʩʪʦ ʥʝ ʟʘʣʠʰʘʻʪʴʩʷ 

ʤʽʩʮʷ. ɯ ʬʘʢʪʠ ʣʠʰʝ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʪʘʢʽ ʤʽʨʢʫʚʘʥʥʷ. ʉʚʦʛʦ ʯʘʩʫ ʙʫʣʘ ʦʧʨʠʣʶʜʥʝʥʘ ʚʝʨʩʽʷ 

ʧʨʠʯʠʥ ʘʚʪʦʤʦʙʽʣʴʥʦʾ ʘʚʘʨʽʾ ʫ ʉʐɸ, ʢʦʣʠ ʙʝʟʧʽʣʦʪʥʠʡ ʘʚʪʦʤʦʙʽʣʴ ʟʙʠʚ ʥʘ ʩʤʝʨʪʴ ʞʽʥʢʫ, ʷʢʘ 

ʧʝʨʝʭʦʜʠʣʘ ʜʦʨʦʛʫ ʚ ʥʝʜʦʟʚʦʣʝʥʦʤʫ ʤʽʩʮʽ. ʇʨʠʯʠʥʦʶ ʘʚʘʨʽʾ ʩʪʘʣʘ ʧʦʤʠʣʢʘ ʫ ʨʦʟʧʽʟʥʘʚʘʥʥʽ 

ʦʙ'ʻʢʪʫ, ʱʦ ʨʫʭʘʚʩʷ.  

ʉʚʦʛʦ ʯʘʩʫ ɯ.ʂʘʥʪ ʚ çʆʩʥʦʚʘʭ ʤʝʪʘʬʽʟʠʢʠ ʤʦʨʘʣʴʥʦʩʪʽè ʥʘʜʘʚ ʘʨʛʫʤʝʥʪ ʩʫʯʘʩʥʠʤ 

ʟʘʭʠʩʥʠʢʘʤ ʟʘʧʨʦʚʘʜʞʝʥʥʷ ʝʪʠʯʥʠʭ ʧʨʠʥʮʠʧʽʚ ʜʣʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʚʥʽʩʰʠ ʨʦʟʨʽʟʥʝʥʥʷ 

ʧʦʥʷʪʴ ʣʶʜʠʥʠ ʽ ʨʦʟʫʤʥʦʾ ʽʩʪʦʪʠ: çɿʥʘʯʝʥʥʷ ʤʦʨʘʣʴʥʦʛʦ ʟʘʢʦʥʫ ʜʦ ʪʘʢʦʾ ʤʽʨʠ ʧʨʦʩʪʦʨʝ, ʱʦ 

ʚʦʥʦ ʤʘʻ ʩʠʣʫ ʥʝ ʣʠʰʝ ʜʣʷ ʣʶʜʝʡ, ʘ ʡ ʜʣʷ ʚʩʽʭ ʨʦʟʫʤʥʠʭ ʽʩʪʦʪ ʚʟʘʛʘʣʽè. ʄʦʨʘʣʴʥʠʡ ʟʘʢʦʥ ʚ 

ʪʘʢʦʤʫ ʨʘʢʫʨʩʽ ʻ ʫʥʽʚʝʨʩʘʣʴʥʠʤ ʤʦʨʘʣʴʥʠʤ ʧʨʠʧʠʩʦʤ ʜʣʷ ʙʫʜʴ-ʷʢʦʾ ʨʦʟʫʤʥʦʾ ʽʩʪʦʪʠ. ʎʝ 

ʜʦʟʚʦʣʷʻ ʩʪʚʝʨʜʞʫʚʘʪʠ, ʱʦ ʤʦʨʘʣʴʥʠʡ ʟʘʢʦʥ ʯʠʥʥʠʡ ʽ ʜʣʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ɸʣʝ ʥʘ ʮʝ ʻ ʡ 

ʢʦʥʪʨʘʨʛʫʤʝʥʪ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʥʝ ʤʘʻ ʻʜʥʦʩʪʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʡ ʝʤʦʮʽʡʥʦʾ, ʟʘʩʥʦʚʘʥʦʾ ʥʘ 

ʙʽʦʣʦʛʽʯʥʽʡ ʧʨʠʨʦʜʽ ʩʫʙ'ʻʢʪʘ, ʱʦ ʟʘʚʞʜʠ ʣʶʜʠʥʽ ʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʩʧʠʩʘʪʠ ʩʢʦʻʥʝ ʥʘ çʣʶʜʩʴʢʠʡ 

ʬʘʢʪʦʨè, ʚʯʠʥʠʪʠ ʥʝʣʦʛʽʯʥʦ/ ʥʝʨʘʮʽʦʥʘʣʴʥʦ, ʧʨʦʪʝ ʛʝʨʦʾʯʥʦ, ʞʝʨʪʦʚʥʦ - ʥʘ ʧʦʨʠʚʽ, ʽʤʧʫʣʴʩʽ, 

ʟʘʨʘʜʠ ʽʥʰʦʛʦ.  

ɺʣʘʩʥʝ, ʮʝ ʜʘʻ ʧʽʜʩʪʘʚʠ ʚʠʟʥʘʯʘʪʠ, ʱʦ ʢʽʙʦʨʛ - ʮʝ ʣʶʜʠʥʘ, ʘ ʥʦʩʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ-

ʟʘʚʞʜʠ ʤʘʰʠʥʘ.[4, ʩ.48-49]. 

ɹʫʜʴ ʷʢʠʡ ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʧʨʦʜʫʢʪ ʩʴʦʛʦʜʥʽ ï ʮʝ ʨʝʟʫʣʴʪʘʪ ʢʦʣʝʢʪʠʚʥʦʾ ʧʨʘʮʽ ʥʘʫʢʦʚʮʽʚ, 

ʽʥʞʝʥʝʨʽʚ, ʪʝʭʥʦʣʦʛʽʚ, ʬʘʭʽʚʮʽʚ ʟ ʦʙʨʦʙʢʠ ʜʘʥʠʭ, ʜʠʟʘʡʥʝʨʽʚ ʪʘ ʽʥ. ʁʦʛʦ ʩʪʚʦʨʶʶʪʴ ʚ ʦʜʥʽʡ 

ʯʘʩʪʠʥʽ ʩʚʽʪʫ, ʢʦʨʠʩʪʫʶʪʴʩʷ ʡʦʛʦ ʤʦʞʣʠʚʦʩʪʷʤʠ ʪʘ ʧʝʨʝʚʘʛʘʤʠ ï ʚ ʽʥʰʽʡ. ʉʘʤʝ ʰʪʫʯʥʠʡ 

ʽʥʪʝʣʝʢʪ ʥʘʜʘʻ ʤʦʞʣʠʚʦʩʪʽ ʢʦʦʧʝʨʫʚʘʪʠʩʴ ʪʘ ʦʙʤʽʥʶʚʘʪʠʩʴ ʨʝʟʫʣʴʪʘʪʘʤʠ ʪʨʫʜʘ ʜʣʷ 

ʧʦʢʨʘʱʝʥʥʷ ʥʘʰʦʛʦ ʱʦʜʝʥʥʦʛʦ ʞʠʪʪʷ. ʎʝ ʪʽʣʴʢʠ ʟʜʘʻʪʴʩʷ, ʱʦ ʚ ʧʦʩʪʽʥʜʫʩʪʨʽʘʣʴʥʫ ʝʧʦʭʫ 

ʚʽʜʥʦʰʝʥʥʷ ʜʦ ʥʴʦʛʦ ʤʘʶʪʴ ʚʠʢʣʶʯʥʦ ʧʨʝʜʩʪʘʚʥʠʢʠ ʢʨʘʾʥ, ʷʢʽ ʚʽʜʯʫʚʘʶʪʴ ʥʘ ʩʦʙʽ ʫʩʽ ʧʝʨʝʚʘʛʠ 

VI ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ʫʢʣʘʜʫ. 

ʇʦʯʥʝʤʦ ʟ ʩʘʤʠʭ ʦʯʝʚʠʜʥʠʭ ʧʝʨʝʚʘʛ, ʷʢʽ ʩʫʧʨʦʚʦʜʞʫʶʪʴ ʘʢʪʠʚʥʠʡ ʨʦʟʚʠʪʦʢ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʦʩʪʘʥʥʽʤ ʯʘʩʦʤ ʪʘ ʨʦʙʣʷʪʴ ʞʠʪʪʷ, ʟʘ ʩʣʦʚʘʤʠ ɹʽʣʣʘ ɻʝʡʪʩʘ, çʧʨʦʜʫʢʪʠʚʥʽʰʠʤ, 

ʝʬʝʢʪʠʚʥʽʰʠʤ ʪʘ ʟʘʛʘʣʦʤ ʣʝʛʰʠʤè: çʨʦʟʫʤʥʝè ʨʝʛʫʣʶʚʘʥʥʷ ʨʫʭʫ ʪʘ ʟʤʝʥʰʝʥʥʷ çʧʨʦʙʦʢè ʥʘ 

ʜʦʨʦʛʘʭ; ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʜʽʘʛʥʦʩʪʠʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ ʚ ʤʝʜʠʮʠʥʽ; ʧʝʨʩʦʥʘʣʴʥʽ 

ʧʦʤʽʯʥʠʢʠ-ʘʩʠʩʪʝʥʪʠ ʣʶʜʠʥʠ; ʚʠʢʦʨʠʩʪʘʥʥʷ ʙʽʦʤʝʪʨʠʯʥʠʭ ʤʦʞʣʠʚʦʩʪʝʡ ʪʘ ʟʘʤʽʥʘ 

ʩʪʘʥʜʘʨʪʥʦʾ ʢʨʝʜʠʪʥʦʾ ʢʘʨʪʢʠ ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʣʶʜʠʥʠ; ʦʭʦʨʦʥʘ ʧʨʘʚʦʧʦʨʷʜʢʫ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʧʝʮʽʘʣʴʥʠʭ ʩʠʩʪʝʤ ʚʠʟʥʘʯʝʥʥʷ ʨʘʡʦʥʽʚ ʧʦʪʝʥʮʽʡʥʠʭ ʧʨʘʚʦʧʦʨʫʰʝʥʴ; 

ʧʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ çʨʦʟʫʤʥʠʭè ʤʽʩʪ; ʥʘʧʠʩʘʥʥʷ ʫʥʽʢʘʣʴʥʠʭ ʪʝʢʩʪʽʚ ʪʘ ʤʫʟʠʢʠ ʚʽʜʧʦʚʽʜʥʦ ʚ 

ʟʘʣʝʞʥʦʩʪʽ ʜʦ ʚʧʦʜʦʙʘʥʴ ʣʶʜʠʥʠ; ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ ʟʘ ʨʘʭʫʥʦʢ 

ʽʥʜʠʚʽʜʫʘʣʴʥʦʛʦ ʧʽʜʭʦʜʫ; ʧʦʚʩʷʢʜʝʥʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʽʨʪʫʘʣʴʥʦʾ ʨʝʘʣʴʥʦʩʪʽ ʪʘ ʽʥ. ɺʘʨʪʦ 

ʚʽʜʤʽʪʠʪʠ, ʱʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʪʘʥʝ ʥʝʟʘʤʽʥʥʠʤ ʧʦʤʽʯʥʠʢʦʤ ʡ ʚ ʙʽʟʥʝʩʽ. ɺʨʘʭʦʚʫʶʯʠ ʪʝ, ʱʦ 

ʜʽʷʣʴʥʽʩʪʴ ʩʫʙôʻʢʪʽʚ ʛʦʩʧʦʜʘʨʶʚʘʥʥʷ ʻ ʦʩʥʦʚʦʶ ʨʦʟʚʠʪʢʫ ʝʢʦʥʦʤʽʢʠ ʙʫʜʴ-ʷʢʦʾ ʢʨʘʾʥʠ, 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʻ ʟʘʧʦʨʫʢʦʶ ʨʦʩʪʫ.  

ɺʘʞʣʠʚʘ ʫʤʦʚʘ ï ʷʢʽʩʪʴ ʙʽʟʥʝʩ-ʤʦʜʝʣʽ ʧʽʜʧʨʠʻʤʩʪʚʘ ʪʘ, ʚʽʜʧʦʚʽʜʥʦ, ʧʨʦʜʫʢʪʫ (ʨʦʙʦʪʠ, 

ʧʦʩʣʫʛʠ), ʷʢʠʡ ʚʦʥʦ ʙʘʞʘʻ ʧʨʦʩʫʚʘʪʠ ʥʘ ʨʠʥʢʫ[3, ʩ.26]. 

ʑʦʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʤʝʜʠʮʠʥʽ, ʪʦ ʢʨʘʱʦʛʦ 

ʧʦʤʽʯʥʠʢʘ ʚ ʧʦʩʪʘʥʦʚʮʽ ʜʽʘʛʥʦʟʫ (ʽʥʢʦʣʠ ʜʦʚʦʣʽ ʩʫʪʪʻʚʦʾ ʧʨʦʙʣʝʤʠ, ʷʢʘ ʻ ʧʨʠʯʠʥʦʶ 

ʧʦʤʠʣʢʦʚʠʭ çʧʨʦʪʦʢʦʣʽʚè ʣʽʢʫʚʘʥʥʷ) ʪʘ ʧʨʠʟʥʘʯʝʥʥʽ ʩʘʤʝ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʦʾ ʪʝʨʘʧʽʾ, ʟʘʩʥʦʚʘʥʦʾ 

ʥʘ ʘʥʘʣʽʟʽ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʜʘʥʠʭ ʧʘʮʽʻʥʪʘ, ʚʘʞʢʦ ʟʥʘʡʪʠ. ʗʢ ʧʦʚʽʜʦʤʣʷʻʪʴʩʷ, ʥʘʡʙʣʠʞʯʠʤ 
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ʯʘʩʦʤ ʚ ʤʝʜʠʮʠʥʽ ʨʦʟʧʦʯʘʣʠ ʘʢʪʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚʽʜ Google. ʁʜʝʪʴʩʷ ʧʨʦ DeepMind, ʥʘ 

ʦʩʥʦʚʽ ʷʢʦʛʦ ʨʦʟʨʦʙʠʣʠ ʥʝʡʨʦʤʝʨʝʞʫ. ɼʘʥʘ ʩʠʩʪʝʤʘ ʜʦʟʚʦʣʠʪʴ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʫʩʴʦʛʦ 

ʦʜʥʛʦʛʦ ʟʥʽʤʢʫ ʩʽʪʢʽʚʢʠ ʜʽʘʛʥʦʩʪʫʚʘʪʠ ʧʦʥʘʜ 50 ʭʚʦʨʦʙ ʦʯʝʡ. ɼʣʷ ʚʩʪʘʥʦʚʣʝʥʥʷ ʜʽʘʛʥʦʟʫ 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʚʠʢʦʨʠʩʪʦʚʫʻ ʤʝʪʦʜ ʦʧʪʠʯʥʦʾ ʢʦʛʝʨʝʥʪʥʦʾ ʪʦʤʦʛʨʘʬʽʾ (ʆʂʊ), ʱʦ ʷʚʣʷʻ 

ʩʦʦʙʦʶ ʥʝʽʥʚʘʟʠʚʥʫ ʙʝʟʢʦʥʪʘʢʪʥʫ ʚʽʟʫʘʣʽʟʘʮʽʾ ʩʪʨʫʢʪʫʨʠ ʦʢʘ. ɿʦʙʨʘʞʝʥʥʷ, ʦʪʨʠʤʘʥʽ ʟʘ ʜʘʥʠʤ 

ʤʝʪʦʜʦʤ, ʩʭʽʞʽ ʟʽ ʟʥʽʤʢʘʤʠ ʋɿɼ, ʦʜʥʘʢ, ʨʦʟʜʽʣʴʥʘ ʟʜʘʪʥʽʩʪʴ ʻ ʟʥʘʯʥʦ ʚʠʱʦʶ, ʱʦ ʜʦʧʦʤʘʛʘʻ 

ʟʨʦʙʠʪʠ ʪʘʢ ʟʚʘʥʫ "ʙʽʦʧʩʽʶ ʙʝʟ ʚʠʜʘʣʝʥʥʷ ʪʢʘʥʠʥ" ʙʣʷ ʚʠʷʚʣʝʥʥʷ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʩʪʨʫʢʪʫʨ ʪʘ 

ʘʥʦʤʘʣʽʡ ʨʦʟʚʠʪʢʫ.  

ɼʣʷ ʨʦʟʨʦʙʢʠ ʥʦʚʦʾ ʪʝʭʥʦʣʦʛʽʾ ʜʦʩʣʽʜʥʠʢʠ Google DeepMind ʦʙ'ʻʜʥʘʣʠʩʴ ʽʟ ʚʯʝʥʠʤʠ 

ɹʨʠʪʘʥʩʴʢʦʛʦ ʮʝʥʪʨʫ ʟ ʙʦʨʦʪʴʙʠ ʟ ʟʘʭʚʦʨʶʚʘʥʥʷʤʠ ʦʯʝʡ Moorfields Eye Hospital, ʱʦ ʤʘʻ 

ʰʠʨʦʢʫ ʙʘʟʫ ʟʥʽʤʢʽʚ ʆʂʊ.  

ʊʝʭʥʦʣʦʛʽʷ ʆʂʊ ʤʘʻ ʧʝʨʝʚʘʛʠ, ʘʣʝ ʻ ʽ ʜʦʩʠʪʴ ʚʘʛʦʤʠʡ ʥʝʜʦʣʽʢ - ʜʦ ʪʠʞʥʷ ʯʘʩʫ ʤʦʞʝ ʙʫʪʠ 

ʚʠʪʨʘʯʝʥʦ ʥʘ ʦʙʨʦʙʢʫ ʪʘ ʽʥʪʝʨʧʨʝʪʘʮʽʶ ʟʥʽʤʢʽʚ. ɺ ʜʝʷʢʠʭ ʚʠʧʘʜʢʘʭ ʧʘʮʽʻʥʪ ʤʦʞʝ ʥʝ ʤʘʪʠ 

ʩʪʽʣʴʢʠ ʯʘʩʫ, ʦʩʢʽʣʴʢʠ ʨʽʰʝʥʥʷ ʪʨʝʙʘ ʧʨʠʡʤʘʪʠ ʷʢʥʘʡʰʚʠʜʰʝ. ɺ ʮʴʦʤʫ ʘʩʧʝʢʪʽ ʐɯ ʤʘʻ ʩʫʪʪʻʚʫ 

ʧʝʨʝʚʘʛʫ. ʆʜʥʘ ʥʝʡʨʦʤʝʨʝʞʘ ʫ ʩʢʣʘʜʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʧʝʨʝʚʦʜʠʪʴ ʥʝʦʙʨʦʙʣʝʥʽ ʟʥʽʤʢʠ ʆʂʊ 

ʫ ʢʘʨʪʫ ʪʨʠʚʠʤʽʨʥʠʭ ʪʢʘʥʠʥ ʽ ʚʩʪʘʥʦʚʣʶʻ ʧʦʧʝʨʝʜʥʽʡ ʜʽʘʛʥʦʟ. ɼʨʫʛʘ ʻ ʥʝʡʥʦʤʝʨʝʞʘ ʨʦʙʠʪʴ 

ʘʥʘʣʽʟ ʪʨʠʚʠʤʽʨʥʦʾ ʢʘʨʪʠ, ʧʝʨʝʚʽʨʷʻ ʪʦʯʥʽʩʪʴ ʚʩʪʘʥʦʚʣʝʥʦʛʦ ʜʽʘʛʥʦʟʫ ʪʘ ʚʠʟʥʘʯʘʻ ʪʝʨʤʽʥʦʚʽʩʪʴ 

ʤʝʜʠʯʥʦʾ ʜʦʧʦʤʦʛʠ ʭʚʦʨʦʤʫ. ʉʠʩʪʝʤʘ ʩʪʚʦʨʶʻ ʪʨʠʚʠʤʽʨʥʫ ʤʦʜʝʣʴ ʦʢʘ, ʚʠʟʥʘʯʘʻ ʟʘʭʚʦʨʶʚʘʥʥʷ 

ʪʘ ʥʘʚʽʪʴ ʧʦʚʽʜʦʤʣʷʻ, ʚ ʷʢʽʡ ʜʽʣʷʥʮʽ ʦʢʘ ʚʠʥʠʢ ʦʩʝʨʝʜʦʢ ʟʘʭʚʦʨʶʚʘʥʥʷ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ 

ʥʘʨʘʟʽ ʧʨʦʡʰʦʚ ʩʪʘʜʽʶ ʥʘʚʯʘʥʥʷ ʥʘ ʪʨʠʚʠʤʽʨʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ ʪʢʘʥʠʥ ʦʢʘ ʪʘ ʩʢʘʥʘʢ ʆʂʊ, ʘ 

ʥʘʨʘʟʽ ʙʝʨʝ ʫʯʘʩʪʴ ʫ ʚʠʧʨʦʙʦʚʫʚʘʥʥʷʭ ʥʘ ʙʘʟʽ Moorfields Eye Hospital. ʗʢʱʦ ʨʝʟʫʣʴʪʘʪʠ 

ʟʘʜʦʚʽʣʴʥʷʪʴ ʩʧʝʮʽʘʣʽʩʪʽʚ, ʩʠʩʪʝʤʫ ʧʦʯʥʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʧʦ ʚʩʽʡ ʪʝʨʠʪʦʨʽʾ ɺʝʣʠʢʦʾ 

ɹʨʠʪʘʥʽʾ[6]. 

ʗʢ ʟʘʟʥʘʯʘʶʪʴ ʫ ɭʚʨʦʢʦʤʽʩʽʾ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʫ ʙʘʛʘʪʴʦʭ 

ʩʬʝʨʘʭ, ʚʢʣʶʯʘʶʯʠ ʦʭʦʨʦʥʫ ʟʜʦʨʦʚôʷ, ʩʧʦʞʠʚʘʥʥʷ ʝʥʝʨʛʽʾ, ʙʝʟʧʝʢʫ ʘʚʪʦʤʦʙʽʣʴʥʦʾ ʪʝʭʥʽʢʠ, 

ʬʝʨʤʝʨʩʴʢʝ ʚʠʨʦʙʥʠʮʪʚʦ, ʙʦʨʦʪʴʙʫ ʟ ʢʣʽʤʘʪʠʯʥʠʤʠ ʟʤʽʥʘʤʠ, ʤʦʥʽʪʦʨʠʥʛ ʬʽʥʘʥʩʦʚʠʭ ʨʠʟʠʢʽʚ 

ʪʘ ʫ ʙʘʛʘʪʴʦʭ ʽʥʰʠʭ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʦʞʝ ʜʦʧʦʤʘʛʘʪʠ ʫ ʚʠʢʨʠʪʪʽ ʰʘʭʨʘʡʩʪʚʘ ʘʙʦ 

ʟʣʦʚʞʠʚʘʥʴ, ʢʽʙʝʨʥʝʪʠʯʥʠʭ ʟʣʦʯʠʥʽʚ ʪʘ ʟʘʛʨʦʟ, ʩʪʘʪʠ ʝʬʝʢʪʠʚʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʚ ʨʫʢʘʭ 

ʧʨʘʚʦʦʭʦʨʦʥʥʠʭ ʦʨʛʘʥʽʚ ʜʣʷ ʙʦʨʦʪʴʙʠ ʧʨʦʪʠ ʟʣʦʯʠʥʥʦʩʪʽ. ɺʦʜʥʦʯʘʩ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʠʭ 

ʪʝʭʥʦʣʦʛʽʡ ʥʝʩʝ ʥʦʚʽ ʚʠʢʣʠʢʠ ʧʨʘʚʦʚʦʛʦ ʪʘ ʝʪʠʯʥʦʛʦ ʭʘʨʘʢʪʝʨʫ. ʋ ʚʠʨʽʰʝʥʥʽ ʮʽʻʾ ʧʨʦʙʣʝʤʠ 

ɭʚʨʦʢʦʤʽʩʽʷ ʜʦʪʨʠʤʫʻʪʴʩʷ ʧʨʘʚʠʣʘ "ʪʨʴʦʭ ʢʨʦʢʽʚ": ʚʠʟʥʘʯʝʥʥʷ ʢʣʶʯʦʚʠʭ ʚʠʤʦʛ ʜʦ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʷʢʦʤʫ ʤʦʞʥʘ ʜʦʚʽʨʷʪʠ, ʦʙʛʦʚʦʨʝʥʥʷ ʪʘʢʠʭ ʚʠʤʦʛ ʽʟ ʧʨʝʜʩʪʘʚʥʠʢʘʤʠ ʧʨʦʤʠʩʣʦʚʦʩʪʽ 

ʪʘ ʢʦʨʠʩʪʫʚʘʯʘʤʠ ʚ ʨʘʤʢʘʭ ʧʽʣʦʪʥʦʛʦ ʧʨʦʝʢʪʫ, ʨʝʟʫʣʴʪʘʪʦʤ ʷʢʠʭ ʤʘʻ ʨʦʟʙʫʜʦʚʘ ʤʽʞʥʘʨʦʜʥʦʛʦ 

ʧʦʛʦʜʞʝʥʥʷ ʱʦʜʦ ʨʦʟʙʫʜʦʚʠ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚʠʢʣʶʯʥʦ ʚ ʽʥʪʝʨʝʩʘʭ ʣʶʜʠʥʠ. 

ʅʘ ʩʴʦʛʦʜʥʽ ʻʚʨʦʧʝʡʩʴʢʽ ʝʢʩʧʝʨʪʠ ʚʠʟʥʘʯʠʣʠ ʩʽʤ ʢʣʶʯʦʚʠʭ ʧʨʠʥʮʠʧʽʚ, ʷʢʠʤ ʤʘʻ 

ʚʽʜʧʦʚʽʜʘʪʠ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ.  

ʇʝʨʝʜʫʩʽʤ, ʚʽʥ ʤʘʻ ʟʘʩʣʫʛʦʚʫʚʘʪʠ ʥʘ ʜʦʚʽʨʫ, ʚʽʜʧʦʚʽʜʘʪʠ ʟʘʢʦʥʘʤ ʪʘ ʧʨʘʚʠʣʘʤ. 

ʇʦ-ʜʨʫʛʝ, ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʦʙʦʚôʷʟʢʦʚʦ ʧʝʨʝʜʙʘʯʘʪʠ ʢʦʥʪʨʦʣʴ ʟ ʙʦʢʫ ʣʶʜʠʥʠ, 

ʨʦʟʨʦʙʣʷʪʠʩʷ ʟ ʧʦʚʘʛʦʶ ʜʦ ʽʥʪʝʨʝʩʽʚ ʩʫʩʧʽʣʴʩʪʚʘ ʪʘ ʧʨʘʚ ʣʶʜʠʥʠ, ʥʝ ʟʤʝʥʰʫʚʘʪʠ ʪʘ ʥʝ 

ʦʙʤʝʞʫʚʘʪʠ ʧʨʘʚʦ ʣʶʜʠʥʠ ʥʘ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. 

ʊʨʝʪʻ ʧʨʘʚʠʣʦ ï ʥʘʜʽʡʥʽʩʪʴ ʪʘ ʙʝʟʧʝʢʘ. ɺʩʽ ʪʘʢʽ ʩʠʩʪʝʤʠ ʤʘʶʪʴ ʙʫʪʠ ʜʦʩʪʘʪʥʴʦ 

ʩʪʘʙʽʣʴʥʠʤʠ ʥʘ ʚʠʧʘʜʦʢ ʧʦʤʠʣʦʢ ʘʙʦ ʜʠʩʬʫʥʢʮʽʾ ʩʠʩʪʝʤ ʥʘ ʚʝʩʴ ʧʝʨʽʦʜ ʾʭʥʴʦʛʦ 

ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ. 

ʏʝʪʚʝʨʪʘ ʚʠʤʦʛʘ ï ʧʦʚʘʛʘ ʜʦ ʧʨʠʚʘʪʥʠʭ ʧʨʘʚ ʣʶʜʠʥʠ ʪʘ ʜʦ ʙʝʟʧʝʢʠ ʙʘʟ ʜʘʥʠʭ, ʢʦʣʠ ʪʘʢʽ 

ʜʘʥʽ ʥʝ ʙʫʜʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʧʨʦʪʠ ʣʶʜʠʥʠ. 

ʇôʷʪʝ ʧʨʘʚʠʣʦ ï ʧʨʦʟʦʨʽʩʪʴ. ʃʶʜʠʥʘ ʤʘʻ ʦʪʨʠʤʘʪʠ ʤʦʞʣʠʚʽʩʪʴ ʚʽʜʩʣʽʜʢʦʚʫʚʘʪʠ 

ʨʝʟʫʣʴʪʘʪʠ ʜʽʷʣʴʥʦʩʪʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʘʙʦ ʚʽʜʧʦʚʽʜʥʠʭ ʩʠʩʪʝʤ. 

ʐʦʩʪʝ - ʮʽ ʩʠʩʪʝʤʠ ʤʘʶʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʥʘ ʥʝʜʠʩʢʨʠʤʽʥʘʮʽʡʥʽʡ ʦʩʥʦʚʽ, ʪʦʙʪʦ, 

ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʚʨʘʭʦʚʫʚʘʪʠ ʚʩʽ ʣʶʜʩʴʢʽ ʦʩʦʙʣʠʚʦʩʪʽ, ʚʢʣʶʯʘʶʯʠ ʬʽʟʠʯʥʫ 

ʩʧʨʦʤʦʞʥʽʩʪʴ, ʥʘʚʠʯʢʠ ʪʘ ʧʦʪʨʝʙʠ, ʽ ʙʫʪʠ ʜʦʩʪʫʧʥʠʤ ʜʣʷ ʚʩʽʭ ʣʶʜʝʡ. 
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ʉʴʦʤʝ ï ʪʘʢʽ ʩʠʩʪʝʤʠ ʤʘʶʪʴ ʩʧʨʠʷʪʠ ʨʦʟʚʠʪʢʫ ʩʫʩʧʽʣʴʩʪʚʘ ʪʘ ʚʠʨʽʰʝʥʥʶ ʧʨʦʙʣʝʤ 

ʦʭʦʨʦʥʠ ʜʦʚʢʽʣʣʷ, ʱʦ ʧʝʨʝʜʙʘʯʘʻ ʧʨʠʥʮʠʧ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ ʣʶʜʠʥʠ ʟʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʠʩʪʝʤ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʟʘ ʨʝʟʫʣʴʪʘʪʠ ʪʘʢʦʾ ʜʽʷʣʴʥʦʩʪʽ. 

ʗʢ ʥʘʛʦʣʦʰʫʻʪʴʩʷ, ɭʚʨʦʢʦʤʽʩʽʷ ʧʨʘʛʥʝ ʚʠʥʝʩʪʠ ʮʝʡ ʧʽʜʭʽʜ ʱʦʜʦ ʨʦʟʙʫʜʦʚʠ çʝʪʠʯʥʦʛʦè 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʥʘ ʛʣʦʙʘʣʴʥʝ ʦʙʛʦʚʦʨʝʥʥʷ, ʪʦʤʫ ʱʦ ʥʦʚʽʪʥʽ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʘʣʛʦʨʠʪʤʠ ʥʝ 

ʟʥʘʶʪʴ ʞʦʜʥʠʭ ʢʦʨʜʦʥʽʚ. ɺʞʝ ʟʘʨʘʟ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʮʽʻʾ ʤʝʪʠ ɭʚʨʦʩʦʶʟ ʟʤʽʮʥʶʻ ʜʚʦʩʪʦʨʦʥʥʶ 

ʩʧʽʚʧʨʘʮʶ ʟ ʢʣʶʯʦʚʠʤʠ ʤʽʞʥʘʨʦʜʥʠʤʠ ʧʘʨʪʥʝʨʘʤʠ, ʟʦʢʨʝʤʘ ʟ ʗʧʦʥʽʻʶ, ʂʘʥʘʜʦʶ, ʉʽʥʛʘʧʫʨʦʤ, 

ʽʥʽʮʽʶʻ ʦʙʛʦʚʦʨʝʥʥʷ ʟʘʟʥʘʯʝʥʦʛʦ ʧʠʪʘʥʥʷ ʚ ʬʦʨʤʘʪʽ çɺʝʣʠʢʦʾ ʩʽʤʢʠè, çɺʝʣʠʢʦʾ ʜʚʘʜʮʷʪʢʠè, 

ʟʘʣʫʯʘʻ ʜʦ ʪʘʢʠʭ ʜʠʩʢʫʩʽʡ ʤʽʞʥʘʨʦʜʥʽ ʢʦʤʧʘʥʽʾ ʪʘ ʦʨʛʘʥʽʟʘʮʽʾ. 

ɿʘ ʦʮʽʥʢʦʶ ɭʚʨʦʢʦʤʽʩʽʾ, ʷʢʘ ʤʽʩʪʠʪʴʩʷ ʫ ʉʪʨʘʪʝʛʽʾ ɭʉ ʱʦʜʦ ʨʦʟʚʠʪʢʫ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʧʨʠʡʥʷʪʽʡ ʫ ʢʚʽʪʥʽ 2018 ʨʦʢʫ, ʦʙʩʷʛ ʜʝʨʞʘʚʥʠʭ ʪʘ ʧʨʠʚʘʪʥʠʭ ʽʥʚʝʩʪʠʮʽʡ ʫ ʮʶ ʛʘʣʫʟʴ 

ʫ ʻʚʨʦʧʝʡʩʴʢʠʭ ʢʨʘʾʥʘʭ ʤʦʞʝ ʩʷʛʘʪʠ ʜʦ 20 ʤʽʣʴʷʨʜʽʚ ʻʚʨʦ ʱʦʨʦʢʫ, ʧʨʠʥʘʡʤʥʽ, ʧʨʦʪʷʛʦʤ 

ʥʘʩʪʫʧʥʠʭ 10 ʨʦʢʽʚ. [1]. 

ʋ ʬʽʣʦʩʦʬʩʴʢʦʤʫ ʨʦʟʫʤʽʥʥʽ ʝʪʠʢʘ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ï ʮʝ ʧʝʨʝʛʣʷʜ ʤʝʞ ʣʶʜʩʴʢʦʾ 

ʩʫʙôʻʢʪʠʚʥʦʩʪʽ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ, ʷʢʘ ʣʝʞʠʪʴ ʥʘ ʣʶʜʠʥʽ ʷʢ ʪʚʦʨʮʝʚʽ ʪʘ ʢʦʨʠʩʪʫʚʘʯʽ 

ʪʝʭʥʦʣʦʛʽʡ. ʆʩʢʽʣʴʢʠ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʻ ʧʨʦʜʫʢʪʦʤ ʣʶʜʩʴʢʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʚʽʥ ʤʘʻ ʨʘʜʰʝ ʜʽʷʪʠ 

ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʣʶʜʩʴʢʠʭ ʟʜʽʙʥʦʩʪʝʡ, ʥʽʞ ʟʘʤʽʥʶʚʘʪʠ ʾʭ ʦʩʥʦʚʥʠʤʠ ʬʫʥʢʮʽʷʤʠ. ʆʩʦʙʣʠʚʦʾ 

ʛʦʩʪʨʦʪʠ ʧʠʪʘʥʥʷ ʥʘʙʫʚʘʻ ʚ ʪʠʭ ʚʠʧʘʜʢʘʭ, ʢʦʣʠ ʤʝʞʘ ʤʽʞ ʣʶʜʠʥʦʶ ʪʘ ʧʨʠʩʪʨʦʻʤ ʥʘʙʫʚʘʻ 

ʙʽʣʴʰ ʚʽʜʯʫʪʥʠʭ ʦʙʨʠʩʽʚ ï ʮʝ ʤʘʻ ʚʠʢʣʠʢʘʪʠ ʥʝ ʣʠʰʝ ʪʝʭʥʽʯʥʠʡ ʢʦʥʪʨʦʣʴ, ʘ ʡ ʛʣʠʙʦʢʝ 

ʬʽʣʦʩʦʬʩʴʢʝ ʦʩʤʠʩʣʝʥʥʷ. ʊʝʭʥʦʣʦʛʽʯʥʠʡ ʨʦʟʚʠʪʦʢ ʤʘʻ ʟʜʽʡʩʥʶʚʘʪʠʩʷ ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ 

ʟʘʙʝʟʧʝʯʠʪʠ ʟʙʝʨʝʞʝʥʥʷ ʦʩʥʦʚʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʣʶʜʩʴʢʦʾ ʧʨʠʨʦʜʠ ï ʩʘʤʦʚʠʟʥʘʯʝʥʥʷ, 

ʟʜʘʪʥʦʩʪʽ ʜʦ ʤʦʨʘʣʴʥʦʾ ʨʝʬʣʝʢʩʽʾ, ʪʚʦʨʯʦʩʪʽ ʪʘ ʤʽʞʦʩʦʙʠʩʪʽʩʥʠʭ ʩʪʦʩʫʥʢʽʚ. ʌʽʣʦʩʦʬʩʴʢʘ 

ʘʥʪʨʦʧʦʣʦʛʽʷ ʤʘʻ ʧʝʨʝʪʚʦʨʠʪʠʩʷ ʥʘ ʦʜʠʥ ʽʟ ʨʽʚʥʽʚ ʥʘʫʢʦʚʦʛʦ ʘʥʘʣʽʟʫ, ʜʝ ʧʦʩʪʘʻ ʧʠʪʘʥʥʷ ʧʦʰʫʢʫ 

ʦʧʪʠʤʘʣʴʥʦʾ ʧʨʦʧʦʨʮʽʾ ʨʦʟʚʠʪʢʫ ʤʽʞ ʪʝʭʥʦʩʬʝʨʦʶ (ʧʨʦʚʽʜʥʠʤ ʚʪʽʣʝʥʥʷʤ ʥʘʫʢʦʚʦ-ʪʝʭʥʽʯʥʦʛʦ 

ʧʨʦʛʨʝʩʫ) ʪʘ ʘʥʪʨʦʧʦʩʬʝʨʦʶ (ʛʣʠʙʦʢʦ ʛʫʤʘʥʽʩʪʠʯʥʦʶ, ʱʦ ʚʠʨʘʞʘʻ ʮʽʣʽʩʥʽ ʛʫʤʘʥʽʩʪʠʯʥʽ 

ʧʨʠʥʮʠʧʠ ʙʫʪʪʷ ʣʶʜʩʪʚʘ). ʚʠʡʜʝ ʥʘ ʧʝʨʰʠʡ ʧʣʘʥ. 

ɿʚʦʨʦʪʥʠʡ ʙʽʢ ʮʽʻʾ ʤʝʜʘʣʽ ʥʘʡʢʨʘʱʝ ʚʠʨʘʞʝʥʦ ʚ ʧʨʘʢʪʠʯʥʠʭ ʪʝʨʤʽʥʘʭ: ʷʢʱʦ ʪʝʭʥʦʩʬʝʨʽ 

ʙʫʜʝ ʧʨʠʜʽʣʝʥʦ ʥʘʜʤʽʨʥʠʡ ʘʢʮʝʥʪ ʫ ʾʾ ʨʦʟʚʠʪʢʫ, ʘ ʘʥʪʨʦʧʦʩʬʝʨʦʶ ʟʥʝʭʪʦʚʘʥʦ, ʚʠʥʠʢʥʝ ʨʝʘʣʴʥʘ 

ʥʝʙʝʟʧʝʢʘ ʪʦʛʦ, ʱʦ ʣʶʜʠʥʘ ʙʫʜʝ ʟʚʝʜʝʥʘ ʜʦ ʨʽʚʥʷ ʜʦʜʘʪʢʘ ʜʦ ʪʝʭʥʽʯʥʦʾ ʩʠʩʪʝʤʠ. ɺʪʨʘʪʠ ʡʦʛʦ 

ʩʫʙôʻʢʪʠʚʥʦʩʪʽ, ʘ ʪʘʢʦʞ ʘʚʪʦʥʦʤʽʾ ʤʦʞʫʪʴ ʨʦʟʛʣʷʜʘʪʠʩʷ ʷʢ ʚʝʣʠʢʽ ʚ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ. ɯ ʥʘʚʧʘʢʠ, 

ʥʘʛʦʣʦʩ ʥʘ ʘʥʪʨʦʧʦʩʬʝʨʽ, ʢʦʣʠ ʪʝʭʥʦʣʦʛʽʷ ʚʽʜʩʪʘʻ, ʛʘʣʴʤʫʻ ʧʨʦʛʨʝʩ ï ʚʦʥʘ ʚʠʧʝʨʝʜʞʘʻ ʟʤʽʥʠ 

ʪʘ ʧʝʨʝʰʢʦʜʞʘʻ ʥʘʣʝʞʥʽʡ ʨʝʘʢʮʽʾ ʣʶʜʩʪʚʘ ʥʘ ʚʠʢʣʠʢʠ ʩʴʦʛʦʜʝʥʥʷ. ɽʪʠʢʘ ʢʦʝʚʦʣʶʮʽʾ ʣʶʜʠʥʠ 

ʪʘ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʧʦʚʠʥʥʘ ʦʟʥʘʯʘʪʠ ʥʝ ʟʘʣʠʰʘʪʠ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʨʘʤʢʘʭ ʯʠʩʪʦʛʦ 

ʚʠʢʦʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʚʪʦʤʘʪʠʟʘʮʽʾ, ʘ ʟʨʦʙʠʪʠ ʡʦʛʦ ʨʘʜʠʢʘʣʴʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʧʦʩʠʣʝʥʥʷ 

ʣʶʜʩʴʢʦʾ ʩʫʙôʻʢʪʠʚʥʦʩʪʽ. ɿ ʮʽʻʶ ʤʝʪʦʶ ʩʣʽʜ ʨʦʟʛʣʷʜʘʪʠ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʷʢ ʟʘʩʽʙ, ʱʦ 

ʧʽʜʢʨʝʩʣʶʻ ʦʩʦʙʣʠʚʦʩʪʽ ʣʶʜʩʴʢʦʾ ʚʜʫʤʣʠʚʦʩʪʽ, ʝʤʦʮʽʡʥʦʩʪʽ ʪʘ ʢʨʝʘʪʠʚʥʦʩʪʽ, ʧʨʠʯʦʤʫ ʢʦʞʝʥ 

ʝʢʟʝʤʧʣʷʨ ʻ ʦʩʦʙʣʠʚʠʤ ʽ ʚʩʽ ʚʦʥʠ ʜʦʧʦʚʥʶʶʪʴ ʦʜʠʥ ʦʜʥʦʛʦ, ʘʣʝ ʥʝ ʟʘʤʽʥʶʶʪʴ ʦʜʠʥ ʽʥʰʦʛʦ. 

ʈʦʟʨʦʙʢʘ ʝʪʠʯʥʠʭ ʩʪʘʥʜʘʨʪʽʚ ʨʝʛʫʣʶʚʘʥʥʷ ʚʟʘʻʤʦʜʽʾ ʣʶʜʠʥʠ ʽ ʤʘʰʠʥʠ ʚʘʞʣʠʚʘ ʚ ʪʠʭ ʩʬʝʨʘʭ, 

ʜʝ ʨʽʰʝʥʥʷ, ʱʦ ʧʨʠʡʤʘʶʪʴʩʷ ʟʘ ʫʯʘʩʪʶ ʐɯ, ʤʦʞʫʪʴ ʩʫʪʪʻʚʦ ʚʧʣʠʚʘʪʠ ʥʘ ʞʠʪʪʷ ʣʶʜʠʥʠ, ʪʘʢʠʭ 

ʷʢ ʤʝʜʠʮʠʥʘ, ʦʩʚʽʪʘ, ʶʨʠʩʧʨʫʜʝʥʮʽʷ, ʫʧʨʘʚʣʽʥʥʷ. ʊʫʪ ʥʘ ʧʝʨʰʠʡ ʧʣʘʥ ʚʠʭʦʜʠʪʴ ʨʦʟʚʠʪʦʢ 

çʥʘʜʽʡʥʦʾ ʝʪʠʢʠè ʥʘ ʦʩʥʦʚʽ ʧʨʦʟʦʨʦʩʪʽ, ʩʧʨʘʚʝʜʣʠʚʦʩʪʽ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ. ʃʠʰʝ ʫʟʛʦʜʞʝʥʠʤ 

ʨʦʟʚʠʪʢʦʤ ʘʥʪʨʦʧʦʩʬʝʨʠ ʽ ʪʝʭʥʦʩʬʝʨʠ ʤʦʞʥʘ ʟʘʧʦʙʽʛʪʠ ʜʝʛʫʤʘʥʽʟʘʮʽʾ ʣʶʜʩʪʚʘ ʽ ʟʘʙʝʟʧʝʯʠʪʠ 

ʨʦʟʚʠʪʦʢ ʛʫʤʘʥʽʩʪʠʯʥʦ ʦʨʽʻʥʪʦʚʘʥʦʾ ʮʠʚʽʣʽʟʘʮʽ[ʾ2, c.74-75]. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ï ʥʝ ʣʶʜʠʥʘ. ʁʦʛʦ ʤʦʞʥʘ ʬʦʨʤʫʚʘʪʠ ʚ ʙʽʣʴʰ ʪʦʯʥʠʭ ʩʬʝʨʘʭ, ʜʝ ʻ 

ʨʦʟʨʘʭʫʥʢʠ, ʦʩʚʽʪʘ, ʤʝʜʠʮʥʘ, ʘʣʝ ʤʘʶʪʴ ʙʫʪʠ ʟʘʧʨʦʛʨʘʤʦʚʘʥʽ ʝʪʠʯʥʽ ʨʘʤʢʠ ʟ ʷʢʠʤʠ 

ʥʝʡʨʦʤʝʨʝʞʘ ʤʘʻ ʧʨʘʮʶʚʘʪʠ. ɺʽʥ ʥʝ ʤʦʞʝ çʚʽʜʯʫʚʘʪʠè ʷʢ ʢʨʘʱʝ, ʟʛʦʜʦʤ ʙʫʜʝ ʥʝʙʝʟʧʝʯʥʠʤ ʜʣʷ 

ʥʘʩ, ʤʠ ʤʘʻʤʦ ʨʦʟʫʤʽʪʠ ʥʘ ʩʢʽʣʴʢʠ ʚʘʞʣʠʚʦ ʟʘʛʘʨʪʦʚʫʚʘʪʠ ʨʘʤʢʠ ʝʪʠʢʠ ʫ ʜʽʷʣʴʥʦʩʪʽ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ. 

ɺʀʉʅʆɺʂʀ. 

ʆʪʞʝ, ʤʦʞʥʘ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ, ʱʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʟʯʠʪʫʚʘʪʠ ʛʫʤʘʥʽʩʪʠʯʥʽ 

ʥʦʨʤʠ, ʽ ʪʦʤʫ ʤʘʻ ʙʫʪʠ ʧʨʠʡʥʷʪʠʡ ʘʥʪʨʦʧʦʮʝʥʪʨʠʯʥʠʡ ʧʽʜʭʽʜ, ʟ ʷʢʠʤ ʚʽʥ ʥʝ ʙʫʜʝ ʧʘʥʫʚʘʪʠ ʥʘʜ 

https://www.ukrinform.ua/tag-evrokomisia


 

 

150 

 

ʣʶʜʩʪʚʦʤ. ʋʜʦʩʢʦʥʘʣʝʥʥʷ ʡʦʛʦ ï ʘʙʦ ʥʝʛʘʪʠʚʥʽ ʥʘʩʣʽʜʢʠ ʷʢ ʜʣʷ ʩʫʩʧʽʣʴʩʪʚʘ, ʪʘʢ ʽ ʜʣʷ ʚʩʴʦʛʦ 

ʞʠʚʦʛʦ, ʦʩʢʽʣʴʢʠ ʫʥʽʢʘʣʴʥʽʩʪʴ ʦʩʦʙʠʩʪʦʩʪʝʡ ʩʪʠʨʘʻʪʴʩʷ, ʘʙʦ ʧʦʟʠʪʠʚʥʽ ʥʘʩʣʽʜʢʠ ʚ ʧʨʦʮʝʩʽ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʚ ʩʝʨʝʜʦʚʠʱʘʭ ʧʨʠʨʦʜʥʠʯʠʭ ʥʘʫʢʘʭ. ʎʝ ʧʠʪʘʥʥʷ ʦʙʛʦʚʦʨʶʶʪʴ ʚʞʝ ʙʘʛʘʪʦ 

ʥʘʫʢʦʚʮʽʚ, ʧʨʠʚʦʜʷʯʠ ʚ ʧʨʠʢʣʘʜ ʘʪʦʤʥʫ ʟʙʨʦʶ, ʧʦʢʠ ʚʦʥʘ ʥʝ ʙʫʣʘ ʚʜʦʩʢʦʥʘʣʝʥʘ, ʣʶʜʠ ʥʝ 

ʦʙʛʦʚʦʨʶʚʘʣʠ ʧʨʦʙʣʝʤʫ ʝʪʠʢʠ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʘ ʢʦʣʠ ʷʜʝʨʥʽ ʨʦʟʨʦʙʢʠ ʩʪʘʣʠ ʨʝʘʣʴʥʦʶ 

ʟʘʛʨʦʟʦʶ ʜʣʷ ʩʫʩʧʽʣʴʩʪʚʘ, ʧʦʩʪʘʣʦ ʥʦʚʝ ʧʠʪʘʥʥʷ ç ʏʠ ʚʘʨʪʽ ʚʦʥʠ ʧʨʘʚʘ ʥʘ ʽʩʥʫʚʘʥʥʷ ʩʝʨʝʜ 

ʤʠʨʥʦʛʦ ʘʪʦʤʫ, ʧʨʠʥʽʩʰʠ ʚ ʮʝʡ ʩʚʽʪ ʤʽʣʴʡʦʥʠ ʞʝʨʪʚ?è. ʇʦʪʽʤ ʮʝ ʧʠʪʘʥʥʷ ʩʪʘʣʦ ʧʽʟʥʦ 

ʧʽʜʥʽʤʘʪʠ, ʪʘʢ ʽ ʟ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ- ʧʦʢʠ ʥʝʤʘ ʨʝʘʣʴʥʦʾ ʟʘʛʨʦʟʠ, ʚ ʧʝʨʰʫ ʯʝʨʛʫ ʬʦʨʤʫʚʘʪʠ 

ʝʪʠʯʥʽ ʥʦʨʤʠ ʚ ʥʘʣʘʰʪʫʚʘʥʥʷʭ ʮʽʻʾ ʤʘʰʠʥʠ. 
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ʂʦʚʘʣʝʚʩʴʢʠʡ ʉ.ɺ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ), ɺʦʣʦʜʯʝʥʢʦ ʖ.M. (IT-ʢʦʤʧʘʥʽʷ QuartSoft, ʋʢʨʘʾʥʘ).  

 

ʅʆɺʀʁ ɽʊɸʇ ʈʆɿɺʀʊʂʋ ʆʉɺɯʊʅʔʆ-ɼʆʉʃɯɼʅʀʎʔʂʆɻʆ ʉɽʈɽɼʆɺʀʑɸ ʖʅʀʍ 

ɼʆʉʃɯɼʅʀʂɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʥʫʪʦ ʢʦʥʮʝʧʮʽʶ ʨʦʟʚʠʪʢʫ ɸʢʘʜʝʤʽʾ ʜʦʩʣʽʜʥʠʢʽʚ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ (ɸɼʐɯ) ʷʢ ʦʩʚʽʪʥʴʦ-ʥʘʫʢʦʚʦʛʦ ʧʨʦʻʢʪʫ ʥʦʚʦʛʦ ʪʠʧʫ, ʩʧʨʷʤʦʚʘʥʦʛʦ ʥʘ ʬʦʨʤʫʚʘʥʥʷ 

ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ ʤʦʣʦʜʽ ʫ ʩʬʝʨʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʪʨʠ ʨʽʚʥʽ 

ʧʽʜʛʦʪʦʚʢʠ ð çʖʥʽ ʜʦʩʣʽʜʥʠʢʠè, çʄʦʣʦʜʽ ʥʘʫʢʦʚʮʽè ʪʘ çFuture AI Innovatorsè, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʙʝʟʧʝʨʝʨʚʥʫ ʪʨʘʻʢʪʦʨʽʶ ʟʨʦʩʪʘʥʥʷ ʚʽʜ ʙʘʟʦʚʠʭ ʟʥʘʥʴ ʜʦ ʥʘʫʢʦʚʦʾ ʪʚʦʨʯʦʩʪʽ. ʈʦʟʢʨʠʪʦ ʤʝʪʦʜʦʣʦʛʽʶ 

ʜʽʷʣʴʥʦʩʪʽ ɸɼʐɯ, ʟʘʩʥʦʚʘʥʫ ʥʘ ʧʨʠʥʮʠʧʽ çlearning by creatingè ʽ ʚʠʢʦʨʠʩʪʘʥʥʽ ʽʥʪʝʨʘʢʪʠʚʥʠʭ 

ʬʦʨʤʘʪʽʚ ʚʝʙʽʥʘʨʽʚ (çAI Detectiveè, çʃʘʙʦʨʘʪʦʨʽʷ ʽʜʝʡè, çHackathon Lightè). ʇʦʢʘʟʘʥʦ, ʱʦ ʬʽʣʦʩʦʬʽʷ 

ʧʨʦʻʢʪʫ ʩʧʨʷʤʦʚʘʥʘ ʥʘ ʧʝʨʝʭʽʜ ʚʽʜ ʢʦʨʠʩʪʫʚʘʥʥʷ ʐɯ ʜʦ ʜʦʩʣʽʜʥʠʮʴʢʦʛʦ ʦʩʤʠʩʣʝʥʥʷ ʡʦʛʦ ʤʝʞ ʪʘ 

https://www.ukrinform.ua/rubric-technology/2676698-vevrosouzi-rozrobili-etiket-dla-stucnogo-intelektu.html
https://www.ukrinform.ua/rubric-technology/2676698-vevrosouzi-rozrobili-etiket-dla-stucnogo-intelektu.html
https://doi.org/10.32782/apfs.v051.2024.12
https://ekmair.ukma.edu.ua/handle/123456789/18081
https://mind.ua/news/20178313-stiven-hokingshtuchnij-intelekt-mozhe-stati-najgirshim-vinahodom-lyudstva
https://mind.ua/news/20178313-stiven-hokingshtuchnij-intelekt-mozhe-stati-najgirshim-vinahodom-lyudstva
http://bukovina.biz.ua/news/48130
https://futurism.com/elon-musk-reminds-us-of-thepossible-dangers-of-unregulated-ai
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ʤʦʞʣʠʚʦʩʪʝʡ. ʆʢʨʝʩʣʝʥʦ ʝʢʦʩʠʩʪʝʤʫ ʚʟʘʻʤʦʜʽʾ ʤʽʞ ʫʯʘʩʥʠʢʘʤʠ, ʫʩʪʘʥʦʚʘʤʠ-ʧʘʨʪʥʝʨʘʤʠ (ɼɼʄɸ, 

ɺʅʊʋ, ɯʇʐɯ ʅɸʅ ʋʢʨʘʾʥʠ, QuartSoft) ʪʘ GPT-ʽʥʩʪʨʫʤʝʥʪʘʤʠ. ʇʽʜʢʨʝʩʣʝʥʦ ʩʦʮʽʘʣʴʥʫ ʟʥʘʯʫʱʽʩʪʴ 

ɸɼʐɯ ʷʢ ʧʣʘʪʬʦʨʤʠ ʨʦʟʚʠʪʢʫ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʩʘʤʦʩʪʽʡʥʦʩʪʽ ʡ ʝʪʠʯʥʦʾ ʢʫʣʴʪʫʨʠ ʫ ʮʠʬʨʦʚʫ 

ʝʧʦʭʫ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ɸʢʘʜʝʤʽʷ ʜʦʩʣʽʜʥʠʢʽʚ ʐɯ, ʦʩʚʽʪʘ 4.0, ʜʦʩʣʽʜʥʠʮʴʢʽ ʢʦʤʧʝʪʝʥʪʥʦʩʪʽ, ʰʪʫʯʥʠʡ 

ʽʥʪʝʣʝʢʪ, GPT, ʢʨʠʪʠʯʥʝ ʤʠʩʣʝʥʥʷ, ʽʥʪʝʨʘʢʪʠʚʥʝ ʥʘʚʯʘʥʥʷ, ʝʢʦʩʠʩʪʝʤʘ. 

Abstract. The paper presents the development concept of the Academy of Artificial Intelligence 

Researchers (AAIR) as an innovative educational and research project aimed at fostering research 

competences among youth in the field of artificial intelligence. Three levels of training are defined ï ñJunior 

Researchers,ò ñYoung Scientists,ò and ñFuture AI Innovators,ò which form a continuous learning trajectory 

from basic knowledge to scientific creativity. The methodology is based on the ñlearning by creatingò principle 

and interactive webinar formats (ñAI Detective,ò ñIdea Lab,ò ñHackathon Lightò). The pedagogical 

philosophy emphasizes the shift from using AI as a tool to understanding its limitations and possibilities 

through critical inquiry. The article outlines the AAIR ecosystem connecting students, educators, partner 

institutions (DSEA, VNTU, Institute for Problems of Artificial Intelligence of NAS of Ukraine, QuartSoft), and 

GPT-based platforms. The project is shown as a socially significant model for cultivating critical thinking, 

autonomy, and ethical awareness in the digital age.  

Keywords: Academy of AI Researchers, Education 4.0, research competences, artificial intelligence, 

GPT, critical thinking, interactive learning, ecosystem. 

 

1. ɺʩʪʫʧ 

ɸʢʘʜʝʤʽʷ ʜʦʩʣʽʜʥʠʢʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ɸɼʐɯ) ʚʠʥʠʢʣʘ ʷʢ ʩʧʽʣʴʥʘ ʽʥʽʮʽʘʪʠʚʘ 

ʚʠʢʣʘʜʘʯʽʚ ɼɼʄɸ, ʪʘ ɯʇʐɯ ʅɸʅ ʋʢʨʘʾʥʠ ʟʘ ʧʽʜʪʨʠʤʢʠ ɯʊ-ʢʦʤʧʘʥʽʾ QuartSoft, ʱʦʙ ʩʪʚʦʨʠʪʠ 

ʥʦʚʫ ʤʦʜʝʣʴ ʥʘʫʢʦʚʦ-ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʩʪʦʨʫ, ʜʝ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʥʝ ʻ ʤʝʪʦʶ, ʘ ʩʪʘʻ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʬʦʨʤʫʚʘʥʥʷ ʦʩʦʙʠʩʪʦʩʪʽ ʜʦʩʣʽʜʥʠʢʘ. ʋʧʝʨʰʝ ʽʜʝʷ ʙʫʣʘ ʦʟʚʫʯʝʥʘ ʫ 2024 ʨ. ʧʽʜ 

ʯʘʩ ʩʝʨʽʾ ʚʝʙʽʥʘʨʽʚ ʜʣʷ ʰʢʽʣʴʥʦʾ ʤʦʣʦʜʽ ɼʦʥʝʯʯʠʥʠ, ʷʢʽ ʧʨʦʚʦʜʠʣʠʩʷ ʚ ʫʤʦʚʘʭ ʚʽʡʥʠ, 

ʜʠʩʪʘʥʮʽʡʥʦʩʪʽ ʪʘ ʚʠʤʫʰʝʥʦʾ ʤʽʛʨʘʮʽʾ. ɿ ʪʦʛʦ ʤʦʤʝʥʪʫ ɸɼʐɯ ʧʦʯʘʣʘ ʝʚʦʣʶʮʽʦʥʫʚʘʪʠ ʟ 

ʽʥʽʮʽʘʪʠʚʠ ʫ ʧʦʚʥʦʮʽʥʥʫ ʥʘʚʯʘʣʴʥʦ-ʜʦʩʣʽʜʥʠʮʴʢʫ ʧʣʘʪʬʦʨʤʫ, ʟʜʘʪʥʫ ʦʙôʻʜʥʫʚʘʪʠ ʫʯʥʽʚ, 

ʩʪʫʜʝʥʪʽʚ, ʚʠʢʣʘʜʘʯʽʚ ʽ ʐɯ-ʪʝʭʥʦʣʦʛʽʾ ʚ ʻʜʠʥʫ ʤʝʨʝʞʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʟʨʦʩʪʘʥʥʷ. 

2. ʂʦʥʮʝʧʮʽʷ ʪʘ ʩʪʨʫʢʪʫʨʘ ɸʢʘʜʝʤʽʾ 

ɸɼʐɯ ʨʦʟʚʠʚʘʻ ʪʨʠ ʨʽʚʥʽ ʧʽʜʛʦʪʦʚʢʠ, ʱʦ ʚʽʜʧʦʚʽʜʘʶʪʴ ʚʽʢʦʚʠʤ ʽ ʢʦʛʥʽʪʠʚʥʠʤ 

ʦʩʦʙʣʠʚʦʩʪʷʤ ʫʯʘʩʥʠʢʽʚ: 

1. çʖʥʽ ʜʦʩʣʽʜʥʠʢʠè (12ï14 ʨʦʢʽʚ) ð ʧʝʨʰʠʡ ʨʽʚʝʥʴ, ʦʨʽʻʥʪʦʚʘʥʠʡ ʥʘ 

ʬʦʨʤʫʚʘʥʥʷ ʽʥʪʝʨʝʩʫ ʜʦ ʐɯ ʯʝʨʝʟ ʽʛʨʦʚʽ ʬʦʨʤʠ, ʽʩʪʦʨʽʾ ʪʘ ʪʚʦʨʯʽ ʟʘʚʜʘʥʥʷ. 

2. çʄʦʣʦʜʽ ʥʘʫʢʦʚʮʽè (15ï17 ʨʦʢʽʚ) ð ʜʨʫʛʠʡ ʨʽʚʝʥʴ, ʜʝ ʚʽʜʙʫʚʘʻʪʴʩʷ 

ʧʝʨʝʭʽʜ ʜʦ ʘʥʘʣʽʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʨʦʟʨʦʙʢʠ ʤʦʜʝʣʝʡ, ʧʨʦʛʨʘʤ ʽ ʤʽʥʽ-ʜʦʩʣʽʜʞʝʥʴ. 

3. çFuture AI Innovatorsè (18+, ʢʦʣʝʜʞʽ) ð ʪʨʝʪʽʡ ʨʽʚʝʥʴ, ʷʢʠʡ ʧʝʨʝʜʙʘʯʘʻ 

ʩʪʚʦʨʝʥʥʷ ʧʦʚʥʦʮʽʥʥʠʭ ʽʥʞʝʥʝʨʥʠʭ ʨʽʰʝʥʴ, ʩʠʤʫʣʷʮʽʡ ʽ ʥʘʫʢʦʚʠʭ ʩʪʘʪʝʡ. 

ʂʦʞʝʥ ʨʽʚʝʥʴ ʻ ʯʘʩʪʠʥʦʶ ʽʥʪʝʛʨʦʚʘʥʦʛʦ ʥʘʚʯʘʣʴʥʦʛʦ ʮʠʢʣʫ, ʜʝ ʚʝʙʽʥʘʨʠ, ʣʘʙʦʨʘʪʦʨʽʾ, 

ʢʦʥʢʫʨʩʠ ʪʘ ʢʦʥʬʝʨʝʥʮʽʾ ʧʦʚôʷʟʘʥʽ ʚ ʻʜʠʥʠʡ ʣʘʥʮʶʛ ʩʪʘʥʦʚʣʝʥʥʷ ʜʦʩʣʽʜʥʠʢʘ. ɿʛʽʜʥʦ ʟ 

çɯʥʪʝʛʨʦʚʘʥʠʤ ʧʣʘʥʦʤ ʚʝʙʽʥʘʨʽʚ ɸɼʐɯ ʥʘ 2025ï2026 ʥ.ʨ.è, ʫʩʽ ʟʘʥʷʪʪʷ ʩʠʥʭʨʦʥʽʟʦʚʘʥʽ ʤʽʞ 

ʨʽʚʥʷʤʠ, ʱʦ ʩʪʚʦʨʶʻ ʝʬʝʢʪ ʚʝʨʪʠʢʘʣʴʥʦʾ ʻʜʥʦʩʪʽ ð ʚʽʜ ʧʝʨʰʦʛʦ çʟʥʘʡʦʤʩʪʚʘ ʯʝʨʝʟ ʐɯè ʜʦ 

ʟʘʭʠʩʪʫ ʚʣʘʩʥʦʾ ʥʘʫʢʦʚʦʾ ʨʦʙʦʪʠ. 

3. ʄʝʪʦʜʦʣʦʛʽʷ ʜʽʷʣʴʥʦʩʪʽ ɸɼʐɯ 

ʂʦʞʝʥ ʚʝʙʽʥʘʨ ɸɼʐɯ ð ʮʝ ʥʝ ʣʝʢʮʽʷ, ʘ ʽʥʪʝʨʘʢʪʠʚʥʘ ʜʦʩʣʽʜʥʠʮʴʢʘ ʧʦʜʽʷ, ʧʽʜ ʯʘʩ ʷʢʦʾ 

ʫʯʘʩʥʠʢʠ ʩʘʤʦʩʪʽʡʥʦ ʩʪʚʦʨʶʶʪʴ ʽʜʝʾ, ʧʝʨʝʚʽʨʷʶʪʴ ʛʽʧʦʪʝʟʠ, ʧʨʘʮʶʶʪʴ ʫ ʛʨʫʧʘʭ ʽ ʟ ʐɯ ʷʢ 

ʩʧ̔ʚʨʦʟʤʦʚʥʠʢʦʤ, ʘ ʥʝ çʚʯʠʪʝʣʝʤè. 

ɿʦʢʨʝʤʘ: 

¶ ʟʘʥʷʪʪʷ çAI Detectiveè ʥʘʚʯʘʻ ʢʨʠʪʠʯʥʦ ʧʝʨʝʚʽʨʷʪʠ ʟʥʘʥʥʷ ʐɯ ʪʘ ʙʘʯʠʪʠ 

ʡʦʛʦ ʤʝʞʽ; 

¶ çʃʘʙʦʨʘʪʦʨʽʷ ʽʜʝʡè ʬʦʨʤʫʻ ʩʝʨʝʜʦʚʠʱʝ ʩʧʽʣʴʥʦʛʦ ʤʠʩʣʝʥʥʷ ʯʝʨʝʟ 

çʘʫʢʮʽʦʥ ʪʝʤè; 
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¶ çʇʨʦʤʧʪʠ ʫ ʜʽʾè ʽ çʇʨʦʤʧʪ-ʽʥʞʠʥʽʨʠʥʛè ʧʝʨʝʪʚʦʨʶʶʪʴ ʟʘʧʠʪʘʥʥʷ ʥʘ 

ʜʦʩʣʽʜʥʠʮʴʢʠʡ ʽʥʩʪʨʫʤʝʥʪ; 

¶ çCode Challengeè ̔  çʇʝʨʰʘ ʤʦʜʝʣʴè ʟʘʢʣʘʜʘʶʪʴ ʦʩʥʦʚʠ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʪʘ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ; 

¶ çHackathon Lightè ʪʘ çʇʨʦʤʽʞʥʠʡ ʟʘʭʠʩʪè ʛʦʪʫʶʪʴ ʫʯʘʩʥʠʢʽʚ ʜʦ ʥʘʫʢʦʚʠʭ 

ʢʦʥʬʝʨʝʥʮʽʡ, ʪʘʢʠʭ ʷʢ çʄʦʣʦʜʘ ʥʘʫʢʘ ï 2026è. 

ʋʩʽ ʤʘʪʝʨʽʘʣʠ ʧʦʙʫʜʦʚʘʥʽ ʟʘ ʧʨʠʥʮʠʧʦʤ ñlearning by creatingò ð ʫʯʘʩʥʠʢ ʧʽʟʥʘʻ ʩʚʽʪ ʐɯ 

ʥʝ ʩʧʦʩʪʝʨʽʛʘʶʯʠ, ʘ ʪʚʦʨʷʯʠ. 

4. ʇʝʜʘʛʦʛʽʯʥʘ ʬʽʣʦʩʦʬʽʷ: ʚʽʜ ʢʦʨʠʩʪʫʚʘʯʘ ʜʦ ʜʦʩʣʽʜʥʠʢʘ 

ɺ ʦʩʥʦʚʽ ʬʽʣʦʩʦʬʽʾ ɸɼʐɯ ʣʝʞʠʪʴ ʽʜʝʷ ʩʪʘʥʦʚʣʝʥʥʷ ʤʠʩʣʷʯʦʾ ʦʩʦʙʠʩʪʦʩʪʽ ʯʝʨʝʟ ʐɯ, 

ʩʬʦʨʤʫʣʴʦʚʘʥʘ ʾʾ ʟʘʩʥʦʚʥʠʢʦʤ ʷʢ ʧʨʠʥʮʠʧ: 

çɸɼʐɯ ʧʦʚʠʥʥʘ ʚʠʣʦʱʫʚʘʪʠ ʥʝ ʢʦʨʠʩʪʫʚʘʯʽʚ, ʘ ʜʦʩʣʽʜʥʠʢʽʚè. 

ʎʝʡ ʧʽʜʭʽʜ ʧʝʨʝʜʙʘʯʘʻ, ʱʦ ʢʦʞʝʥ ʫʯʘʩʥʠʢ ʧʨʦʭʦʜʠʪʴ ʧôʷʪʴ ʩʪʘʜʽʡ ʨʦʟʚʠʪʢʫ: 

ʉʧʦʩʪʝʨʽʛʘʯ Ÿ ʋʯʝʥʴ ʩʤʠʩʣʫ Ÿ ʂʦʥʩʪʨʫʢʪʦʨ ʛʽʧʦʪʝʟ Ÿ ɯʥʞʝʥʝʨ ʽʩʪʠʥʠ Ÿ ɼʦʩʣʽʜʥʠʢ ʙʫʪʪʷ. 

ʅʘ ʢʦʞʥʦʤʫ ʝʪʘʧʽ ʟʤʽʥʶʻʪʴʩʷ ʥʝ ʣʠʰʝ ʨʽʚʝʥʴ ʟʥʘʥʴ, ʘ ʡ ʪʠʧ ʤʠʩʣʝʥʥʷ ð ʚʽʜ ʧʨʦʩʪʦʛʦ 

ʟʘʧʠʪʫ ʜʦ ʨʝʬʣʝʢʩʽʾ ʥʘʜ ʚʣʘʩʥʠʤʠ ʽʜʝʷʤʠ. 

ɸɼʐɯ ʪʠʤ ʩʘʤʠʤ ʩʪʘʻ ʣʘʙʦʨʘʪʦʨʽʻʶ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʝʚʦʣʶʮʽʾ, ʜʝ ʐɯ ʚʠʢʦʥʫʻ ʨʦʣʴ 

ʽʥʩʪʨʫʤʝʥʪʘ, ʧʘʨʪʥʝʨʘ ʡ ʜʟʝʨʢʘʣʘ ʤʠʩʣʝʥʥʷ. ʋ ʮʴʦʤʫ ʧʦʣʷʛʘʻ ʾʾ ʥʦʚʘʪʦʨʩʪʚʦ: ʪʝʭʥʦʣʦʛʽʷ 

ʧʦʚʝʨʪʘʻ ʫʯʥʷ ʜʦ ʩʘʤʦʛʦ ʩʝʙʝ. 

5. ɽʢʦʩʠʩʪʝʤʘ ɸɼʐɯ ʪʘ ʟʦʚʥʽʰʥʽʡ ʚʧʣʠʚ 

ʇʨʦʻʢʪ ʚʠʭʦʜʠʪʴ ʟʘ ʤʝʞʽ ʦʩʚʽʪʥʴʦʛʦ ʩʝʨʝʜʦʚʠʱʘ, ʬʦʨʤʫʶʯʠ ʩʠʩʪʝʤʫ ʩʦʮʽʘʣʴʥʦʛʦ 

ʚʧʣʠʚʫ, ʩʧʨʷʤʦʚʘʥʫ ʥʘ ʟʘʣʫʯʝʥʥʷ ʤʦʣʦʜʽ ɼʦʥʝʯʯʠʥʠ ʪʘ ʚʩʽʻʾ ʋʢʨʘʾʥʠ, ʚʢʣʶʯʥʦ ʟ ʪʠʤʠ, ʭʪʦ 

ʚʠʤʫʰʝʥʦ ʟʘʣʠʰʠʚ ʩʚʦʾ ʜʦʤʽʚʢʠ. 

ʉʠʩʪʝʤʘ ʚʢʣʶʯʘʻ: 

¶ ʤʝʨʝʞʫ ʦʥʣʘʡʥ-ʚʝʙʽʥʘʨʽʚ ʽ ʢʦʥʩʫʣʴʪʘʮʽʡ, 

¶ ʤʝʭʘʥʽʟʤʠ ʟʘʣʫʯʝʥʥʷ ʯʝʨʝʟ ʩʦʮʽʘʣʴʥʽ ʤʝʜʽʘ (Telegram, Facebook, 

Instagram), 

¶ ʧʘʨʪʥʝʨʩʴʢʽ ʦʩʝʨʝʜʢʠ ʫ ʰʢʦʣʘʭ ʪʘ ʢʦʣʝʜʞʘʭ, 

¶ ʢʦʥʢʫʨʩʠ, ʭʘʢʘʪʦʥʠ, ʧʽʪʯʽ ʪʘ ʥʘʫʢʦʚʽ ʩʝʩʽʾ. 

ʗʢ ʟʘʟʥʘʯʝʥʦ ʫ ʭʨʦʥʽʮʽ ʨʦʟʚʠʪʢʫ ɸɼʐɯ, ʮʝ ʥʝ ʧʨʦʩʪʦ ʽʥʬʦʨʤʘʮʽʡʥʘ ʢʘʤʧʘʥʽʷ, ʘ ñʩʠʩʪʝʤʘ 

ʟʦʚʥʽʰʥʴʦʛʦ ʚʧʣʠʚʫò, ʷʢʘ ʚʞʝ ʜʽʻ, ʟʘʣʫʯʘʶʯʠ ʧʝʨʰʠʭ ʩʣʫʭʘʯʽʚ ʯʝʨʝʟ ʧʦʧʝʨʝʜʥʽ ʚʝʙʽʥʘʨʠ ʪʘ 

ʥʦʚʠʡ ʢʦʤʫʥʽʢʘʮʽʡʥʠʡ ʧʘʢʝʪ çʇʝʨʰʠʡ ʚʠʢʣʠʢ ɸɼʐɯè. 

6. ʈʦʣʴ ʮʠʬʨʦʚʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʽ GPT-ʝʢʦʩʠʩʪʝʤʠ 

ɸɼʐɯ ʘʢʪʠʚʥʦ ʽʥʪʝʛʨʫʻ ʩʫʯʘʩʥʽ ʐɯ-ʽʥʩʪʨʫʤʝʥʪʠ ð ʚʽʜ ChatGPT, Teachable Machine, 

Canva Magic Media ʜʦ ʧʣʘʪʬʦʨʤ ʩʠʤʫʣʷʮʽʡ (ANSYS, Onshape). 

ʋʯʘʩʥʠʢʠ ʥʝ ʧʨʦʩʪʦ ʟʥʘʡʦʤʣʷʪʴʩʷ ʟ ʥʠʤʠ, ʘ ʚʯʘʪʴʩʷ ʦʙʠʨʘʪʠ, ʘʥʘʣʽʟʫʚʘʪʠ ʡ ʢʨʠʪʠʯʥʦ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʾʭ. 

ʉʪʚʦʨʝʥʦ ʢʦʥʮʝʧʮʽʶ çʽʥʚʝʥʪʘʨʠʟʘʮʽʾ ʐɯ-ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʣʷ ʜʦʩʣʽʜʥʠʢʽʚè ð ʪʘʙʣʠʮʶ, ʜʝ 

ʢʦʞʝʥ ʽʥʩʪʨʫʤʝʥʪ ʦʮʽʥʶʻʪʴʩʷ ʟʘ ʬʫʥʢʮʽʻʶ, ʨʽʚʥʝʤ ʜʦʩʣʽʜʥʠʢʘ, ʝʪʠʯʥʠʤʠ ʨʠʟʠʢʘʤʠ ʡ 

ʧʦʪʝʥʮʽʘʣʦʤ ʨʦʟʚʠʪʢʫ. ʎʝ ʜʦʟʚʦʣʷʻ ʫʯʥʷʤ ʧʦʩʪʫʧʦʚʦ ʚʭʦʜʠʪʠ ʚ ʧʨʦʬʝʩʽʡʥʫ ʢʫʣʴʪʫʨʫ ʨʦʙʦʪʠ ʟ 

ʪʝʭʥʦʣʦʛʽʷʤʠ, ʨʦʟʫʤʽʶʯʠ, ʱʦ ʝʪʠʢʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʘʞʣʠʚʽʰʘ ʟʘ ʰʚʠʜʢʽʩʪʴ ʨʝʟʫʣʴʪʘʪʫ. 

7. ɯʥʩʪʠʪʫʮʽʡʥʘ ʩʧʽʚʧʨʘʮʷ ʽ ʧʝʨʩʧʝʢʪʠʚʠ 

ɸɼʐɯ ʩʧʠʨʘʻʪʴʩʷ ʥʘ ʧʦʪʫʞʥʫ ʤʝʨʝʞʫ ʧʘʨʪʥʝʨʽʚ: 

¶ ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ (ʥʘʫʢʦʚʦ-ʤʝʪʦʜʠʯʥʝ 

ʢʝʨʽʚʥʠʮʪʚʦ, ʪʝʭʥʽʯʥʽ ʣʘʙʦʨʘʪʦʨʽʾ); 

¶ ɯʥʩʪʠʪʫʪ ʧʨʦʙʣʝʤ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʅɸʅ ʋʢʨʘʾʥʠ (ʥʘʫʢʦʚʠʡ ʩʫʧʨʦʚʽʜ, 

ʜʦʩʣʽʜʞʝʥʥʷ ʐɯ); 

¶ QuartSoft (ʪʝʭʥʦʣʦʛʽʯʥʘ ʧʽʜʪʨʠʤʢʘ, ɯʊ-ʤʝʥʪʦʨʩʪʚʦ). 

ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʧʝʨʝʜʙʘʯʘʻ: 

1. ʩʪʚʦʨʝʥʥʷ ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʅʅɼ-ʧʣʘʪʬʦʨʤʠ ɸɼʐɯ, ʽʥʪʝʛʨʦʚʘʥʦʾ ʟ GPT-

ʘʩʠʩʪʝʥʪʘʤʠ; 

2. ʬʦʨʤʫʚʘʥʥʷ ʤʝʨʝʞʽ ñAI-ʣʘʙʦʨʘʪʦʨʽʡò ʫ ʰʢʦʣʘʭ ʽ ʢʦʣʝʜʞʘʭ; 
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3. ʚʠʭʽʜ ʥʘ ʤʽʞʥʘʨʦʜʥʽ ʦʩʚʽʪʥʽ ʧʨʦʻʢʪʠ (UNESCO, Intel AI for Youth, AI for 

Good Foundation). 

8. ɺʠʩʥʦʚʢʠ 

ɸɼʐɯ ʩʴʦʛʦʜʥʽ ð ʮʝ ʥʝ ʣʠʰʝ ʦʩʚʽʪʥʽʡ ʝʢʩʧʝʨʠʤʝʥʪ, ʘ ʥʦʚʠʡ ʪʠʧ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ 

ʧʨʦʩʪʦʨʫ, ʫ ʷʢʦʤʫ ʐɯ ʩʪʘʻ ʢʘʪʘʣʽʟʘʪʦʨʦʤ ʣʶʜʩʴʢʦʛʦ ʤʠʩʣʝʥʥʷ. ɿʘʚʜʷʢʠ ʩʪʨʫʢʪʫʨʦʚʘʥʠʤ 

ʨʽʚʥʷʤ ʥʘʚʯʘʥʥʷ, ʽʥʪʝʨʘʢʪʠʚʥʠʤ ʬʦʨʤʘʪʘʤ ʽ ʤʝʪʦʜʦʣʦʛʽʾ ʢʨʠʪʠʯʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ 

ɸʢʘʜʝʤʽʷ ʩʪʚʦʨʶʻ ʫʤʦʚʠ ʜʣʷ ʥʘʨʦʜʞʝʥʥʷ ʧʦʢʦʣʽʥʥʷ ʫʢʨʘʾʥʩʴʢʠʭ ʜʦʩʣʽʜʥʠʢʽʚ ʐɯ, ʟʜʘʪʥʠʭ ʥʝ 

ʧʨʦʩʪʦ ʢʦʨʠʩʪʫʚʘʪʠʩʴ ʤʦʜʝʣʷʤʠ, ʘ ʩʪʚʦʨʶʚʘʪʠ ʚʣʘʩʥʽ. ʎʝʡ ʨʫʭ ð ʜʦʢʘʟ ʪʦʛʦ, ʱʦ ʥʘʚʽʪʴ ʫ ʯʘʩʠ 

ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ ʡ ʚʽʡʥʠ ʦʩʚʽʪʘ ʤʦʞʝ ʟʘʣʠʰʘʪʠʩʷ ʧʨʦʩʪʦʨʦʤ ʪʚʦʨʯʦʩʪʽ, ʛʽʜʥʦʩʪʽ ʪʘ ʤʘʡʙʫʪʥʴʦʛʦ. 
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ʂʦʚʘʣʝʚʩʴʢʠʡ ʉ.ɺ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ), ʄʝʣʴʥʠʢ ʉ.ɺ., ʉʦʨʦʢʘ ʄ.ʆ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ 

ʫʥʽʚʝʨʩʠʪʝʪ, ɺʽʥʥʠʮʷ, ʋʢʨʘʾʥʘ).  

 

ɯʅʊɽʃɽʂʊʋɸʃʔʅʀʁ ʅɽʁʈʆʄɽʈɽɾʅʀʁ ɸʉʀʉʊɽʅʊ ʋ ʎʀʌʈʆɺɯʁ 

ʇɯɼɻʆʊʆɺʎɯ ɯʅɾɽʅɽʈɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʨʦʙʣʝʥʥʷ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʷ 

ɯʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ɯʂʉ ð ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʧʽʜʪʨʠʤʢʠ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ ʜʣʷ 

ʧʽʜʛʦʪʦʚʢʠ ʽʥʞʝʥʝʨʽʚ ʫ ʛʘʣʫʟʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʢʝʨʫʶʯʠʭ ʩʠʩʪʝʤ. ɸʩʠʩʪʝʥʪ ʨʝʘʣʽʟʫʻ ʧʨʠʥʮʠʧʠ 

ʘʜʘʧʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʮʪʚʘ, ʩʠʤʫʣʷʮʽʡʥʦʛʦ ʤʦʜʝʣʶʚʘʥʥʷ ʪʘ ʜʽʘʣʦʛʦʚʦʾ ʚʟʘʻʤʦʜʽʾ 

ʩʪʫʜʝʥʪʘ ʟ ʥʘʚʯʘʣʴʥʠʤʠ ʤʦʜʝʣʷʤʠ. ʆʧʠʩʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ ʘʩʠʩʪʝʥʪʘ, ʱʦ ʚʢʣʶʯʘʻ ʷʜʨʦ ʟʥʘʥʴ, ʤʦʚʥʠʡ 

ʽʥʪʝʨʬʝʡʩ ʥʘ ʦʩʥʦʚʽ GPT-ʤʦʜʝʣʽ, ʽʥʪʝʛʨʘʮʽʡʥʽ ʤʦʜʫʣʽ ʟ CAD/CAE-ʩʝʨʝʜʦʚʠʱʘʤʠ ʪʘ ʘʥʘʣʽʪʠʯʥʠʡ ʙʣʦʢ 

ʤʦʥʽʪʦʨʠʥʛʫ ʧʨʦʛʨʝʩʫ. ɺʧʨʦʚʘʜʞʝʥʥʷ ʩʠʩʪʝʤʠ ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ ɼʦʥʙʘʩʴʢʦʾ ʜʝʨʞʘʚʥʦʾ ʽʥʞʝʥʝʨʥʦʾ 

ʘʢʘʜʝʤʽʾ ʧʦʢʘʟʘʣʦ ʩʢʦʨʦʯʝʥʥʷ ʯʘʩʫ ʧʽʜʛʦʪʦʚʢʠ ʜʦ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʥʷʪʴ, ʟʨʦʩʪʘʥʥʷ ʩʘʤʦʩʪʽʡʥʦʩʪʽ 

ʟʜʦʙʫʚʘʯʽʚ ʽ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʨʦʙʽʪ. ʈʦʟʨʦʙʢʘ ɯʂʉ-ʘʩʠʩʪʝʥʪʘ ʚʽʜʧʦʚʽʜʘʻ 

ʩʫʯʘʩʥʠʤ ʢʦʥʮʝʧʮʽʷʤ ʦʩʚʽʪʠ 4.0, ʽʥʪʝʛʨʫʶʯʠ ʢʦʛʥʽʪʠʚʥʽ, ʤʝʪʦʜʦʣʦʛʽʯʥʽ ʡ ʪʝʭʥʦʣʦʛʽʯʥʽ ʩʢʣʘʜʦʚʽ ʜʣʷ 

ʬʦʨʤʫʚʘʥʥʷ ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ ʽʥʞʝʥʝʨʽʚ ʤʘʡʙʫʪʥʴʦʛʦ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʮʠʬʨʦʚʠʡ ʘʩʠʩʪʝʥʪ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʢʝʨʫʶʯʽ ʩʠʩʪʝʤʠ, 

ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ, CAD/CAE, ʦʩʚʽʪʘ 4.0, ʘʜʘʧʪʠʚʥʝ ʥʘʚʯʘʥʥʷ, ʩʠʤʫʣʷʮʽʷ. 

Abstract. The article presents the development and implementation results of the Interactive ICS 

Assistant ï an intelligent learning support system designed for engineering education in the field of intelligent 

control systems. The assistant applies the principles of adaptive learning, digital twin technology, simulation 

modeling, and natural language interaction with educational models. The architecture includes a knowledge 

core, a GPT-based language interface, CAD/CAE integration modules, and an analytics block for progress 

tracking. Implementation in the educational process of Donbas State Engineering Academy demonstrated a 

30ï40% reduction in preparation time for laboratory classes, increased student autonomy, and improved 

quality of experimental projects. The ICS Assistant reflects the principles of Education 4.0 by integrating 

cognitive, methodological, and technological dimensions to foster research and engineering competencies of 

future professionals. 

Keywords: artificial intelligence, digital assistant, intelligent control systems, digital twin, CAD/CAE, 

Education 4.0, adaptive learning, simulation. 

 

1. ɺʩʪʫʧ 

ʆʩʚʽʪʥʽʡ ʧʨʦʩʪʽʨ XXI  ʩʪʦʣʽʪʪʷ ʧʦʪʨʝʙʫʻ ʥʝ ʣʠʰʝ ʤʦʜʝʨʥʽʟʘʮʽʾ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʘ ʡ ʥʦʚʦʛʦ 

ʧʜ̔ʭʦʜʫ ʜʦ ʚʟʘʻʤʦʜʽʾ ʣʶʜʠʥʠ ʟ ʟʥʘʥʥʷʤʠ. ʋ ʛʘʣʫʟʽ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ, ʜʝ ʢʦʞʥʘ ʥʘʚʯʘʣʴʥʘ ʟʘʜʘʯʘ 
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ʤʦʞʝ ʙʫʪʠ ʧʝʨʝʪʚʦʨʝʥʘ ʫ ʮʠʬʨʦʚʠʡ ʝʢʩʧʝʨʠʤʝʥʪ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚʽʜʢʨʠʚʘʻ 

ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʧʝʨʩʦʥʽʬʽʢʦʚʘʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʜʦʩʣʽʜʥʠʮʴʢʦʛʦ ʤʠʩʣʝʥʥʷ ʪʘ ʩʪʚʦʨʝʥʥʷ 

ʮʠʬʨʦʚʠʭ ʣʘʙʦʨʘʪʦʨʽʡ. 

ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ʩʪʚʦʨʝʥʦ ɯʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ɯʂʉ (ICS Assistant) ð 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʮʠʬʨʦʚʠʡ ʧʦʤʽʯʥʠʢ, ʷʢʠʡ ʧʦʻʜʥʫʻ ʤʦʞʣʠʚʦʩʪʽ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ ʐɯ, 

ʭʤʘʨʥʠʭ ʦʩʚʽʪʥʽʭ ʧʣʘʪʬʦʨʤ, CAD/CAE-ʩʝʨʝʜʦʚʠʱ ʪʘ ʣʘʙʦʨʘʪʦʨʥʠʭ ʩʠʤʫʣʷʪʦʨʽʚ ʜʣʷ 

ʧʽʜʪʨʠʤʢʠ ʮʠʢʣʫ ʥʘʚʯʘʥʥʷ ʚʽʜ ʣʝʢʮʽʾ ʜʦ ʥʘʫʢʦʚʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

2. ʄʝʪʘ ʽ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ 

ʄʝʪʦʶ ʧʨʦʻʢʪʫ ʻ ʨʦʟʨʦʙʣʝʥʥʷ ʽʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ʥʘʚʯʘʣʴʥʦʾ ʜʠʩʮʠʧʣʽʥʠ 

çɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʢʝʨʫʶʯʽ ʩʠʩʪʝʤʠè, ʟʜʘʪʥʦʛʦ: 

¶ ʘʜʘʧʪʫʚʘʪʠ ʥʘʚʯʘʣʴʥʠʡ ʢʦʥʪʝʥʪ ʜʦ ʨʽʚʥʷ ʧʽʜʛʦʪʦʚʢʠ ʩʪʫʜʝʥʪʘ; 

¶ ʛʝʥʝʨʫʚʘʪʠ ʟʘʚʜʘʥʥʷ, ʪʝʩʪʠ, ʣʘʙʦʨʘʪʦʨʥʽ ʽʥʩʪʨʫʢʮʽʾ; 

¶ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʽʥʪʝʛʨʘʮʽʶ ʟ ʮʠʬʨʦʚʠʤʠ ʤʦʜʝʣʷʤʠ ʽ ʩʠʤʫʣʷʮʽʷʤʠ; 

¶ ʧʽʜʪʨʠʤʫʚʘʪʠ ʜʦʩʣʽʜʥʠʮʴʢʽ ʧʨʦʝʢʪʠ, ʚ ʪʦʤʫ ʯʠʩʣʽ ʘʩʧʽʨʘʥʪʩʴʢʽ; 

¶ ʚʠʩʪʫʧʘʪʠ ʟʘʩʦʙʦʤ ʩʘʤʦʦʮʽʥʶʚʘʥʥʷ ʪʘ ʘʥʘʣʽʪʠʢʠ ʥʘʚʯʘʣʴʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. 

ʋ ʧʨʦʮʝʩʽ ʩʪʚʦʨʝʥʥʷ ɯʂʉ-ʘʩʠʩʪʝʥʪʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʷ ʤʝʪʦʜʦʣʦʛʽʷ ʮʠʬʨʦʚʦʛʦ 

ʜʚʽʡʥʠʮʪʚʘ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ, ʢʦʣʠ ʢʦʞʝʥ ʝʣʝʤʝʥʪ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ (ʟʘʚʜʘʥʥʷ, 

ʝʢʩʧʝʨʠʤʝʥʪ, ʣʘʙʦʨʘʪʦʨʽʷ) ʤʘʻ ʩʚʦʶ ʮʠʬʨʦʚʫ ʢʦʧʽʶ ʫ ʚʽʨʪʫʘʣʴʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

3. ɸʨʭʽʪʝʢʪʫʨʘ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʘ ʦʩʥʦʚʘ ʘʩʠʩʪʝʥʪʘ 

ɯʥʪʝʨʘʢʪʠʚʥʠʡ ʘʩʠʩʪʝʥʪ ʧʦʙʫʜʦʚʘʥʦ ʥʘ ʤʦʜʫʣʴʥʽʡ ʘʨʭʽʪʝʢʪʫʨʽ, ʷʢʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ: 

¶ ʷʜʨʘ ʟʥʘʥʴ ʜʠʩʮʠʧʣʽʥʠ (ʙʘʟʘ ʣʝʢʮʽʡ, ʣʘʙʦʨʘʪʦʨʥʠʭ ʨʦʙʽʪ, ʙʽʙʣʽʦʛʨʘʬʽʷ, 

ʩʪʘʥʜʘʨʪʥʽ ʘʣʛʦʨʠʪʤʠ ʢʝʨʫʚʘʥʥʷ, ʤʦʜʝʣʽ ʩʠʩʪʝʤ ʘʚʪʦʤʘʪʠʟʘʮʽʾ); 

¶ ʤʦʚʥʦʛʦ ʽʥʪʝʨʬʝʡʩʫ ʥʘ ʦʩʥʦʚʽ GPT-ʤʦʜʝʣʽ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʚʝʩʪʠ ʜʽʘʣʦʛ 

ʧʨʠʨʦʜʥʦʶ ʤʦʚʦʶ, ʨʦʟʫʤʽʪʠ ʢʦʥʪʝʢʩʪ ʥʘʚʯʘʣʴʥʦʾ ʩʠʪʫʘʮʽʾ ʪʘ ʛʝʥʝʨʫʚʘʪʠ ʧʦʷʩʥʝʥʥʷ; 

¶ ʽʥʪʝʛʨʘʮʽʡʥʦʛʦ ʤʦʜʫʣʷ ʟ CAD/CAE-ʩʝʨʝʜʦʚʠʱʘʤʠ (SolidWorks, 

MATLAB /Simulink, Ansys, Deductor), ʱʦ ʜʦʟʚʦʣʷʻ ʧʨʘʮʶʚʘʪʠ ʟ ʤʦʜʝʣʷʤʠ ʫ ʨʝʞʠʤʽ 

ʩʠʤʫʣʷʮʽʾ; 

¶ ʘʥʘʣʽʪʠʯʥʦʛʦ ʙʣʦʢʫ, ʷʢʠʡ ʚʽʜʩʪʝʞʫʻ ʧʨʦʛʨʝʩ ʢʦʨʠʩʪʫʚʘʯʘ, ʧʨʦʧʦʥʫʻ 

ʨʝʢʦʤʝʥʜʘʮʽʾ, ʬʦʨʤʫʻ ʽʥʜʠʚʽʜʫʘʣʴʥʽ ʪʨʘʻʢʪʦʨʽʾ. 

ʉʠʩʪʝʤʘ ʨʦʟʛʦʨʪʘʻʪʴʩʷ ʫ ʭʤʘʨʥʽʡ ʽʥʬʨʘʩʪʨʫʢʪʫʨʽ, ʱʦ ʜʦʟʚʦʣʷʻ ʤʘʩʰʪʘʙʫʚʘʪʠ ʾʾ ʧʽʜ ʨʽʟʥʽ 

ʨʽʚʥʽ ʢʦʨʠʩʪʫʚʘʯʽʚ: ʙʘʢʘʣʘʚʨ ï ʤʘʛʽʩʪʨ ï ʘʩʧʽʨʘʥʪ. 

4. ʆʩʚʽʪʥʽʡ ʢʦʥʪʝʢʩʪ ʪʘ ʽʥʪʝʛʨʘʮʽʷ ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ 

ɸʩʠʩʪʝʥʪ ɯʂʉ ʫʧʨʦʚʘʜʞʝʥʦ ʚ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ ɼʦʥʙʘʩʴʢʦʾ ʜʝʨʞʘʚʥʦʾ ʽʥʞʝʥʝʨʥʦʾ 

ʘʢʘʜʝʤʽʾ ʫ ʤʝʞʘʭ ʢʫʨʩʫ çɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʢʝʨʫʶʯʽ ʩʠʩʪʝʤʠè. ʇʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʩʪʫʜʝʥʪʠ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʡʦʛʦ ʜʣʷ: 

¶ ʧʽʜʛʦʪʦʚʢʠ ʜʦ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʥʷʪʴ (ʧʦʰʫʢ ʬʦʨʤʫʣ, ʤʦʜʝʣʝʡ, 

ʘʣʛʦʨʠʪʤʽʚ); 

¶ ʨʦʟʨʦʙʣʝʥʥʷ ʩʪʨʫʢʪʫʨʥʠʭ ʩʭʝʤ ʩʠʩʪʝʤ ʢʝʨʫʚʘʥʥʷ; 

¶ ʘʥʘʣʽʟʫ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʜʘʥʠʭ ʟ ʛʽʜʨʘʚʣʽʯʥʠʭ, ʝʣʝʢʪʨʠʯʥʠʭ ʪʘ 

ʤʝʭʘʪʨʦʥʥʠʭ ʩʠʩʪʝʤ; 

¶ ʤʦʜʝʣʶʚʘʥʥʷ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʫ MATLAB  ʪʘ Python; 

¶ ʧʽʜʛʦʪʦʚʢʠ ʥʘʫʢʦʚʠʭ ʟʚʽʪʽʚ ʽ ʧʨʝʟʝʥʪʘʮʽʡ. 

ɸʩʧʽʨʘʥʪʠ, ʟʦʢʨʝʤʘ ʄʝʣʴʥʠʢ ʉ.ɺ. ʪʘ ʉʦʨʦʢʘ ʄ.ʆ., ʟʘʩʪʦʩʫʚʘʣʠ ɯʂʉ-ʘʩʠʩʪʝʥʪʘ ʷʢ 

ʽʥʩʪʨʫʤʝʥʪ ʧʦʧʝʨʝʜʥʴʦʛʦ ʤʦʜʝʣʶʚʘʥʥʷ ʩʠʩʪʝʤ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ ʧʨʦʤʠʩʣʦʚʠʭ 

ʤʘʥʽʧʫʣʷʪʦʨʽʚ ʽ ʩʠʩʪʝʤ ʪʦʯʥʦʛʦ ʢʝʨʫʚʘʥʥʷ, ʱʦ ʜʘʣʦ ʟʤʦʛʫ ʩʢʦʨʦʪʠʪʠ ʮʠʢʣ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ 

ʚʽʜʧʨʘʮʶʚʘʥʥʷ. 

5. ʄʝʪʦʜʦʣʦʛʽʯʥʽ ʧʨʠʥʮʠʧʠ 

ʂʣʶʯʦʚʠʤʠ ʤʝʪʦʜʦʣʦʛʽʯʥʠʤʠ ʦʨʽʻʥʪʠʨʘʤʠ ʩʪʘʣʠ: 

¶ ʧʨʠʥʮʠʧ ʽʥʪʝʛʨʘʮʽʾ ʣʶʜʠʥʘ ï ʤʘʰʠʥʘ ï ʟʥʘʥʥʷ, ʜʝ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ 

ʚʠʩʪʫʧʘʻ ʧʦʩʝʨʝʜʥʠʢʦʤ ʫ ʟʘʩʚʦʻʥʥʽ ʩʢʣʘʜʥʠʭ ʪʝʭʥʽʯʥʠʭ ʢʦʥʮʝʧʮʽʡ; 

¶ ʘʜʘʧʪʠʚʥʽʩʪʴ ʽ ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ, ʱʦ ʨʝʘʣʽʟʫʻʪʴʩʷ ʯʝʨʝʟ ʦʙʨʦʙʢʫ 

ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʟʘʧʠʪʽʚ ʩʪʫʜʝʥʪʽʚ; 



 

 

155 

 

¶ ʚʽʟʫʘʣʽʟʘʮʽʷ ʤʠʩʣʝʥʥʷ ï ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʧʨʦʮʝʩʽʚ ʢʝʨʫʚʘʥʥʷ ʫ ʚʠʛʣʷʜʽ 

ʜʠʥʘʤʽʯʥʠʭ ʤʦʜʝʣʝʡ, ʙʣʦʢ-ʩʭʝʤ, ʩʠʤʫʣʷʮʽʡ; 

¶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʛʽʧʦʪʝʟ, ʧʨʦʝʢʪʫʚʘʥʥʷ 

ʝʢʩʧʝʨʠʤʝʥʪʽʚ, ʽ ʥʘʚʽʪʴ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʥʘʚʯʘʥʥʷ. 

ʊʘʢʽ ʧʽʜʭʦʜʠ ʚʽʜʧʦʚʽʜʘʶʪʴ ʩʫʯʘʩʥʠʤ ʪʝʥʜʝʥʮʽʷʤ ɭʚʨʦʧʝʡʩʴʢʦʛʦ ʧʨʦʩʪʦʨʫ ʚʠʱʦʾ ʦʩʚʽʪʠ 

(EHEA) ʱʦʜʦ ʢʦʤʧʝʪʝʥʪʥʽʩʥʦʛʦ ʧʽʜʭʦʜʫ ʪʘ ʥʘʚʯʘʥʥʷ ʯʝʨʝʟ ʜʦʩʣʽʜʞʝʥʥʷ (learning by research). 

6. ʇʨʘʢʪʠʯʥʽ ʨʝʟʫʣʴʪʘʪʠ 

ʋ ʭʦʜʽ ʘʧʨʦʙʘʮʽʾ ʘʩʠʩʪʝʥʪʘ ʦʪʨʠʤʘʥʦ ʪʘʢʽ ʨʝʟʫʣʴʪʘʪʠ: 

¶ ʩʢʦʨʦʯʝʥʦ ʯʘʩ ʧʽʜʛʦʪʦʚʢʠ ʩʪʫʜʝʥʪʽʚ ʜʦ ʣʘʙʦʨʘʪʦʨʥʠʭ ʟʘʥʷʪʴ ʥʘ 30ï40 %; 

¶ ʟʙʽʣʴʰʝʥʦ ʯʘʩʪʢʫ ʩʘʤʦʩʪʽʡʥʦʾ ʜʦʩʣʽʜʥʠʮʴʢʦʾ ʨʦʙʦʪʠ; 

¶ ʨʝʘʣʽʟʦʚʘʥʦ ʩʠʩʪʝʤʫ ʦʮʽʥʶʚʘʥʥʷ, ʱʦ ʬʦʨʤʫʻ ʘʥʘʣʽʪʠʯʥʽ ʢʘʨʪʠ 

ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ; 

¶ ʩʪʚʦʨʝʥʦ ʧʨʦʪʦʪʠʧ ʚʽʨʪʫʘʣʴʥʦʾ ʣʘʙʦʨʘʪʦʨʽʾ ɯʂʉ-Lab, ʷʢʘ ʚʟʘʻʤʦʜʽʻ ʟ 

ʘʩʠʩʪʝʥʪʦʤ ʯʝʨʝʟ API ʪʘ ʜʦʟʚʦʣʷʻ ʚʠʢʦʥʫʚʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʠ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ; 

¶ ʧʽʜʛʦʪʦʚʣʝʥʦ ʧʦʥʘʜ 15 ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ, ʟʘʭʠʱʝʥʠʭ ʫ ʚʠʛʣʷʜʽ 

ʥʘʫʢʦʚʠʭ ʟʚʽʪʽʚ ʽ ʤʘʛʽʩʪʝʨʩʴʢʠʭ ʨʦʙʽʪ. 

7. ʆʙʛʦʚʦʨʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʽ ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ 

ɺʠʢʦʨʠʩʪʘʥʥʷ ɯʂʉ-ʘʩʠʩʪʝʥʪʘ ʜʝʤʦʥʩʪʨʫʻ, ʱʦ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʥʘʚʯʘʥʥʽ ʥʝ ʟʘʤʽʥʶʻ 

ʚʠʢʣʘʜʘʯʘ, ʘ ʧʦʩʠʣʶʻ ʡʦʛʦ ʨʦʣʴ ʷʢ ʢʫʨʘʪʦʨʘ ʟʥʘʥʴ. ʊʘʢʘ ʩʠʩʪʝʤʘ ʩʪʘʻ ʯʘʩʪʠʥʦʶ ʦʩʚʽʪʥʴʦʾ 

ʝʢʦʩʠʩʪʝʤʠ çɸʢʘʜʝʤʽʾ ʜʦʩʣʽʜʥʠʢʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫè (ɸɼʐɯ), ʱʦ ʦʙôʻʜʥʫʻ ʫʯʥʽʚ, ʩʪʫʜʝʥʪʽʚ 

ʽ ʥʘʫʢʦʚʮʽʚ ʨʽʟʥʦʛʦ ʨʽʚʥʷ. 

ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʧʝʨʝʜʙʘʯʘʻ: 

¶ ʩʪʚʦʨʝʥʥʷ ʧʦʚʥʦʮʽʥʥʦʛʦ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ɯʂʉ; 

¶ ʽʥʪʝʛʨʘʮʽʶ ʽʟ ʩʠʩʪʝʤʘʤʠ Moodle, Miro, Canva, ChatGPT ʪʘ ʚʥʫʪʨʽʰʥʽʤ 

ʨʝʧʦʟʠʪʘʨʽʻʤ ʥʘʚʯʘʣʴʥʠʭ ʤʦʜʝʣʝʡ; 

¶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʨʠʥʮʠʧʽʚ EdTech-ʛʝʡʤʽʬʽʢʘʮʽʾ ʪʘ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʥʘʚʯʘʥʥʷ; 

¶ ʬʦʨʤʫʚʘʥʥʷ ʤʽʞʥʘʨʦʜʥʠʭ ʧʘʨʪʥʝʨʩʪʚ ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʝʪʠʯʥʠʭ ʘʩʧʝʢʪʽʚ 

ʐɯ ʚ ʦʩʚʽʪʽ. 

8. ɺʠʩʥʦʚʢʠ 

ɯʥʪʝʨʘʢʪʠʚʥʠʡ ʘʩʠʩʪʝʥʪ ɯʂʉ ʜʦʚʽʚ ʩʚʦʶ ʝʬʝʢʪʠʚʥʽʩʪʴ ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʧʽʜʪʨʠʤʢʠ 

ʽʥʞʝʥʝʨʥʦʾ ʦʩʚʽʪʠ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ, ʱʦ ʧʦʻʜʥʫʻ ʢʦʛʥʽʪʠʚʥʽ, ʪʝʭʥʦʣʦʛʽʯʥʽ ʡ ʤʝʪʦʜʦʣʦʛʽʯʥʽ 

ʢʦʤʧʦʥʝʥʪʠ. 

ʁʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʩʧʨʠʷʻ ʨʦʟʚʠʪʢʫ ʮʠʬʨʦʚʦʾ ʢʫʣʴʪʫʨʠ, ʬʦʨʤʫʚʘʥʥʶ ʜʦʩʣʽʜʥʠʮʴʢʠʭ 

ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ, ʧʽʜʚʠʱʝʥʥʶ ʷʢʦʩʪʽ ʧʽʜʛʦʪʦʚʢʠ ʬʘʭʽʚʮʽʚ ʽ ʚʦʜʥʦʯʘʩ ʩʪʚʦʨʶʻ ʧʣʘʪʬʦʨʤʫ ʜʣʷ 

ʤʽʞʜʠʩʮʠʧʣʽʥʘʨʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʫ ʩʬʝʨʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʤʝʭʘʪʨʦʥʽʢʠ ʪʘ ʫʧʨʘʚʣʽʥʥʷ. 
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ʂʦʚʘʣʝʚʩʴʢʠʡ ʉ.ɺ., (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-

ʊʝʨʥʦʧʽʣʴ, ʋʢʨʘʾʥʘ), ɹʽʣʦʩʪʝʯʥʠʡ ɺ.ʆ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ, 

ɺʽʥʥʠʮʷ, ʋʢʨʘʾʥʘ).  

 

ʅɽʁʈʆʄɽʈɽɾʅɯ ʄʆɾʃʀɺʆʉʊɯ ɯʅʊɽʃɽʂʊʋɸʃʔʅʀʍ ʂɽʈʋʖʏʀʍ ʉʀʉʊɽʄ ʋ 

ʆʉɺɯʊʅʔʆʄʋ ʇʈʆʎɽʉɯ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʥʫʪʦ ʩʪʚʦʨʝʥʥʷ ʪʘ ʘʧʨʦʙʘʮʽʶ ɯʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ɯʊʉ 

ʆʂʈ3ɯ ð ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʥʦʚʦʛʦ ʧʦʢʦʣʽʥʥʷ, ʧʨʠʟʥʘʯʝʥʦʾ ʜʣʷ ʧʽʜʪʨʠʤʢʠ ʦʩʚʽʪʥʴʦ-ʜʦʩʣʽʜʥʦʾ 

ʜʽʷʣʴʥʦʩʪʽ ʫ ʪʝʭʥʽʯʥʠʭ ʫʥʽʚʝʨʩʠʪʝʪʘʭ. ʆʧʠʩʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ ʘʩʠʩʪʝʥʪʘ, ʷʢʘ ʚʢʣʶʯʘʻ ʦʩʚʽʪʥʽʡ, 
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ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʡ ʪʘ ʽʥʥʦʚʘʮʽʡʥʦ-ʚʠʨʦʙʥʠʯʠʡ ʨʽʚʥʽ, ʱʦ ʚʟʘʻʤʦʜʽʶʪʴ ʽʟ ʣʘʙʦʨʘʪʦʨʽʷʤʠ ICS-Lab ʪʘ ITS-

Lab. ɺʠʟʥʘʯʝʥʦ ʤʝʪʦʜʦʣʦʛʽʯʥʽ ʟʘʩʘʜʠ ʧʨʦʻʢʪʫ, ʟʘʩʥʦʚʘʥʽ ʥʘ ʢʦʥʮʝʧʮʽʾ ʮʠʬʨʦʚʦʛʦ ʙʣʠʟʥʶʢʘ ʥʘʚʯʘʣʴʥʦʛʦ 

ʧʨʦʮʝʩʫ, ʷʢʠʡ ʘʥʘʣʽʟʫʻʪʴʩʷ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʘʜʘʧʪʠʚʥʠʤʠ ʤʦʜʝʣʷʤʠ fuzzy-ʣʦʛʽʢʠ. 

ʇʦʢʘʟʘʥʦ, ʱʦ ɯʊʉ ʆʂʈ3ɯ ʩʧʨʠʷʻ ʬʦʨʤʫʚʘʥʥʶ ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʽ ʘʥʘʣʽʪʠʯʥʠʭ ʢʦʤʧʝʪʝʥʮʽʡ, ʟʦʢʨʝʤʘ ʫ 

ʩʬʝʨʽ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʽ ʥʝʡʨʦʽʥʪʝʨʬʝʡʩʽʚ. ʈʝʟʫʣʴʪʘʪʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʩʚʽʜʯʘʪʴ ʧʨʦ ʧʽʜʚʠʱʝʥʥʷ 

ʷʢʦʩʪʽ ʘʥʘʣʽʪʠʯʥʠʭ ʨʦʙʽʪ, ʩʘʤʦʩʪʽʡʥʦʩʪʽ ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ ʪʘ ʤʦʪʠʚʘʮʽʾ ʜʦ ʥʘʫʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ. 

ʇʨʦʻʢʪ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʷʢ ʦʩʥʦʚʘ ʩʪʚʦʨʝʥʥʷ ʥʘʮʽʦʥʘʣʴʥʦʾ AI-ʧʣʘʪʬʦʨʤʠ ʪʝʭʥʽʯʥʦʾ ʦʩʚʽʪʠ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʮʠʬʨʦʚʠʡ ʙʣʠʟʥʶʢ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʢʝʨʫʚʘʥʥʷ, 

ʦʩʚʽʪʘ 4.0, fuzzy-ʣʦʛʽʢʘ, ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, ʽʥʪʝʨʘʢʪʠʚʥʠʡ ʘʩʠʩʪʝʥʪ, ɯʊʉ ʆʂʈ3ɯ. 

Abstract. The paper presents the development and testing of the Interactive Assistant ITS OKR3I ï a 

next-generation intelligent system designed to support educational and research activities in technical 

universities. The architecture of the assistant comprises three interconnected levels: educational, research, 

and industrial, which operate in integration with the ICS-Lab and ITS-Lab digital laboratories. The 

methodological framework is based on the digital twin concept of the learning process, analyzed and optimized 

through machine learning algorithms and fuzzy logic models. ITS OKR3I enhances analytical and research 

competencies, particularly in digital twin technologies and neuro-interfaces. Implementation results 

demonstrate increased quality of analytical work, studentsô autonomy, and motivation for scientific 

exploration. The project serves as a foundation for establishing a national AI platform for engineering 

education. 

Keywords: artificial intelligence, digital twin, intelligent control systems, Education 4.0, fuzzy logic, 

machine learning, interactive assistant, ITS OKR3I. 
 

1. ɺʩʪʫʧ. 

ʉʫʯʘʩʥʘ ʚʠʱʘ ʪʝʭʥʽʯʥʘ ʦʩʚʽʪʘ ʧʝʨʝʙʫʚʘʻ ʥʘ ʝʪʘʧʽ ʛʣʠʙʦʢʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ, ʱʦ ʧʦʚôʷʟʘʥʘ 

ʟ ʧʝʨʝʭʦʜʦʤ ʜʦ ʦʩʚʽʪʠ, ʧʽʜʩʠʣʝʥʦʾ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ (AI-powered education). ɺ ʫʤʦʚʘʭ 

ʩʪʨʽʤʢʦʛʦ ʨʦʟʚʠʪʢʫ ʤʦʜʝʣʝʡ ʐɯ (ʚʽʜ GPT-3 ʜʦ GPT-5) ʟʤʽʥʶʻʪʴʩʷ ʥʝ ʣʠʰʝ ʩʪʨʫʢʪʫʨʘ 

ʥʘʚʯʘʣʴʥʦʛʦ ʢʦʥʪʝʥʪʫ, ʘ ʡ ʩʘʤʘ ʧʨʠʨʦʜʘ ʦʩʚʽʪʥʴʦʾ ʚʟʘʻʤʦʜʽʾ. 

ʋ ʚʽʜʧʦʚʽʜʴ ʥʘ ʮʽ ʚʠʢʣʠʢʠ ʚ ʤʝʞʘʭ ʦʩʚʽʪʥʴʦ-ʥʘʫʢʦʚʦʾ ʧʨʦʛʨʘʤʠ çɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʪʝʭʥʦʣʦʛʽʯʥʽ 

ʩʠʩʪʝʤʠ (ɯʊʉ)è ʙʫʣʦ ʩʪʚʦʨʝʥʦ ɯʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ɯʊʉ ʆʂʈ3ɯ, ʷʢʠʡ ʧʦʻʜʥʫʻ ʬʫʥʢʮʽʾ 

ʮʠʬʨʦʚʦʛʦ ʪʴʶʪʦʨʘ, ʣʘʙʦʨʘʪʦʨʥʦʛʦ ʢʦʥʩʫʣʴʪʘʥʪʘ, ʘʥʘʣʽʪʠʢʘ ʟʥʘʥʴ ʽ ʥʘʫʢʦʚʦʛʦ ʩʫʧʨʦʚʦʜʫ 

ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʧʨʦʻʢʪʽʚ ʘʩʧʽʨʘʥʪʽʚ. 

2. ʂʦʥʮʝʧʮʽʷ ʽ ʩʪʨʫʢʪʫʨʘ ɯʥʪʝʨʘʢʪʠʚʥʦʛʦ ʘʩʠʩʪʝʥʪʘ ɯʊʉ ʆʂʈ3ɯ. 

ɯʊʉ ʆʂʈ3ɯ ð ʮʝ ʥʝ ʧʨʦʩʪʦ ʯʘʪ-ʙʦʪ, ʘ ʩʢʣʘʜʥʘ ʽʥʪʝʨʘʢʪʠʚʥʘ ʩʠʩʪʝʤʘ, ʧʦʙʫʜʦʚʘʥʘ ʥʘ 

ʧʨʠʥʮʠʧʘʭ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʫ ʥʘʚʯʘʣʴʥʦ-ʜʦʩʣʽʜʥʦʤʫ 

ʩʝʨʝʜʦʚʠʱʽ. ʁʦʛʦ ʘʨʭʽʪʝʢʪʫʨʘ ʚʢʣʶʯʘʻ ʪʨʠ ʚʟʘʻʤʦʧʦʚôʷʟʘʥʽ ʨʽʚʥʽ: 

1. ʆʩʚʽʪʥʽʡ (training level) ð ʤʦʜʫʣʴ ʧʽʜʛʦʪʦʚʢʠ ʤʘʛʽʩʪʨʽʚ ʽ ʘʩʧʽʨʘʥʪʽʚ ʯʝʨʝʟ 

ʩʮʝʥʘʨʽʾ ʣʘʙʦʨʘʪʦʨʥʠʭ ʨʦʙʽʪ, ʽʥʪʝʨʘʢʪʠʚʥʽ ʢʦʥʩʫʣʴʪʘʮʽʾ ʪʘ ʩʠʤʫʣʷʮʽʾ. 

2. ʅʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʡ (research level) ð ʘʥʘʣʽʪʠʯʥʘ ʦʙʦʣʦʥʢʘ ʜʣʷ 

ʬʦʨʤʫʚʘʥʥʷ ʛʽʧʦʪʝʟ, ʦʮʽʥʢʠ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʨʝʟʫʣʴʪʘʪʽʚ ʽ ʧʽʜʛʦʪʦʚʢʠ ʧʫʙʣʽʢʘʮʽʡ. 

3. ɯʥʥʦʚʘʮʽʡʥʦ-ʚʠʨʦʙʥʠʯʠʡ (industrial level) ð ʟʚôʷʟʦʢ ʟ ʮʠʬʨʦʚʠʤʠ 

ʜʚʽʡʥʠʢʘʤʠ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʽʚ, CAD/CAE-ʩʠʩʪʝʤʘʤʠ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤʠ 

ʢʦʥʪʨʦʣʝʨʘʤʠ (ICS-Lab, ITS-Lab). 

ɸʩʠʩʪʝʥʪ ʬʫʥʢʮʽʦʥʫʻ ʷʢ çʮʠʬʨʦʚʠʡ ʢʦʦʨʜʠʥʘʪʦʨè ʤʽʞ ʩʪʫʜʝʥʪʦʤ, ʚʠʢʣʘʜʘʯʝʤ ʽ 

ʣʘʙʦʨʘʪʦʨʥʠʤ ʦʙʣʘʜʥʘʥʥʷʤ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʥʘʩʢʨʽʟʥʫ ʽʥʪʝʛʨʘʮʽʶ ʟʥʘʥʴ ð ʚʽʜ ʬʦʨʤʫʚʘʥʥʷ 

ʟʘʚʜʘʥʥʷ ʜʦ ʥʘʫʢʦʚʦʾ ʩʪʘʪʪʽ ʯʠ ʧʘʪʝʥʪʥʦʾ ʟʘʷʚʢʠ. 

3. ʄʝʪʦʜʦʣʦʛʽʯʥʘ ʦʩʥʦʚʘ ʧʨʦʻʢʪʫ. 

ʈʦʟʨʦʙʢʘ ɯʊʉ ʆʂʈ3ɯ ʙʘʟʫʻʪʴʩʷ ʥʘ ʢʦʥʮʝʧʮʽʾ ʮʠʬʨʦʚʦʛʦ ʙʣʠʟʥʶʢʘ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ, 

ʜʝ ʢʦʞʥʘ ʦʩʚʽʪʥʷ ʜʽʷʣʴʥʽʩʪʴ ʚʽʜʦʙʨʘʞʘʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʜʘʥʠʭ, ʱʦ ʘʥʘʣʽʟʫʶʪʴʩʷ ʪʘ 

ʦʧʪʠʤʽʟʫʶʪʴʩʷ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ɿʘʩʪʦʩʦʚʫʻʪʴʩʷ ʛʽʙʨʠʜʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʐɯ: 

¶ ʩʝʤʘʥʪʠʯʥʘ ʤʦʜʝʣʴ ʟʥʘʥʴ (ʦʥʪʦʣʦʛʽʷ ʜʠʩʮʠʧʣʽʥʠ çɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʢʝʨʫʶʯʽ 

ʩʠʩʪʝʤʠè); 

¶ ʥʝʡʨʦʤʝʨʝʞʥʠʡ ʤʦʜʫʣʴ GPT-ʪʠʧʫ, ʘʜʘʧʪʦʚʘʥʠʡ ʧʽʜ ʫʢʨʘʾʥʩʴʢʠʡ 

ʘʢʘʜʝʤʽʯʥʠʡ ʢʦʥʪʝʥʪ; 
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¶ ʘʥʘʣʽʪʠʯʥʠʡ ʙʣʦʢ ʥʘ ʦʩʥʦʚʽ ʧʨʠʥʮʠʧʽʚ fuzzy-ʣʦʛʽʢʠ, ʷʢʠʡ ʽʥʪʝʨʧʨʝʪʫʻ 

ʚʽʜʧʦʚʽʜʽ ʢʦʨʠʩʪʫʚʘʯʽʚ ʽ ʬʦʨʤʫʻ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʽ ʪʨʘʻʢʪʦʨʽʾ ʥʘʚʯʘʥʥʷ. 

ʊʘʢʘ ʽʥʪʝʛʨʘʮʽʷ ʜʦʟʚʦʣʷʻ ʟʜʽʡʩʥʶʚʘʪʠ ʜʠʥʘʤʽʯʥʝ ʬʦʨʤʫʚʘʥʥʷ ʟʥʘʥʴ ð ʢʦʣʠ ʩʠʩʪʝʤʘ ʥʝ 

ʧʨʦʩʪʦ ʧʝʨʝʚʽʨʷʻ ʧʨʘʚʠʣʴʥʽʩʪʴ ʚʽʜʧʦʚʽʜʝʡ, ʘ ʧʦʷʩʥʶʻ ʣʦʛʽʢʫ ʨʽʰʝʥʴ, ʚʢʘʟʫʻ ʥʘ ʘʣʴʪʝʨʥʘʪʠʚʥʽ 

ʧʽʜʭʦʜʠ ʡ ʧʽʜʪʨʠʤʫʻ ʜʦʩʣʽʜʥʠʮʴʢʝ ʤʠʩʣʝʥʥʷ. 

4. ʈʦʟʚʠʪʦʢ ʢʦʤʧʝʪʝʥʮʽʡ ʽ ʥʘʫʢʦʚʠʭ ʥʘʚʠʯʦʢ. 

ɸʩʠʩʪʝʥʪ ɯʊʉ ʆʂʈ3ɯ ʩʧʨʷʤʦʚʘʥʠʡ ʥʘ ʨʦʟʚʠʪʦʢ ʢʦʛʥʽʪʠʚʥʦ-ʜʦʩʣʽʜʥʠʮʴʢʠʭ ʢʦʤʧʝʪʝʥʮʽʡ 

ʩʪʫʜʝʥʪʽʚ, ʩʝʨʝʜ ʷʢʠʭ: 

ï ʟʜʘʪʥʽʩʪʴ ʧʨʦʻʢʪʫʚʘʪʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʢʝʨʫʚʘʥʥʷ; 

ï ʚʤʽʥʥʷ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʤʝʪʦʜʠ ʤʦʜʝʣʶʚʘʥʥʷ ʡ ʦʧʪʠʤʽʟʘʮʽʾ; 

ï ʥʘʚʠʯʢʠ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʨʝʟʫʣʴʪʘʪʽʚ ʝʢʩʧʝʨʠʤʝʥʪʽʚ; 

ï ʢʦʤʧʝʪʝʥʪʥʽʩʪʴ ʫ ʩʬʝʨʽ ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʽʚ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʘʩʠʩʪʝʥʪʘ ʧʽʜ ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʣʘʙʦʨʘʪʦʨʥʠʭ ʽ ʧʨʦʻʢʪʥʠʭ ʟʘʚʜʘʥʴ ʧʦʢʘʟʘʣʦ 

ʽʩʪʦʪʥʝ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʘʥʘʣʽʪʠʯʥʠʭ ʨʦʙʽʪ (ʫ ʩʝʨʝʜʥʴʦʤʫ ʥʘ 25ï30 %) ʪʘ ʨʽʚʥʷ ʩʘʤʦʩʪʽʡʥʦʩʪʽ 

ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ. 

5. ʇʨʘʢʪʠʯʥʘ ʨʝʘʣʽʟʘʮʽʷ ʪʘ ʽʥʪʝʛʨʘʮʽʷ ʟ ɯʂʉ-Lab ʽ ITS-Lab. 

ɯʊʉ ʆʂʈ3ɯ ʚʧʨʦʚʘʜʞʝʥʦ ʫ ʮʠʬʨʦʚʫ ʣʘʙʦʨʘʪʦʨʽʶ ICS-Lab (Intelligent Control Systems 

Laboratory) ʪʘ ITS-Lab (Innovative Technological Systems Laboratory), ʷʢʽ ʬʫʥʢʮʽʦʥʫʶʪʴ ʷʢ ʷʜʨʦ 

ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʾ ʧʣʘʪʬʦʨʤʠ ɼɼʄɸïɺʅʊʋ. 

ɸʩʠʩʪʝʥʪ ʧʽʜʪʨʠʤʫʻ ʨʦʙʦʪʫ ʟ CAD-ʧʘʢʝʪʘʤʠ (SolidWorks, ANSYS, Fusion 360), 

ʤʘʪʝʤʘʪʠʯʥʠʤʠ ʩʝʨʝʜʦʚʠʱʘʤʠ (MATLAB, Python) ʪʘ ʮʠʬʨʦʚʠʤʠ ʩʠʤʫʣʷʪʦʨʘʤʠ. 

ɺʽʥ ʟʜʘʪʝʥ ʘʥʘʣʽʟʫʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʨʘʭʫʥʢʽʚ, ʬʦʨʤʫʚʘʪʠ ʟʚʽʪʠ ʟʘ ɼʉʊʋ, ʘ ʪʘʢʦʞ ʧʨʦʚʦʜʠʪʠ 

çʜʽʘʣʦʛʠ-ʦʧʦʥʫʚʘʥʥʷè ð ʽʥʪʝʨʘʢʪʠʚʥʽ ʩʝʩʽʾ ʟ ʝʢʩʧʝʨʪʥʦʶ ʦʮʽʥʢʦʶ ʨʽʰʝʥʴ ʩʪʫʜʝʥʪʘ. 

ʋ ʧʨʦʮʝʩʽ ʘʧʨʦʙʘʮʽʾ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʧʦʥʘʜ 150 ʽʥʪʝʨʘʢʪʠʚʥʠʭ ʟʘʥʷʪʴ ʫ ʛʽʙʨʠʜʥʦʤʫ 

ʬʦʨʤʘʪʽ (ʘʫʜʠʪʦʨʽʷ + ʐɯ), ʱʦ ʜʘʣʦ ʟʤʦʛʫ ʟʤʝʥʰʠʪʠ ʯʘʩ ʧʽʜʛʦʪʦʚʢʠ ʟʚʽʪʽʚ ʫʜʚʽʯʽ ʡ ʦʜʥʦʯʘʩʥʦ 

ʧʽʜʚʠʱʠʪʠ ʨʽʚʝʥʴ ʘʥʘʣʽʪʠʯʥʦʩʪʽ ʧʦʷʩʥʶʚʘʣʴʥʠʭ ʟʘʧʠʩʦʢ. 

6. ɺʟʘʻʤʦʜʽʷ çʃʶʜʠʥʘ ï ʐɯ ï ʎʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢè. 

ʂʣʶʯʦʚʘ ʦʩʦʙʣʠʚʽʩʪʴ ɯʊʉ ʆʂʈ3ɯ ʧʦʣʷʛʘʻ ʫ ʧʦʻʜʥʘʥʥʽ ʢʦʛʥʽʪʠʚʥʦʾ ʜʽʷʣʴʥʦʩʪʽ ʣʶʜʠʥʠ ʟ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤʠ ʽʥʪʝʨʬʝʡʩʘʤʠ ʩʠʩʪʝʤʠ. 

ɿʘʚʜʷʢʠ ʤʦʜʝʣʽ ʪʨʠʩʪʦʨʦʥʥʴʦʾ ʚʟʘʻʤʦʜʽʾ ʚʽʜʙʫʚʘʻʪʴʩʷ: 

ï ʧʝʨʩʦʥʘʣʽʟʘʮʽʷ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ, ʢʦʣʠ ʘʩʠʩʪʝʥʪ ʘʜʘʧʪʫʻ ʩʢʣʘʜʥʽʩʪʴ ʤʘʪʝʨʽʘʣʫ ʜʦ ʧʦʪʦʯʥʦʛʦ 

ʨʽʚʥʷ ʟʜʦʙʫʚʘʯʘ; 

ï ʩʠʥʭʨʦʥʽʟʘʮʽʷ ʟ ʮʠʬʨʦʚʠʤʠ ʜʚʽʡʥʠʢʘʤʠ ʣʘʙʦʨʘʪʦʨʥʠʭ ʦʙôʻʢʪʽʚ (ʛʽʜʨʦʧʨʠʚʦʜʠ, ʤʘʥʽʧʫʣʷʪʦʨʠ, 

ʩʠʩʪʝʤʠ ʦʭʦʣʦʜʞʝʥʥʷ); 

ï ʩʪʚʦʨʝʥʥʷ ʜʠʥʘʤʽʯʥʦʛʦ ʧʨʦʬʽʣʶ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ ʜʣʷ ʢʦʞʥʦʛʦ ʩʪʫʜʝʥʪʘ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ɯʊʉ ʆʂʈ3ɯ ʬʦʨʤʫʻ ʤʝʪʘ-ʨʽʚʝʥʴ ʥʘʚʯʘʥʥʷ, ʜʝ ʩʪʫʜʝʥʪ ʥʝ ʣʠʰʝ ʦʪʨʠʤʫʻ 

ʟʥʘʥʥʷ, ʘ ʡ ʨʦʟʫʤʽʻ, ʷʢ ʩʘʤʝ ʚʽʥ ʥʘʚʯʘʻʪʴʩʷ ð ʯʝʨʝʟ ʨʝʬʣʝʢʩʽʶ ʡ ʘʥʘʣʽʟ ʚʟʘʻʤʦʜʽʾ ʟ ʩʠʩʪʝʤʦʶ. 

7. ʈʝʟʫʣʴʪʘʪʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʪʘ ʧʦʜʘʣʴʰʽ ʥʘʧʨʷʤʠ ʨʦʟʚʠʪʢʫ. 

ɿʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʫ 2024ï2025 ʨʨ. ʚʠʟʥʘʯʝʥʦ ʪʘʢʽ 

ʢʣʶʯʦʚʽ ʝʬʝʢʪʠ: 

ï ʧʽʜʚʠʱʝʥʥʷ ʤʦʪʠʚʘʮʽʾ ʩʪʫʜʝʥʪʽʚ ʽ ʘʩʧʽʨʘʥʪʽʚ (ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʦʧʠʪʫʚʘʥʴ ð ʥʘ 40 %); 

ï ʩʢʦʨʦʯʝʥʥʷ ʯʘʩʫ ʥʘ ʧʽʜʛʦʪʦʚʢʫ ʧʨʦʻʢʪʥʠʭ ʟʚʽʪʽʚ ʥʘ 50 %; 

ï ʧʽʜʚʠʱʝʥʥʷ ʯʘʩʪʢʠ ʩʘʤʦʩʪʽʡʥʦ ʨʦʟʨʦʙʣʝʥʠʭ ʤʦʜʝʣʝʡ ʽ ʘʣʛʦʨʠʪʤʽʚ ʫ ʨʦʙʦʪʘʭ ʟʜʦʙʫʚʘʯʽʚ; 

ï ʨʦʟʰʠʨʝʥʥʷ ʤʽʞʢʘʬʝʜʨʘʣʴʥʦʾ ʢʦʦʧʝʨʘʮʽʾ (ʽʥʪʝʛʨʘʮʽʷ ʟ ʢʫʨʩʘʤʠ çʉɸʇʈ ʊʇè, çɯʥʪʝʣʝʢʪʫʘʣʴʥʽ 

ʪʝʭʥʦʣʦʛʽʾ ʚʠʨʦʙʥʠʮʪʚʘè, çʆʩʥʦʚʠ ʐɯè). 

ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʧʝʨʝʜʙʘʯʘʻ ʩʪʚʦʨʝʥʥʷ ʚʽʜʢʨʠʪʦʾ ʤʝʨʝʞʝʚʦʾ ʝʢʦʩʠʩʪʝʤʠ ɯʊʉ ʆʂʈ3ɯ 

2.0, ʱʦ ʦʙôʻʜʥʘʻ ʜʝʢʽʣʴʢʘ ʦʩʚʽʪʥʽʭ ʧʣʘʪʬʦʨʤ, ʣʘʙʦʨʘʪʦʨʽʡ ʽ ʧʽʜʧʨʠʻʤʩʪʚ-ʧʘʨʪʥʝʨʽʚ (QuartSoft, 

ɯʇʐɯ ʅɸʅ ʋʢʨʘʾʥʠ, ɺʅʊʋ, ɼɼʄɸ). 

ɺʀʉʅʆɺʂʀ, 

1. ɯʥʪʝʨʘʢʪʠʚʥʠʡ ʘʩʠʩʪʝʥʪ ɯʊʉ ʆʂʈ3ɯ ʻ ʝʬʝʢʪʠʚʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʮʠʬʨʦʚʦʾ 

ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʫ ʛʘʣʫʟʽ ʧʨʠʢʣʘʜʥʦʾ ʤʝʭʘʥʽʢʠ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʾ. 
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2. ʁʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʘʙʝʟʧʝʯʫʻ ʬʦʨʤʫʚʘʥʥʷ ʜʦʩʣʽʜʥʠʮʴʢʠʭ, ʘʥʘʣʽʪʠʯʥʠʭ ʽ 

ʧʨʦʻʢʪʥʠʭ ʢʦʤʧʝʪʝʥʮʽʡ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʩʪʘʥʜʘʨʪʽʚ ɭʂʊʉ ʽ ʚʠʤʦʛ ʽʥʜʫʩʪʨʽʾ 4.0. 

3. ʈʦʟʨʦʙʣʝʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʜʦʟʚʦʣʷʻ ʽʥʪʝʛʨʫʚʘʪʠ ʝʣʝʤʝʥʪʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʮʠʬʨʦʚʠʭ ʜʚʽʡʥʠʢʽʚ ʽ ʥʝʡʨʦ-ʽʥʪʝʨʬʝʡʩʽʚ ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ. 

4. ɯʊʉ ʆʂʈ3ɯ ʚʠʩʪʫʧʘʻ ʙʘʟʦʚʠʤ ʝʣʝʤʝʥʪʦʤ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʤʘʡʙʫʪʥʴʦʾ ʅʘʮʽʦʥʘʣʴʥʦʾ 

AI-ʧʣʘʪʬʦʨʤʠ ʪʝʭʥʽʯʥʦʾ ʦʩʚʽʪʠ, ʱʦ ʧʦʻʜʥʫʻ ʫʥʽʚʝʨʩʠʪʝʪʠ, ʥʘʫʢʦʚʽ ʫʩʪʘʥʦʚʠ ʪʘ ʙʽʟʥʝʩ-

ʧʘʨʪʥʝʨʽʚ. 

 

 

 

 

 

ʋɼʂ 004.8 

 

ʂʦʨʥʻʚʘ ɺ.ʈ. (ʇʨʠʣʫʮʴʢʠʡ ʪʝʭʥʽʯʥʠʡ ʬʘʭʦʚʠʡ ʢʦʣʝʜʞ, ʇʨʠʣʫʢʠ, ʋʢʨʘʾʥʘ).  

 

ɯʅʊɽʃɽʂʊʋɸʃʔʅɯ ʆʉɺɯʊʅɯ ʉʀʉʊɽʄʀ: ʇɽʈʉʆʅɸʃɯɿɸʎɯʗ ʅɸɺʏɸʅʅʗ ʅɸ 

ʆʉʅʆɺɯ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʨʦʣʴ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ) ʫ ʬʦʨʤʫʚʘʥʥʽ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ ʟʘʙʝʟʧʝʯʠʪʠ ʧʝʨʩʦʥʘʣʽʟʘʮʽʶ ʥʘʚʯʘʥʥʷ ʚʽʜʧʦʚʽʜʥʦ ʜʦ 

ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʧʦʪʨʝʙ ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ. ɺʠʟʥʘʯʝʥʦ ʢʣʶʯʦʚʽ ʥʘʧʨʷʤʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ, ʩʝʨʝʜ ʷʢʠʭ 

ʘʜʘʧʪʠʚʥʽ ʤʝʭʘʥʽʟʤʠ ʥʘʚʯʘʥʥʷ, ʘʚʪʦʤʘʪʠʟʦʚʘʥʝ ʦʮʽʥʶʚʘʥʥʷ, ʘʥʘʣʽʪʠʢʘ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ ʪʘ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʯʘʪ-ʙʦʪʽʚ ʷʢ ʽʥʩʪʨʫʤʝʥʪʽʚ ʧʽʜʪʨʠʤʢʠ ʩʪʫʜʝʥʪʽʚ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʩʫʯʘʩʥʽ ʪʝʭʥʦʣʦʛʽʾ ð 

ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʦʙʨʦʙʢʫ ʧʨʠʨʦʜʥʦʾ ʤʦʚʠ ð ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤ 

ʩʠʩʪʝʤʘʤ ʬʦʨʤʫʚʘʪʠ ʽʥʜʠʚʽʜʫʘʣʴʥʽ ʪʨʘʻʢʪʦʨʽʾ ʥʘʚʯʘʥʥʷ, ʦʮʽʥʶʚʘʪʠ ʧʨʦʛʘʣʠʥʠ ʫ ʟʥʘʥʥʷʭ ʪʘ 

ʧʨʦʧʦʥʫʚʘʪʠ ʨʝʣʝʚʘʥʪʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ. ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʦʛʣʷʜʫ ʘʢʪʫʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ 

(UNESCO, 2023; Baker, 2022; Duolingo AI, 2023), ʷʢʽ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ 

ʧʽʜʭʦʜʽʚ ʫ ʧʦʢʨʘʱʝʥʥʽ ʨʝʟʫʣʴʪʘʪʽʚ ʥʘʚʯʘʥʥʷ. ʆʢʨʝʩʣʝʥʦ ʧʨʦʙʣʝʤʠ, ʱʦ ʟʘʣʠʰʘʶʪʴʩʷ ʘʢʪʫʘʣʴʥʠʤʠ: 

ʚʽʜʩʫʪʥʽʩʪʴ ʫʥʽʬʽʢʦʚʘʥʠʭ ʩʪʘʥʜʘʨʪʽʚ ʧʦʙʫʜʦʚʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʥʝʜʦʩʪʘʪʥʷ ʮʠʬʨʦʚʘ 

ʢʦʤʧʝʪʝʥʪʥʽʩʪʴ ʧʝʜʘʛʦʛʽʚ ʪʘ ʨʠʟʠʢʠ, ʧʦʚôʷʟʘʥʽ ʟ ʙʝʟʧʝʢʦʶ ʜʘʥʠʭ. ʇʽʜʢʨʝʩʣʝʥʦ, ʱʦ ʨʦʟʚʠʪʦʢ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ ʩʠʩʪʝʤ ʻ ʚʘʞʣʠʚʠʤ ʯʠʥʥʠʢʦʤ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʣʶʜʩʴʢʦʛʦ ʢʘʧʽʪʘʣʫ ʪʘ 

ʧʦʜʦʣʘʥʥʷ ʦʩʚʽʪʥʴʦʾ ʥʝʨʽʚʥʦʩʪʽ ʚ ʫʤʦʚʘʭ ʮʠʬʨʦʚʽʟʘʮʽʾ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʝ ʥʘʚʯʘʥʥʷ, ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ 

ʩʠʩʪʝʤʠ, ʘʜʘʧʪʠʚʥʝ ʥʘʚʯʘʥʥʷ, ʮʠʬʨʦʚʽʟʘʮʽʷ ʦʩʚʽʪʠ. 

Abstract. The article explores the role of Artificial Intelligence (AI) in the development of intelligent 

educational systems capable of providing personalized learning tailored to individual student needs. Key 

directions of AI integration are identified, including adaptive learning mechanisms, automated assessment, 

learning analytics, and the use of chatbots as student-support tools. Modern technologiesðmachine learning, 

neural networks, and natural language processingðare analyzed as enablers for creating individualized 

learning trajectories, identifying knowledge gaps, and generating relevant recommendations. Particular 

attention is given to recent studies (UNESCO, 2023; Baker, 2022; Duolingo AI, 2023) that demonstrate the 

effectiveness of AI-enabled personalization in improving learning outcomes. The article outlines persistent 

challenges such as the lack of unified standards for designing intelligent educational systems, insufficient 

digital competence among teachers, and risks related to student data security. It is emphasized that the 

development of intelligent educational systems is a crucial factor for improving human capital quality and 

reducing educational inequality within the context of digital transformation. 

Keywords: artificial intelligence, personalized learning, intelligent educational systems, adaptive 

learning, digitalization of education. 
 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. 

ʉʫʯʘʩʥʘ ʦʩʚʽʪʘ ʧʝʨʝʙʫʚʘʻ ʫ ʩʪʘʥʽ ʛʣʠʙʦʢʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ, ʩʧʨʠʯʠʥʝʥʦʾ ʩʪʨʽʤʢʠʤ 

ʨʦʟʚʠʪʢʦʤ ʮʠʬʨʦʚʠʭ ʪʝʭʥʦʣʦʛʽʡ ʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ). ʊʨʘʜʠʮʽʡʥʘ ʤʦʜʝʣʴ ʥʘʚʯʘʥʥʷ, ʱʦ 

ʙʘʟʫʻʪʴʩʷ ʥʘ ʻʜʠʥʦʤʫ ʧʽʜʭʦʜʽ ʜʦ ʚʩʽʭ ʩʪʫʜʝʥʪʽʚ, ʫʞʝ ʥʝ ʚʽʜʧʦʚʽʜʘʻ ʧʦʪʨʝʙʘʤ ʜʠʥʘʤʽʯʥʦʛʦ ʨʠʥʢʫ 
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ʧʨʘʮʽ, ʷʢʠʡ ʚʠʤʘʛʘʻ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʪʨʘʻʢʪʦʨʽʡ ʨʦʟʚʠʪʢʫ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ. ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ ʩʠʩʪʝʤʠ (ɯʆʉ), ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʘʣʛʦʨʠʪʤʠ ʐɯ ʜʣʷ ʘʥʘʣʽʟʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ ʽ ʬʦʨʤʫʚʘʥʥʷ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ ʩʪʨʘʪʝʛʽʡ ʥʘʚʯʘʥʥʷ, ʥʘʙʫʚʘʶʪʴ ʦʩʦʙʣʠʚʦʾ 

ʘʢʪʫʘʣʴʥʦʩʪʽ. 

ɿʘʚʜʘʥʥʷ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦʙ ʥʝ ʣʠʰʝ ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ, ʘ ʡ ʟʨʦʙʠʪʠ ʡʦʛʦ 

ʘʜʘʧʪʠʚʥʠʤ ð ʟʜʘʪʥʠʤ ʚʨʘʭʦʚʫʚʘʪʠ ʽʥʜʠʚʽʜʫʘʣʴʥʽ ʦʩʦʙʣʠʚʦʩʪʽ ʢʦʞʥʦʛʦ ʟʜʦʙʫʚʘʯʘ ʦʩʚʽʪʠ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. 

ʇʠʪʘʥʥʷ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʚ ʦʩʚʽʪʫ ʘʢʪʠʚʥʦ ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʫ ʧʨʘʮʷʭ ʪʘʢʠʭ ʥʘʫʢʦʚʮʽʚ, 

ʷʢ ɹ. ʂʘʧʣʘʥ, ɽ. ʋʦʣʣʝʩ, ɼ. ɹʝʡʢʝʨ, ɼʞ. ɸʥʜʝʨʩʦʥ, ʘ ʪʘʢʦʞ ʫʢʨʘʾʥʩʴʢʠʭ ʜʦʩʣʽʜʥʠʢʽʚ ð ʆ. 

ʉʧʽʨʽʥʘ, ʉ. ʉʝʤʝʨʽʢʦʚʘ, ɺ. ɹʠʢʦʚʘ.  

ɿʛʽʜʥʦ ʟ ʘʥʘʣʽʪʠʯʥʠʤ ʟʚʽʪʦʤ UNESCO (2023), ʚʠʢʦʨʠʩʪʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʫ ʥʘʚʯʘʥʥʽ 

ʟʨʦʩʣʦ ʥʘ 60% ʟʘ ʦʩʪʘʥʥʽ ʧôʷʪʴ ʨʦʢʽʚ. ʈʦʟʨʦʙʢʠ, ʷʢ-ʦʪ Coursera AI Coach, Khanmigo (Khan 

Academy), Duolingo Max, ʜʝʤʦʥʩʪʨʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʘʜʘʧʪʠʚʥʦʛʦ ʧʽʜʭʦʜʫ. 

ʋ ʚʽʪʯʠʟʥʷʥʠʭ ʜʦʩʣʽʜʞʝʥʥʷʭ (ʟʦʢʨʝʤʘ, ʫ ʧʨʘʮʷʭ ɹʠʢʦʚʘ ɺ. ʖ.) ʥʘʛʦʣʦʰʫʻʪʴʩʷ ʥʘ ʚʘʞʣʠʚʦʩʪʽ 

ʽʥʪʝʛʨʘʮʽʾ ʐɯ ʚ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʝʪʠʯʥʠʭ, ʧʨʘʚʦʚʠʭ ʪʘ ʧʩʠʭʦʣʦʛʦ-

ʧʝʜʘʛʦʛʽʯʥʠʭ ʘʩʧʝʢʪʽʚ. 

ʇʽʜʢʨʝʩʣʝʥʥʷ ʥʝʚʠʨʽʰʝʥʠʭ ʯʘʩʪʠʥ ʧʨʦʙʣʝʤʠ. 

ʇʦʧʨʠ ʫʩʧʽʭʠ ʫ ʚʧʨʦʚʘʜʞʝʥʥʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʽʩʥʫʶʪʴ ʧʨʦʙʣʝʤʠ, ʧʦʚôʷʟʘʥʽ ʟ 

ʚʽʜʩʫʪʥʽʩʪʶ ʻʜʠʥʠʭ ʩʪʘʥʜʘʨʪʽʚ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ɯʆʉ, ʥʝʜʦʩʪʘʪʥʽʤ ʨʽʚʥʝʤ ʮʠʬʨʦʚʦʾ ʛʨʘʤʦʪʥʦʩʪʽ 

ʧʝʜʘʛʦʛʽʚ ʽ ʧʠʪʘʥʥʷʤʠ ʙʝʟʧʝʢʠ ʜʘʥʠʭ ʩʪʫʜʝʥʪʽʚ. 

ʊʘʢʦʞ ʜʦʩʽ ʥʝ ʨʦʟʨʦʙʣʝʥʦ ʫʥʽʬʽʢʦʚʘʥʦʾ ʤʦʜʝʣʽ, ʱʦ ʜʦʟʚʦʣʷʻ ʧʦʻʜʥʘʪʠ ʘʣʛʦʨʠʪʤʠ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʟ ʧʩʠʭʦʣʦʛʦ-ʧʝʜʘʛʦʛʽʯʥʠʤʠ ʧʨʠʥʮʠʧʘʤʠ ʽʥʜʠʚʽʜʫʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ. ɺʽʜʩʫʪʥʽʩʪʴ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʦʮʽʥʶʚʘʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘʢʠʭ ʩʠʩʪʝʤ ʛʘʣʴʤʫʻ ʾʭ ʰʠʨʦʢʝ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʫ ʬʦʨʤʘʣʴʥʫ ʦʩʚʽʪʫ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ. 

ʄʝʪʘ ʩʪʘʪʪʽ ð ʜʦʩʣʽʜʠʪʠ ʤʦʞʣʠʚʦʩʪʽ ʪʘ ʧʝʨʝʚʘʛʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ 

ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ, ʚʠʟʥʘʯʠʪʠ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʠ ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ 

ʩʠʩʪʝʤ ʽ ʾʭʥʽʡ ʚʧʣʠʚ ʥʘ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʽ ʧʨʦʮʝʩʠ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʤʝʪʠ ʧʦʩʪʘʚʣʝʥʦ ʪʘʢʽ ʟʘʚʜʘʥʥʷ: 

ʇʨʦʘʥʘʣʽʟʫʚʘʪʠ ʩʫʯʘʩʥʽ ʧʽʜʭʦʜʠ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ. 

ɺʠʟʥʘʯʠʪʠ ʩʪʨʫʢʪʫʨʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʦʩʚʽʪʥʴʦʾ ʩʠʩʪʝʤʠ. 

ʈʦʟʢʨʠʪʠ ʤʝʭʘʥʽʟʤʠ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ ʥʘʚʯʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʐɯ. 

ɼʦʩʣʽʜʠʪʠ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʽ ʘʩʧʝʢʪʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ɯʆʉ. 

ʉʬʦʨʤʫʣʶʚʘʪʠ ʧʝʨʩʧʝʢʪʠʚʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ. 

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ. 

ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ ʩʠʩʪʝʤʠ: ʚʠʟʥʘʯʝʥʥʷ ʪʘ ʩʪʨʫʢʪʫʨʘ 

ɯʆʉ ð ʮʝ ʧʨʦʛʨʘʤʥʦ-ʘʧʘʨʘʪʥʽ ʢʦʤʧʣʝʢʩʠ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʤʝʪʦʜʠ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ (ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ, ʦʙʨʦʙʢʫ ʧʨʠʨʦʜʥʦʾ ʤʦʚʠ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ) ʜʣʷ ʧʽʜʪʨʠʤʢʠ 

ʽʥʜʠʚʽʜʫʘʣʴʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɺʦʥʠ ʩʢʣʘʜʘʶʪʴʩʷ ʟ ʢʽʣʴʢʦʭ ʦʩʥʦʚʥʠʭ ʤʦʜʫʣʽʚ: 

ʄʦʜʫʣʴ ʢʦʨʠʩʪʫʚʘʯʘ ð ʚʽʜʩʪʝʞʫʻ ʘʢʪʠʚʥʽʩʪʴ ʟʜʦʙʫʚʘʯʘ ʦʩʚʽʪʠ; 

ʄʦʜʫʣʴ ʜʽʘʛʥʦʩʪʠʢʠ ʟʥʘʥʴ ð ʘʥʘʣʽʟʫʻ ʨʽʚʝʥʴ ʟʘʩʚʦʻʥʥʷ ʤʘʪʝʨʽʘʣʫ; 

ʄʦʜʫʣʴ ʨʝʢʦʤʝʥʜʘʮʽʡ ð ʬʦʨʤʫʻ ʽʥʜʠʚʽʜʫʘʣʴʥʠʡ ʧʣʘʥ ʥʘʚʯʘʥʥʷ; 

ʄʦʜʫʣʴ ʦʮʽʥʶʚʘʥʥʷ ð ʥʘʜʘʻ ʘʜʘʧʪʠʚʥʽ ʪʝʩʪʠ ʪʘ ʟʚʦʨʦʪʥʠʡ ʟʚôʷʟʦʢ. 

 

 

ʊʘʙʣʠʮʷ 1. ʆʩʥʦʚʥʽ ʢʦʤʧʦʥʝʥʪʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʦʩʚʽʪʥʴʦʾ ʩʠʩʪʝʤʠ 

ʂʦʤʧʦʥʝʥʪ ʌʫʥʢʮʽʷ ʊʝʭʥʦʣʦʛʽʾ 

ɸʥʘʣʽʪʠʢʘ ʥʘʚʯʘʣʴʥʠʭ 

ʜʘʥʠʭ 
ɿʙʽʨ ʽ ʘʥʘʣʽʟ ʨʝʟʫʣʴʪʘʪʽʚ Big Data, Machine Learning 

ʄʦʜʫʣʴ ʧʝʨʩʦʥʘʣʽʟʘʮʽʾ 
ʈʝʢʦʤʝʥʜʘʮʽʾ ʪʘ ʘʜʘʧʪʘʮʽʷ 

ʢʦʥʪʝʥʪʫ 
Neural Networks, NLP 
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ɿʚʦʨʦʪʥʠʡ ʟʚôʷʟʦʢ ʄʦʥʽʪʦʨʠʥʛ ʫʩʧʽʰʥʦʩʪʽ Chatbots, Intelligent Agents 

 

 

ʇʝʨʩʦʥʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ. 

ʇʝʨʩʦʥʘʣʽʟʘʮʽʷ ʧʝʨʝʜʙʘʯʘʻ ʥʘʣʘʰʪʫʚʘʥʥʷ ʢʦʥʪʝʥʪʫ, ʪʝʤʧʫ ʪʘ ʩʪʠʣʶ ʥʘʚʯʘʥʥʷ 

ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʧʦʪʨʝʙ ʢʦʥʢʨʝʪʥʦʛʦ ʩʪʫʜʝʥʪʘ. ʅʘʧʨʠʢʣʘʜ, ʩʠʩʪʝʤʘ ʤʦʞʝ ʧʨʦʧʦʥʫʚʘʪʠ ʩʧʨʦʱʝʥʽ 

ʧʦʷʩʥʝʥʥʷ ʘʙʦ ʜʦʜʘʪʢʦʚʽ ʤʘʪʝʨʽʘʣʠ, ʷʢʱʦ ʘʣʛʦʨʠʪʤ ʚʠʟʥʘʯʘʻ ʧʨʦʛʘʣʠʥʠ ʫ ʟʥʘʥʥʷʭ. 

ɸʜʘʧʪʠʚʥʽ ʧʣʘʪʬʦʨʤʠ, ʷʢ Smart Sparrow, DreamBox Learning ʯʠ Edmodo AI, ʚʞʝ ʜʝʤʦʥʩʪʨʫʶʪʴ 

ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʟʘʩʚʦʻʥʥʷ ʤʘʪʝʨʽʘʣʫ ʥʘ 20ï30%. 

ʉʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʡ ʝʬʝʢʪ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ ʦʩʚʽʪʽ ʤʘʻ ʟʥʘʯʥʠʡ ʚʧʣʠʚ ʥʘ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʽ ʩʠʩʪʝʤʠ: 

ʇʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʣʶʜʩʴʢʦʛʦ ʢʘʧʽʪʘʣʫ. ʉʪʫʜʝʥʪʠ ʦʪʨʠʤʫʶʪʴ ʥʘʚʠʯʢʠ, ʘʜʘʧʪʦʚʘʥʽ ʜʦ 

ʚʠʤʦʛ ʩʫʯʘʩʥʦʛʦ ʨʠʥʢʫ. 

ɿʤʝʥʰʝʥʥʷ ʦʩʚʽʪʥʴʦʾ ʥʝʨʽʚʥʦʩʪʽ. ʐɯ ʤʦʞʝ ʢʦʤʧʝʥʩʫʚʘʪʠ ʥʝʩʪʘʯʫ ʚʠʢʣʘʜʘʯʽʚ ʫ 

ʚʽʜʜʘʣʝʥʠʭ ʨʝʛʽʦʥʘʭ. 

ʆʧʪʠʤʽʟʘʮʽʷ ʫʧʨʘʚʣʽʥʥʷ ʦʩʚʽʪʥʽʤʠ ʫʩʪʘʥʦʚʘʤʠ. ɸʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʜʘʥʽ ʧʨʦ 

ʚʽʜʚʽʜʫʚʘʥʽʩʪʴ, ʫʩʧʽʰʥʽʩʪʴ ʽ ʬʽʥʘʥʩʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ʈʠʩʫʥʦʢ 1. ɺʟʘʻʤʦʜʽʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʟ ʦʩʚʽʪʥʽʤʠ ʪʘ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʤʠ 

ʩʠʩʪʝʤʘʤʠ 

ɺʀʉʅʆɺʂʀ. 

ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʦʩʚʽʪʥʽ ʩʠʩʪʝʤʠ ʚʽʜʢʨʠʚʘʶʪʴ ʥʦʚʫ ʝʧʦʭʫ ʚ ʨʦʟʚʠʪʢʫ ʦʩʚʽʪʠ, ʨʦʙʣʷʯʠ ʾʾ 

ʙʽʣʴʰ ʛʥʫʯʢʦʶ, ʽʥʜʠʚʽʜʫʘʣʴʥʦʶ ʪʘ ʝʬʝʢʪʠʚʥʦʶ. ɿʘʚʜʷʢʠ ʪʝʭʥʦʣʦʛʽʷʤ ʐɯ ʤʦʞʣʠʚʦ ʩʪʚʦʨʶʚʘʪʠ 

ʥʘʚʯʘʣʴʥʽ ʩʝʨʝʜʦʚʠʱʘ, ʜʝ ʢʦʞʝʥ ʩʪʫʜʝʥʪ ʦʪʨʠʤʫʻ ʦʧʪʠʤʘʣʴʥʫ ʧʽʜʪʨʠʤʢʫ. 

ʋ ʤʘʡʙʫʪʥʴʦʤʫ ʨʦʣʴ ʪʘʢʠʭ ʩʠʩʪʝʤ ʣʠʰʝ ʟʨʦʩʪʘʪʠʤʝ ð ʚʦʥʠ ʩʪʘʥʫʪʴ ʥʝʚʽʜôʻʤʥʦʶ ʯʘʩʪʠʥʦʶ ʥʝ 
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ʣʠʰʝ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ, ʘ ʡ ʰʠʨʰʠʭ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʭ ʩʠʩʪʝʤ. ɼʣʷ ʋʢʨʘʾʥʠ ʮʝ ʦʟʥʘʯʘʻ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʜʝʨʞʘʚʥʠʭ ʧʨʦʛʨʘʤ ʮʠʬʨʦʚʽʟʘʮʽʾ ʦʩʚʽʪʠ, ʧʽʜʛʦʪʦʚʢʠ ʚʠʢʣʘʜʘʯʽʚ ʜʦ ʨʦʙʦʪʠ ʟ ʐɯ ʪʘ 

ʩʪʚʦʨʝʥʥʷ ʝʪʠʯʥʠʭ ʥʦʨʤ ʡʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ. 
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ʋʢʨʘʾʥʘ), ʊʫʣʫʧʦʚ ɺ.ɯ. (ʂʨʘʤʘʪʦʨʩʴʢʠʡ ʬʘʭʦʚʠʡ ʢʦʣʝʜʞ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʜʠʟʘʡʥʫ, ʤ. 

ʂʨʘʤʘʪʦʨʩʴʢ ï ʏʝʨʢʘʩʠ, ʋʢʨʘʾʥʘ).  

 

ɺʀʂʆʈʀʉʊɸʅʅʗ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊʋ ɺ ʆʉɺɯʊʅʔʆʄʋ ʇʈʆʎɽʉɯ  ɯ 

ɸʂɸɼɽʄɯʏʅɸ ɼʆɹʈʆʏɽʉʅɯʉʊʔ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʦʩʦʙʣʠʚʦʩʪʽ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʥʴʦʤʫ ʧʨʦʮʝʩʽ ʟʘʢʣʘʜʽʚ ʚʠʱʦʾ ʦʩʚʽʪʠ ʪʘ ʾʭʥʽʡ ʚʧʣʠʚ ʥʘ ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ. ʈʦʟʛʣʷʥʫʪʦ ʩʫʯʘʩʥʽ ʧʽʜʭʦʜʠ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʠʬʨʦʚʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʘ ʪʘʢʦʞ 

ʧʦʪʝʥʮʽʡʥʽ ʨʠʟʠʢʠ, ʧʦʚôʷʟʘʥʽ ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ, ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʩʠʩʪʝʤ ʪʘ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʝʨʚʽʩʽʚ. ɺʠʟʥʘʯʝʥʦ ʢʣʶʯʦʚʽ ʧʦʟʠʪʠʚʥʽ ʘʩʧʝʢʪʠ ʽʥʪʝʛʨʘʮʽʾ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʩʝʨʝʜ 

ʷʢʠʭ ʧʝʨʩʦʥʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ, ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʦʧʨʘʮʶʚʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʨʦʟʰʠʨʝʥʥʷ 

ʤʦʞʣʠʚʦʩʪʝʡ ʜʣʷ ʧʽʜʪʨʠʤʢʠ ʦʩʚʽʪʥʴʦʾ ʜʽʷʣʴʥʦʩʪʽ. ʆʜʥʦʯʘʩʥʦ ʦʢʨʝʩʣʝʥʦ ʧʨʦʙʣʝʤʠ, ʱʦ ʤʦʞʫʪʴ 

ʚʠʥʠʢʘʪʠ ʧʽʜ ʯʘʩ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ: ʽʤʦʚʽʨʥʽʩʪʴ ʧʦʨʫʰʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʟʥʠʞʝʥʥʷ 

ʨʽʚʥʷ ʩʘʤʦʩʪʽʡʥʦʩʪʽ ʩʪʫʜʝʥʪʽʚ, ʧʠʪʘʥʥʷ ʘʚʪʦʨʩʴʢʠʭ ʧʨʘʚ, ʨʠʟʠʢʠ ʦʪʨʠʤʘʥʥʷ ʥʝʜʦʩʪʦʚʽʨʥʦʾ 

ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʧʦʪʝʥʮʽʡʥʽ ʟʘʛʨʦʟʠ ʙʝʟʧʝʮʽ ʜʘʥʠʭ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʚʠʤʦʛʠ ʟʘʢʦʥʦʜʘʚʩʪʚʘ ʋʢʨʘʾʥʠ ʱʦʜʦ 

ʟʘʙʝʟʧʝʯʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʪʘ ʚʠʟʥʘʯʝʥʦ ʪʠʧʦʚʽ ʧʦʨʫʰʝʥʥʷ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʣʠʢʘʥʽ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʐɯ ʫ ʥʘʚʯʘʥʥʽ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʢʦʤʧʣʝʢʩ ʟʘʭʦʜʽʚ ʜʣʷ ʤʽʥʽʤʽʟʘʮʽʾ ʨʠʟʠʢʽʚ, ʟʦʢʨʝʤʘ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʫʩʥʠʭ ʽ ʢʦʥʪʨʦʣʴʥʠʭ ʬʦʨʤ ʦʮʽʥʶʚʘʥʥʷ, ʚʠʢʦʥʘʥʥʷ ʧʨʘʢʪʠʯʥʠʭ ʪʘ ʧʨʦʻʢʪʥʠʭ ʨʦʙʽʪ, ʘ 

ʪʘʢʦʞ ʨʦʟʚʠʪʦʢ ʢʫʣʴʪʫʨʠ ʘʢʘʜʝʤʽʯʥʦʛʦ ʧʠʩʴʤʘ. ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʞʫʶʪʴ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʬʦʨʤʫʚʘʥʥʷ ʥʦʨʤʘʪʠʚʥʦʾ ʧʦʣʽʪʠʢʠ ʱʦʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʽ ʟ 

ʤʝʪʦʶ ʟʘʙʝʟʧʝʯʝʥʥʷ ʯʝʩʥʦʩʪʽ, ʧʨʦʟʦʨʦʩʪʽ ʪʘ ʜʦʚʽʨʠ ʜʦ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. (185 ʩʣʽʚ) 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ, ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ, ʘʢʘʜʝʤʽʯʥʘ ʜʦʙʨʦʯʝʩʥʽʩʪʴ, ʮʠʬʨʦʚʽʟʘʮʽʷ, 

ʧʦʨʫʰʝʥʥʷ ʜʦʙʨʦʯʝʩʥʦʩʪʽ. 

Abstract. The article analyzes the features of using artificial intelligence technologies in the 

educational process of higher education institutions and their impact on academic integrity compliance. 

Modern approaches to implementing digital tools and potential risks related to the use of generative models, 

automated systems, and intelligent services are examined. The key positive aspects of integrating artificial 

intelligenceðsuch as personalized learning, improved efficiency of information processing, and enhanced 

support for educational activitiesðare outlined. At the same time, challenges associated with the use of AI are 

highlighted, including the risk of academic misconduct, reduced student autonomy, copyright issues, data 
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security concerns, and the possibility of receiving unreliable information. The requirements of Ukrainian 

legislation regarding academic integrity are analyzed, and the main types of violations that may arise from 

the misuse of AI in education are identified. A set of measures is proposed to minimize these risks, including 

oral assessments, in-class written work, practical and project-based tasks, and the development of academic 

writing skills. The findings emphasize the need to create institutional policies regulating the use of artificial 

intelligence to ensure transparency, fairness, and trust in the educational process. (183 words) 

Keywords: artificial intelligence, educational process, academic integrity, digitalization, misconduct. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. ʆʟʥʘʢʦʶ ʩʫʯʘʩʥʦʾ ʦʩʚʽʪʠ ʻ ʩʪʨʽʤʢʝ ʟʘʧʨʦʚʘʜʞʝʥʥʷ ʮʠʬʨʦʚʦʛʦ 

ʽʥʩʪʨʫʤʝʥʪʘʨʽʶ. ɿʜʦʙʫʚʘʯʽ ʦʩʚʽʪʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʤʝʨʝʞʫ ʽʥʪʝʨʥʝʪ ʜʣʷ ʧʦʰʫʢʫ ʽʥʬʦʨʤʘʮʽʾ, 

ʭʤʘʨʥʽ ʩʝʨʚʽʩʠ, ʩʫʯʘʩʥʽ ʧʘʢʝʪʠ ʧʨʠʢʣʘʜʥʠʭ ʧʨʦʛʨʘʤ ʜʣʷ ʚʠʢʦʥʘʥʥʷ ʢʫʨʩʦʚʠʭ ʧʨʦʻʢʪʽʚ ʪʘ 

ʢʚʘʣʽʬʽʢʘʮʽʡʥʠʭ ʨʦʙʽʪ. ɺ ʟʚôʷʟʢʫ ʟʽ ʩʪʨʽʤʢʠʤ ʨʦʟʚʠʪʢʦʤ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʧʦʩʪʘʻ 

ʧʠʪʘʥʥʷ ʱʦʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʦʚʠʭ ʤʦʞʣʠʚʦʩʪʝʡ ʜʣʷ ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʡ 

ʜʦʪʨʠʤʘʥʥʷ ʧʨʠ ʮʴʦʤʫ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʟʜʦʙʫʚʘʯʘʤʠ ʦʩʚʽʪʠ, ʱʦ ʚʠʤʘʛʘʻ ʜʽʶʯʠʡ 

çɿʘʢʦʥ ʧʨʦ ʦʩʚʽʪʫè. 

ʊʦʤʫ ʚʠʟʥʘʯʝʥʥʷ ʧʦʣʽʪʠʢʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʜʦʪʨʠʤʘʥʥʷ 

ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚ ʟʘʢʣʘʜʘʭ ʦʩʚʽʪʠ ʻ ʥʘʛʘʣʴʥʦʶ ʧʨʦʙʣʝʤʦʶ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʜʦʩʣʽʜʞʝʥʴ ʪʘ ʧʫʙʣʽʢʘʮʽʡ. ʇʠʪʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚ 

ʦʩʪʘʥʥʽ ʨʦʢʠ ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʚ ʧʫʙʣʽʢʘʮʽʷʭ ɸ.ɭ. ɸʨʪʶʭʦʚʘ, ɯ. ʆ. ɼʝʛʪʷʨʴʦʚʦʾ , ɸ.ʄ. ʂʫʣʽʰʘ [1, 

2] ʪʘ ʽʥʰʠʭ ʜʦʩʣʽʜʥʠʢʽʚ. ʇʠʪʘʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʽ 

ʨʦʟʛʣʷʥʫʪʽ ʚ ʨʦʙʦʪʘʭ ɯ.ʄ. ɺʽʟʥʶʢ [3], ʆ. ɻʨʠʮʝʥʯʫʢ [4], ʆ. ʇʘʥʫʭʥʠʢ [5] ʪʘ ʽʥʰʠʭ ʜʦʩʣʽʜʥʠʢʽʚ 

ʷʢ ʚ ʋʢʨʘʾʥʽ, ʪʘʢ ʡ ʟʘ ʢʦʨʜʦʥʦʤ [6]. ʅʘʛʘʣʴʥʠʤ ʻ ʧʠʪʘʥʥʷ ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʟʜʦʙʫʚʘʯʘʤʠ ʦʩʚʽʪʠ ʧʨʠ  ʚʠʢʦʨʠʩʪʘʥʥʽ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʜʦʩʣʽʜʞʝʥʥʷ ʚʧʣʠʚʫ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʥʴʦʤʫ 

ʧʨʦʮʝʩʽ ʥʘ ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ. 

ɺʠʢʣʘʜʝʥʥʷ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ. ɺʽʜʧʦʚʽʜʥʦ ʜʦ ɿʘʢʦʥʫ ʋʢʨʘʾʥʠ çʇʨʦ ʦʩʚʽʪʫè, 

ʘʢʘʜʝʤʽʯʥʘ ʜʦʙʨʦʯʝʩʥʽʩʪʴ ʻ ʩʫʢʫʧʥʽʩʪʶ ʝʪʠʯʥʠʭ ʧʨʠʥʮʠʧʽʚ ʽ ʚʠʟʥʘʯʝʥʠʭ ʧʨʘʚʠʣ, ʷʢʠʤʠ 

ʧʦʚʠʥʥʽ ʢʝʨʫʚʘʪʠʩʷ ʫʯʘʩʥʠʢʠ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʜʦʚʽʨʠ ʜʦ ʨʝʟʫʣʴʪʘʪʽʚ 

ʥʘʚʯʘʥʥʷ ʘʙʦ ʥʘʫʢʦʚʠʭ ʯʠ ʪʚʦʨʯʠʭ ʜʦʩʷʛʥʝʥʴ [7].  

ʆʩʥʦʚʥʠʤʠ ʧʦʨʫʰʝʥʥʷʤʠ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʟʘ ʮʠʤ ʟʘʢʦʥʦʤ ʻ ʪʘʢʽ: 

1) ʧʣʘʛʽʘʪ ð ʧʨʠʩʚʦʻʥʥʷ ʽʜʝʾ ʘʙʦ ʪʚʝʨʜʞʝʥʴ ʽʥʰʦʾ ʣʶʜʠʥʠ ʙʝʟ ʧʦʩʠʣʘʥʥʷ ʥʘ ʥʝʾ;  

2) ʩʧʠʩʫʚʘʥʥʷ ð ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʦʚʥʽʰʥʴʦʾ ʜʦʧʦʤʦʛʠ ʙʝʟ ʜʦʟʚʦʣʫ ʘʙʦ ʚʠʟʥʘʥʥʷ  

ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʽʻʾ ʜʦʧʦʤʦʛʠ;  

3) ʬʘʙʨʠʢʘʮʽʷ ð ʬʘʣʴʩʠʬʽʢʘʮʽʷ ʽʥʬʦʨʤʘʮʽʾ, ʷʢʘ ʧʦʚôʷʟʘʥʘ ʟ ʘʢʘʜʝʤʽʯʥʠʤ ʧʨʦʮʝʩʦʤ;  

4) ʬʘʣʴʩʠʬʽʢʘʮʽʷ ð ʩʚʽʜʦʤʘ ʟʤʽʥʘ ʥʘʷʚʥʠʭ ʜʘʥʠʭ, ʷʢʽ ʧʦʚôʷʟʘʥʽ ʽʟ ʧʨʦʮʝʩʦʤ ʦʩʚʽʪʠ ʯʠ 

ʥʘʫʢʠ;  

5) ʦʙʤʘʥ ð ʥʘʜʘʥʥʷ ʥʝʜʦʩʪʦʚʽʨʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʚʣʘʩʥʫ ʥʘʫʢʦʚʫ ʘʙʦ ʦʩʚʽʪʥʶ 

ʜʽʷʣʴʥʽʩʪʴ;  

6) ʥʝʦʙôʻʢʪʠʚʥʝ ʦʮʽʥʶʚʘʥʥʷ ð ʧʝʚʥʝ ʟʘʥʠʞʝʥʥʷ ʘʙʦ ʟʘʚʠʱʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ  ʥʘʚʯʘʥʥʷ 

ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ [7]. 

ʋ ʩʫʯʘʩʥʦʤʫ ʩʚʽʪʽ ʩʧʦʩʪʝʨʽʛʘʶʪʴ ʜʝʜʘʣʽ ʙʽʣʴʰʝ ʬʦʨʤʫʚʘʥʥʷ ʻʜʠʥʦʛʦ ʥʘʫʢʦʚʦ 

ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʩʪʦʨʫ, ʱʦ ʙʘʟʫʻʪʴʩʷ ʥʘ ʧʦʩʪʽʡʥʦ ʦʥʦʚʣʶʚʘʥʠʭ ʟʘʩʦʙʘʭ ʢʦʤʫʥʽʢʘʮʽʡ ʪʘ  

ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ. ʆʨʛʘʥʽʟʘʮʽʷ ʥʘʚʯʘʣʴʥʠʭ ʧʨʦʛʨʘʤ ʨʽʟʥʦʛʦ ʨʽʚʥʷ ʫ ʜʠʩʪʘʥʮʽʡʥʽʡ 

ʬʦʨʤʽ ʥʘʚʯʘʥʥʷ ʪʘʢʦʞ ʩʪʘʻ ʜʝʜʘʣʽ ʧʦʰʠʨʝʥʽʰʦʶ. ɺ ʦʩʚʽʪʥʴʦʤʫ ʧʨʦʮʝʩʽ ʱʦʨʘʟ ʯʘʩʪʽʰʝ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʽʥʬʦʨʤʘʮʽʡʥʽ ʡ ʢʦʤʫʥʽʢʘʪʠʚʥʽ ʪʝʭʥʦʣʦʛʽʾ, ʱʦ ʟʥʘʯʥʦ ʚʧʣʠʚʘʻ ʥʘ ʪʝʤʧ 

ʦʪʨʠʤʘʥʥʷ ʧʦʪʨʽʙʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʽ ʟʤʽʥʶʻ ʭʘʨʘʢʪʝʨ ʥʘʚʯʘʥʥʷ ʥʘ ʙʽʣʴʰ ʽʥʪʝʨʘʢʪʠʚʥʠʡ. 



 

 

163 

 

ʊʝʭʥʦʣʦʛʽʯʥʠʡ ʧʦʪʝʥʮʽʘʣ ʽʥʬʦʨʤʘʮʽʡʥʦ ʢʦʤʫʥʽʢʘʪʠʚʥʦʛʦ ʧʨʦʩʪʦʨʫ ʨʦʟʛʣʷʜʘʶʪʴ ʷʢ 

ʦʩʥʦʚʥʠʡ ʥʘʧʨʷʤ ʨʦʟʚʠʪʢʫ ʚʩʽʭ ʛʘʣʫʟʝʡ ʣʶʜʩʴʢʦʾ ʜʽʷʣʴʥʦʩʪʽ, ʟʦʢʨʝʤʘ ʡ ʦʩʚʽʪʠ. ʋ ʩʫʯʘʩʥʦʤʫ 

ʩʚʽʪʽ ʣʶʜʩʪʚʦ ʜʝʜʘʣʽ ʙʽʣʴʰʝ ʩʪʘʻ ʟʘʣʝʞʥʠʤ ʚʽʜ ʛʦʪʦʚʠʭ ʧʨʦʜʫʢʪʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʇʨʷʤʠʡ 

ʚʧʣʠʚ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʤʘʻ ʽ ʥʘ ʘʢʘʜʝʤʽʯʥʫ ʜʦʙʨʦʯʝʩʥʽʩʪʴ [8]. 

ʉʝʨʝʜ ʧʦʟʠʪʠʚʥʠʭ ʘʩʧʝʢʪʽʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʩʣʽʜ ʚʽʜʟʥʘʯʠʪʠ ʥʘʩʪʫʧʥʽ: 

- ʤʦʞʣʠʚʽʩʪʴ ʨʝʘʣʽʟʘʮʽʾ ʽʥʜʠʚʽʜʫʘʣʴʥʦʾ ʪʨʘʻʢʪʦʨʽʾ ʥʘʚʯʘʥʥʷ ʜʣʷ ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ ʟ 

ʚʨʘʭʫʚʘʥʥʷʤ ʾʭ ʨʽʚʥʷ ʧʽʜʛʦʪʦʚʢʠ; 

- ʧʽʜʛʦʪʦʚʢʘ ʘʥʘʣʽʪʠʯʥʦʛʦ ʦʛʣʷʜʫ ʤʘʪʝʨʽʘʣʽʚ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʟʘʧʠʪʫ, ʩʪʚʦʨʝʥʦʛʦ 

ʟʜʦʙʫʚʘʯʝʤ, ʟʦʢʨʝʤʘ ʧʨʠ ʚʠʢʦʥʘʥʥʽ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʮʴʢʦʾ ʨʦʙʦʪʠ, ʢʫʨʩʦʚʠʭ ʧʨʦʻʢʪʽʚ; 

ʢʚʘʣʽʬʽʢʘʮʽʡʥʠʭ ʨʦʙʽʪ; 

- ʤʦʞʣʠʚʽʩʪʴ ʩʪʚʦʨʝʥʥʷ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʘʩʠʩʪʝʥʪʽʚ ʪʘ ʯʘʪ-ʙʦʪʽʚ ʜʣʷ ʧʦʣʝʛʰʝʥʥʷ 

ʚʟʘʻʤʦʜʽʾ ʟ ʧʣʘʪʬʦʨʤʦʶ. 

ʂʨʽʤ ʧʝʨʝʚʘʛ, ʱʦ ʥʘʜʘʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʽʩʥʫʶʪʴ ʡ 

ʧʨʦʙʣʝʤʠ, ʱʦ ʧʦʢʠ ʥʝ ʩʧʨʠʷʶʪʴ ʷʢʽʩʥʦʤʫ ʪʘ ʩʪʘʙʽʣʴʥʦʤʫ ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʶ: 

- ʧʠʪʘʥʥʷ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ ʪʘ ʙʝʟʧʝʢʠ ʜʘʥʠʭ (ʽʩʥʫʻ ʡʤʦʚʽʨʥʽʩʪʴ ʢʽʙʝʨʘʪʘʢ, ʱʦ ʤʦʞʝ 

ʩʧʨʠʯʠʥʠʪʠ ʚʪʨʘʪʫ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʜʘʥʠʭ ʫʯʘʩʥʠʢʽʚ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ); 

- ʟʥʠʞʝʥʥʷ ʢʦʛʥʽʪʠʚʥʠʭ ʟʜʽʙʥʦʩʪʝʡ ʷʢ ʩʝʨʝʜ ʟʜʦʙʫʚʘʯʽʚ ʦʩʚʽʪʠ (ʩʧʦʜʽʚʘʥʥʷ ʟʥʘʡʪʠ 

ʚʽʜʧʦʚʽʜʴ ʫ ʯʘʪ-ʙʦʪʘ ʙʝʟ ʩʘʤʦʩʪʽʡʥʦʛʦ ʧʦʰʫʢʫ ʤʘʪʝʨʽʘʣʫ), ʪʘʢ ʡ ʩʝʨʝʜ ʚʠʢʣʘʜʘʯʽʚ (ʩʪʚʦʨʝʥʥʷ 

ʥʘʚʯʘʣʴʥʦʛʦ ʢʦʥʪʝʥʪʫ ʧʝʨʝʢʣʘʜʘʻʪʴʩʷ ʥʘ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ï ʢʦʥʩʧʝʢʪʽʚ, ʪʝʩʪʽʚ); 

-  ʨʠʟʠʢ ʥʘʜʤʽʨʥʦʛʦ ʧʦʚʩʷʢʜʝʥʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ (ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʩʣʽʜ 

ʨʦʟʛʣʷʜʘʪʠ ʣʠʰʝ ʷʢ ʜʦʧʦʚʥʝʥʥʷ ʜʦ ʥʘʚʯʘʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ, ʨʦʟʨʦʙʣʝʥʠʭ ʚʠʢʣʘʜʘʯʝʤ); 

- ʚʽʜʩʫʪʥʽʩʪʴ ʧʦʩʠʣʘʥʥʷ ʥʘ ʜʞʝʨʝʣʘ ʽʥʬʦʨʤʘʮʽʾ (ʚʠʥʠʢʘʶʪʴ ʧʨʦʙʣʝʤʠ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ); 

- ʫʧʝʨʝʜʞʝʥʥʷ ʚ ʜʘʥʠʭ ʪʘ ʘʣʛʦʨʠʪʤʘʭ; 

- ʟʘʟʽʭʘʥʥʷ ʥʘ ʘʚʪʦʨʩʴʢʝ ʧʨʘʚʦ (ʦʩʦʙʣʠʚʦ ʧʨʠ ʘʥʘʣʽʟʽ ʥʘʫʢʦʚʦ-ʪʝʭʥʽʯʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʧʨʠ 

ʧʽʜʛʦʪʦʚʮʽ ʣʽʪʝʨʘʪʫʨʥʠʭ ʦʛʣʷʜʽʚ ʚ ʥʘʫʢʦʚʠʭ ʨʦʙʦʪʘʭ); 

- ʨʠʟʠʢ ʦʪʨʠʤʘʥʥʷ ʥʝʧʨʘʚʜʠʚʦʾ ʽʥʬʦʨʤʘʮʽʾ (ʪʘʢ ʟʚʘʥʘ çʛʘʣʶʮʽʥʘʮʽʷè ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ); ʟʛʝʥʝʨʦʚʘʥʫ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ ʽʥʬʦʨʤʘʮʽʶ ʦʙʦʚôʷʟʢʦʚʦ ʪʨʝʙʘ ʧʝʨʝʚʽʨʷʪʠ ʯʝʨʝʟ 

ʤʦʞʣʠʚʽ ʧʦʤʠʣʢʠ (ʥʝʜʦʩʪʦʚʽʨʥʽ ʚʠʭʽʜʥʽ ʜʘʥʽ, ʟʘʩʪʘʨʽʣʽ ʜʘʥʽ; ʥʝʧʨʘʚʠʣʴʥʘ ʤʝʪʦʜʠʢʘ 

ʨʦʟʨʘʭʫʥʢʽʚ ʡ ʪ.ʽʥ.); 

- ʰʘʭʨʘʡʩʪʚʦ ʚ ʥʘʚʯʘʥʥʽ (ʤʘʪʝʨʽʘʣ, ʩʪʚʦʨʝʥʠʡ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ, ʧʦʜʘʻʪʴʩʷ 

ʟʜʦʙʫʚʘʯʝʤ ʦʩʚʽʪʠ ʷʢ ʚʣʘʩʥʦʨʫʯ ʩʪʚʦʨʝʥʠʡ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʧʦʟʠʪʠʚʥʦʾ ʦʮʽʥʢʠ ʚʽʜ ʚʠʢʣʘʜʘʯʘ). 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ ʛʝʥʝʨʫʚʘʥʥʷ ʪʝʢʩʪʽʚ ʙʝʟ ʧʦʩʠʣʘʥʥʷ ʥʘ 

ʧʝʨʰʦʜʞʝʨʝʣʘ ʘʙʦ ʟʘʟʥʘʯʝʥʥʷ ʥʝʜʦʩʪʦʚʽʨʥʠʭ ʜʞʝʨʝʣ ʤʦʞʝ ʪʨʘʢʪʫʚʘʪʠʩʷ ʷʢ ʧʣʘʛʽʘʪ, ʱʦ 

ʩʫʧʝʨʝʯʠʪʴ ʚʠʱʝʟʛʘʜʘʥʦʤʫ çɿʘʢʦʥʫ ʧʨʦ ʦʩʚʽʪʫè. ʇʦʩʪʘʯʘʣʴʥʠʢʠ ʧʦʩʣʫʛ ʽʟ ʚʠʷʚʣʝʥʥʷ ʧʣʘʛʽʘʪʫ 

ʚ ʥʘʫʢʦʚʠʭ ʨʦʙʦʪʘʭ ʫʞʝ ʨʦʟʨʦʙʠʣʠ ʧʝʚʥʽ ʧʨʦʛʨʘʤʠ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʪʝʢʩʪʽʚ, ʷʢʠʤʠ ʻ GPTZero, AI 

Writing Check, CrossPlag, OpenAI. ʋʩʽ ʮʽ ʽʥʩʪʨʫʤʝʥʪʠ ʙʘʟʫʶʪʴʩʷ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʽ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ, ʱʦ ʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʨʦʟʨʽʟʥʷʪʠ ʪʝʢʩʪ, ʥʘʧʠʩʘʥʠʡ ʣʶʜʠʥʦʶ, ʚʽʜ ʥʘʧʠʩʘʥʦʛʦ ʐɯ [8]. 

çɻʘʣʶʮʽʥʘʮʽʷè ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʦʪʨʠʤʘʥʥʷ ʥʝʧʨʘʚʠʣʴʥʦʾ 

ʽʥʬʦʨʤʘʮʽʾ ʯʝʨʝʟ ʟʘʩʪʘʨʽʣʽ ʜʘʥʽ, ʧʦʤʠʣʢʠ ʚ ʤʝʪʦʜʠʮʽ ʨʦʟʨʘʭʫʥʢʽʚ, ʱʦ ʤʦʞʝ ʙʫʪʠ ʩʚʽʜʦʤʦ ʙʝʟ 

ʧʝʨʝʚʽʨʢʠ ʥʘʜʘʥʦ ʟʜʦʙʫʚʘʯʝʤ ʦʩʚʽʪʠ ʷʢ ʨʝʟʫʣʴʪʘʪ ʚʣʘʩʥʦʾ ʨʦʙʦʪʠ (ʤʦʞʝ ʪʨʘʢʪʫʚʘʪʠʩʷ ʷʢ 

ʬʘʣʴʩʠʬʽʢʘʮʽʷ, ʬʘʙʨʠʢʘʮʽʷ ʘʙʦ ʦʙʤʘʥ). ʊʦʤʫ ʦʙʦʚôʷʟʢʦʚʦʶ ʧʦʚʠʥʥʘ ʙʫʪʠ ʧʝʨʝʚʽʨʢʘ 

ʟʛʝʥʝʨʦʚʘʥʦʛʦ ʰʪʫʯʥʠʤ ʽʥʪʝʣʝʢʪʦʤ ʪʝʢʩʪʫ. 

ɿʘʭʦʜʠ, ʱʦ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ ʚ 

ʚʠʧʘʜʢʫ ʜʦʟʚʦʣʝʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʤʦʞʫʪʴ ʙʫʪʠ ʥʘʩʪʫʧʥʠʤʠ: 
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- ʥʘʧʠʩʘʥʥʷ ʧʠʩʴʤʦʚʠʭ ʨʦʙʽʪ ʚ ʘʫʜʠʪʦʨʽʾ; 

- ʩʢʣʘʜʘʥʥʷ ʫʩʥʠʭ ʝʢʟʘʤʝʥʽʚ; 

- ʨʦʟʨʦʙʢʘ ʟʘʚʜʘʥʴ, ʱʦ ʩʢʣʘʜʥʦ ʚʠʢʦʥʘʪʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ; 

- ʚʠʢʦʥʘʥʥʷ ʣʘʙʦʨʘʪʦʨʥʠʭ ʨʦʙʽʪ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ 

(ʥʘʧʨʠʢʣʘʜ ʚ ʭʽʤʽʾ, ʬʽʟʠʮʽ, ʤʝʭʘʥʽʮʽ); 

- ʧʨʦʻʢʪʥʽ ʟʘʚʜʘʥʥʷ (ʚʠʢʦʥʘʥʥʷ ʨʦʟʨʘʭʫʥʢʽʚ, ʚʠʢʦʥʘʥʥʷ ʢʨʝʩʣʝʥʴ ʜʝʪʘʣʝʡ ʪʘ ʚʫʟʣʽʚ 

ʤʝʭʘʥʽʟʤʽʚ ʪʘ ʤʘʰʠʥ). 

ɺʘʞʣʠʚʠʤ ʪʘʢʦʞ ʻ ʽʥʜʠʚʽʜʫʘʣʴʥʘ ʨʦʙʦʪʘ ʚʠʢʣʘʜʘʯʘ ʟʽ ʟʜʦʙʫʚʘʯʘʤʠ ʦʩʚʽʪʠ ʚʩʽʭ ʨʽʚʥʽʚ. 

ɺʠʢʦʥʘʥʥʷ ʪʚʦʨʯʠʭ ʟʘʚʜʘʥʴ ʧʦʪʨʝʙʫʚʘʪʠʤʝ ʢʨʝʘʪʠʚʥʦʩʪʽ, ʱʦ ʩʢʣʘʜʥʦ ʚʠʢʦʥʘʪʠ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

ʊʘʢʦʞ ʚ ʨʘʤʢʘʭ ʥʘʚʯʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ ʥʝʦʙʭʽʜʥʦ ʩʪʚʦʨʶʚʘʪʠ ʦʩʚʽʪʥʻ ʩʝʨʝʜʦʚʠʱʝ, ʱʦ 

ʙʫʜʝ ʩʧʨʠʷʪʠ ʘʢʘʜʝʤʽʯʥʽʡ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʟʦʢʨʝʤʘ ʟʘʧʨʦʚʘʜʞʝʥʥʶ ʚ ʦʩʚʽʪʥʶ ʧʨʦʛʨʘʤʫ ʢʫʨʩʫ 

çɸʢʘʜʝʤʽʯʥʝ ʧʠʩʴʤʦè. 

ɺʀʉʅʆɺʂʀ. 

ʉʴʦʛʦʜʥʽ ʨʦʟʚʠʪʦʢ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʟʦʢʨʝʤʘ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, 

ʚʠʤʘʛʘʻ ʧʝʨʝʛʣʷʜʫ ʪʨʘʜʠʮʽʡʥʠʭ ʧʽʜʭʦʜʽʚ ʚ ʦʩʚʽʪʥʴʦʤʫ ʧʨʦʮʝʩʽ. ɺʘʞʣʠʚʠʤ ʧʠʪʘʥʥʷʤ ʩʪʘʻ 

ʬʦʨʤʫʚʘʥʥʷ ʦʩʚʽʪʥʴʦʛʦ ʩʝʨʝʜʦʚʠʱʘ, ʱʦ ʙʫʜʝ ʧʦʻʜʥʫʚʘʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ 

ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʟʜʦʙʫʚʘʯʘʤʠ ʦʩʚʽʪʠ. ʅʘʛʘʣʴʥʠʤ ʻ ʨʦʟʨʦʙʢʘ ʚ ʟʘʢʣʘʜʘʭ 

ʚʠʱʦʾ ʦʩʚʽʪʠ ʥʦʨʤʘʪʠʚʥʦʾ ʜʦʢʫʤʝʥʪʘʮʽʾ ʱʦʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ 

ʜʦʪʨʠʤʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ.  
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ɽʊʀʏʅɯ ɺʀʂʃʀʂʀ ʊɸ ʈʀɿʀʂʀ ɺʀʂʆʈʀʉʊɸʅʅʗ ɻɽʅɽʈɸʊʀɺʅʆɻʆ AI  ɺ 

ɸʂɸɼɽʄɯʏʅʆʄʋ ʉɽʈɽɼʆɺʀʑɯ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʥʫʪʦ ʩʫʯʘʩʥʽ ʝʪʠʯʥʽ ʚʠʢʣʠʢʠ, ʱʦ ʚʠʥʠʢʘʶʪʴ ʫ ʟʚôʷʟʢʫ ʟ ʽʥʪʝʥʩʠʚʥʠʤ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʘʢʘʜʝʤʽʯʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʚʧʣʠʚ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ ʥʘ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ, ʥʘʫʢʦʚʽ ʜʦʩʣʽʜʞʝʥʥʷ ʡ 

ʘʜʤʽʥʽʩʪʨʘʪʠʚʥʫ ʜʽʷʣʴʥʽʩʪʴ ʟʘʢʣʘʜʽʚ ʚʠʱʦʾ ʦʩʚʽʪʠ. ʇʦʢʘʟʘʥʦ, ʱʦ ʰʠʨʦʢʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ 

AI ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʥʠʟʢʦʶ ʨʠʟʠʢʽʚ: ʨʦʟʤʠʚʘʥʥʷʤ ʘʚʪʦʨʩʪʚʘ, ʧʦʨʫʰʝʥʥʷʤ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʘʣʛʦʨʠʪʤʽʯʥʦʶ ʫʧʝʨʝʜʞʝʥʽʩʪʶ, ʧʦʷʚʦʶ ʥʝʢʦʨʝʢʪʥʠʭ ʘʙʦ ʚʠʛʘʜʘʥʠʭ ʜʘʥʠʭ, 

ʧʝʨʝʜʫʤʦʚʘʤʠ ʜʣʷ ʤʘʥʽʧʫʣʷʮʽʡ ʨʝʟʫʣʴʪʘʪʘʤʠ ʥʘʚʯʘʥʥʷ, ʥʝʨʽʚʥʽʩʪʶ ʜʦʩʪʫʧʫ ʜʦ ʪʝʭʥʦʣʦʛʽʡ ʽ ʟʘʛʨʦʟʘʤʠ 

ʜʣʷ ʧʨʠʚʘʪʥʦʩʪʽ ʢʦʨʠʩʪʫʚʘʯʽʚ. ʋʟʘʛʘʣʴʥʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʩʫʯʘʩʥʠʭ ʜʦʩʣʽʜʞʝʥʴ, ʱʦ ʬʦʨʤʫʶʪʴ 

ʪʝʦʨʝʪʠʯʥʽ ʦʩʥʦʚʠ ʝʪʠʯʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʩʪʨʫʢʪʫʨʦʚʘʥʫ ʤʦʜʝʣʴ ʝʪʠʯʥʠʭ 

ʨʠʟʠʢʽʚ, ʷʢʘ ʜʝʤʦʥʩʪʨʫʻ ʩʠʩʪʝʤʥʠʡ ʭʘʨʘʢʪʝʨ ʾʭ ʚʟʘʻʤʦʟʚôʷʟʢʫ. ʅʘʚʝʜʝʥʦ ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʧʦʣʽʪʠʢ 

ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʫ ʚʠʱʽʡ ʦʩʚʽʪʽ, ʟʦʢʨʝʤʘ ʫ ʯʘʩʪʠʥʽ ʬʦʨʤʫʚʘʥʥʷ ʧʨʘʚʠʣ 

ʮʠʪʫʚʘʥʥʷ, ʦʨʛʘʥʽʟʘʮʽʾ ʦʮʽʥʶʚʘʥʥʷ, ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ ʟʘʚʜʘʥʴ ʪʘ ʨʦʟʚʠʪʢʫ ʢʨʠʪʠʯʥʦʛʦ AI-

ʤʠʩʣʝʥʥʷ ʫ ʩʪʫʜʝʥʪʽʚ. ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʦʟʨʦʙʢʠ 

ʽʥʩʪʠʪʫʮʽʡʥʦʾ ʥʦʨʤʘʪʠʚʥʦʾ ʙʘʟʠ ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʢʫʣʴʪʫʨʠ ʮʠʬʨʦʚʦʾ ʝʪʠʢʠ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ 

ʧʨʦʟʦʨʦʩʪʽ, ʯʝʩʥʦʩʪʽ ʪʘ ʩʪʽʡʢʦʩʪʽ ʘʢʘʜʝʤʽʯʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʛʝʥʝʨʘʪʠʚʥʠʡ AI, ʘʢʘʜʝʤʽʯʥʘ ʜʦʙʨʦʯʝʩʥʽʩʪʴ, ʝʪʠʯʥʽ ʨʠʟʠʢʠ, ʰʪʫʯʥʠʡ 

ʽʥʪʝʣʝʢʪ, ʦʩʚʽʪʘ, ʚʝʣʠʢʽ ʤʦʚʥʽ ʤʦʜʝʣʽ. 

Abstract. The article examines the ethical challenges arising from the rapid integration of generative 

artificial intelligence models into the academic environment. The impact of large language models on the 

educational process, research activities and administrative workflows in higher education institutions is 

analyzed. The study shows that the use of generative AI introduces a range of risks, including authorship 

uncertainty, academic integrity violations, algorithmic bias, the generation of inaccurate or fabricated 

content, the possibility of manipulating learning outcomes, unequal access to AI technologies and threats to 

user privacy. Recent scientific publications forming the theoretical foundations of AI ethics are summarized. 

A structured model of ethical risks is proposed, revealing their systemic, interconnected nature. 

Recommendations for responsible adoption of generative AI in higher education are provided, including 

guidelines for citation, assessment procedures, transformation of learning activities, and the development of 

critical AI literacy among students. The findings highlight the need for institutional policy frameworks and a 

culture of digital ethics to ensure transparency, fairness, and sustainability within the academic community.  

Keywords: generative AI, academic integrity, ethical risks, artificial intelligence, higher education, 

large language models. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʚʞʝ ʩʪʘʚ ʽʥʩʪʨʫʤʝʥʪʦʤ ʧʦʚʩʷʢʜʝʥʥʦʾ ʥʘʚʯʘʣʴʥʦʾ ʪʘ ʜʦʩʣʽʜʥʠʮʴʢʦʾ 

ʜʽʷʣʴʥʦʩʪʽ. ɿʦʢʨʝʤʘ, ʛʝʥʝʨʘʪʠʚʥʽ ʤʦʜʝʣʽ ʟʜʘʪʥʽ ʩʪʚʦʨʶʚʘʪʠ ʪʝʢʩʪ, ʟʦʙʨʘʞʝʥʥʷ, ʢʦʜʠ ʧʨʦʛʨʘʤ, 

ʘʥʘʣʽʪʠʯʥʽ ʟʚʽʪʠ, ʘ ʪʘʢʦʞ ʧʨʦʧʦʥʫʚʘʪʠ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʽ ʥʘʚʯʘʣʴʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ. ʇʦʧʨʠ 

ʦʯʝʚʠʜʥʽ ʧʝʨʝʚʘʛʠ, ʪʘʢʽ ʩʠʩʪʝʤʠ ʩʪʚʦʨʶʶʪʴ ʥʠʟʢʫ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʭ ʚʠʢʣʠʢʽʚ ʜʣʷ 

ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʪʘ ʝʪʠʯʥʦʛʦ ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ ʦʩʚʽʪʥʽʭ ʫʩʪʘʥʦʚ. ɺʠʥʠʢʘʻ ʧʦʪʨʝʙʘ ʫ 

ʢʦʤʧʣʝʢʩʥʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʨʠʟʠʢʽʚ, ʤʝʭʘʥʽʟʤʽʚ ʾʭ ʤʽʥʽʤʽʟʘʮʽʾ ʡ ʬʦʨʤʫʚʘʥʥʽ ʥʦʚʠʭ ʩʪʘʥʜʘʨʪʽʚ 

ʘʢʘʜʝʤʽʯʥʦʾ ʝʪʠʢʠ. 

ʉʪʨʽʤʢʝ ʧʨʦʥʠʢʥʝʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʘʢʘʜʝʤʽʯʥʠʡ ʧʨʦʩʪʽʨ ʩʪʘʣʦ 

ʦʜʥʠʤ ʟ ʥʘʡʙʦʣʶʯʽʰʠʭ ʚʠʢʣʠʢʽʚ ʩʫʯʘʩʥʦʾ ʦʩʚʽʪʥʴʦʾ ʪʘ ʥʘʫʢʦʚʦʾ ʩʠʩʪʝʤʠ. ʊʝʭʥʦʣʦʛʽʾ, ʪʘʢʽ ʷʢ 

ʚʝʣʠʢʽ ʤʦʚʥʽ ʤʦʜʝʣʽ, ʟʜʘʪʥʽ ʩʪʚʦʨʶʚʘʪʠ ʢʦʨʝʢʪʥʠʡ ʟʘ ʬʦʨʤʦʶ ʪʘ ʟʤʽʩʪʦʚʥʠʡ ʟʘ ʚʠʛʣʷʜʦʤ ʪʝʢʩʪ, 

ʧʨʦʛʨʘʤʥʠʡ ʢʦʜ, ʥʘʫʢʦʚʽ ʚʠʢʣʘʜʢʠ ʪʘ ʽʥʰʽ ʪʠʧʠ ʘʢʘʜʝʤʽʯʥʦʛʦ ʢʦʥʪʝʥʪʫ, ʱʦ ʩʪʘʚʠʪʴ ʧʽʜ ʩʫʤʥʽʚ 

ʪʨʘʜʠʮʽʡʥʽ ʬʫʥʜʘʤʝʥʪʠ ʘʢʘʜʝʤʽʯʥʦʾ ʜʽʷʣʴʥʦʩʪʽ, ʷʢʽ ˇʨʫʥʪʫʶʪʴʩʷ ʥʘ ʘʚʪʦʨʩʪʚʽ, ʦʨʠʛʽʥʘʣʴʥʦʩʪʽ 
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ʪʘ ʢʨʠʪʠʯʥʦʤʫ ʦʩʤʠʩʣʝʥʥʽ ʽʥʬʦʨʤʘʮʽʾ. ʇʨʦʙʣʝʤʘ ʧʦʣʷʛʘʻ ʥʝ ʚ ʩʘʤʦʤʫ ʬʘʢʪʽ ʽʩʥʫʚʘʥʥʷ ʮʠʭ 

ʪʝʭʥʦʣʦʛʽʡ, ʘ ʫ ʚʽʜʩʫʪʥʦʩʪʽ ʢʦʤʧʣʝʢʩʥʦʛʦ ʪʘ ʘʜʘʧʪʦʚʘʥʦʛʦ ʜʦ ʥʦʚʠʭ ʨʝʘʣʽʡ ʨʦʟʫʤʽʥʥʷ ʝʪʠʯʥʠʭ 

ʥʦʨʤ, ʱʦ ʨʝʛʫʣʶʶʪʴ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ. ɸʢʘʜʝʤʽʯʥʽ ʽʥʩʪʠʪʫʮʽʾ, ʩʬʦʨʤʦʚʘʥʽ ʚ ʜʦʢʨʠʟʦʚʫ ʮʠʬʨʦʚʫ 

ʝʧʦʭʫ, ʦʧʠʥʠʣʠʩʷ ʚ ʩʪʘʥʽ ʢʦʥʮʝʧʪʫʘʣʴʥʦʾ ʪʘ ʧʨʦʮʝʜʫʨʥʦʾ ʥʝʧʽʜʛʦʪʦʚʣʝʥʦʩʪʽ ʜʦ ʚʠʨʽʰʝʥʥʷ 

ʥʠʟʢʠ ʛʦʩʪʨʠʭ ʜʠʣʝʤ. 

ʎʷ ʧʨʦʙʣʝʤʘ ʤʘʻ ʙʝʟʧʦʩʝʨʝʜʥʽʡ ʟʚ'ʷʟʦʢ ʽʟ ʚʠʨʽʰʝʥʥʷʤ ʢʣʶʯʦʚʠʭ ʥʘʫʢʦʚʠʭ ʪʘ 

ʧʨʘʢʪʠʯʥʠʭ ʟʘʚʜʘʥʴ. ɿ ʥʘʫʢʦʚʦʾ ʪʦʯʢʠ ʟʨʝʥʠʷ, ʚʠʢʣʠʢʘʻ ʟʘʥʝʧʦʢʦʻʥʥʷ ʜʝʚʘʣʴʚʘʮʽʷ ʧʦʥʷʪʪʷ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʚʣʘʩʥʦʩʪʽ ʪʘ ʘʚʪʦʨʩʴʢʦʛʦ ʚʥʝʩʢʫ. ʂʦʣʠ ʨʝʟʫʣʴʪʘʪ ʨʦʙʦʪʠ ʘʣʛʦʨʠʪʤʫ ʤʦʞʝ ʙʫʪʠ 

ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʷʢ ʨʝʟʫʣʴʪʘʪ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʟʫʩʠʣʣʷ ʣʶʜʠʥʠ, ʨʦʟʤʠʚʘʶʪʴʩʷ ʩʘʤʽ ʧʽʜʩʪʘʚʠ 

ʥʘʫʢʦʚʦʛʦ ʢʦʤʫʥʽʢʫʚʘʥʥʷ, ʱʦ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʚʩʪʘʥʦʚʣʝʥʥʽ ʘʚʪʦʨʩʪʚʘ, ʮʠʪʫʚʘʥʥʽ ʪʘ ʢʨʠʪʠʮʽ. ʎʝ 

ʩʪʚʦʨʶʻ ʟʘʛʨʦʟʫ ʜʣʷ ʧʨʦʮʝʩʫ ʥʘʢʦʧʠʯʝʥʥʷ ʟʥʘʥʴ, ʦʩʢʽʣʴʢʠ ʩʪʘʻ ʥʝʤʦʞʣʠʚʦ ʚʽʜʩʪʝʞʠʪʠ 

ʩʧʨʘʚʞʥʻ ʜʞʝʨʝʣʦ ʽʜʝʾ ʪʘ ʦʮʽʥʠʪʠ ʚʥʝʩʦʢ ʢʦʥʢʨʝʪʥʦʛʦ ʜʦʩʣʽʜʥʠʢʘ. ɺʠʥʠʢʘʻ ʨʠʟʠʢ ʬʦʨʤʫʚʘʥʥʷ 

çʝʢʦʩʠʩʪʝʤʠ ʥʘʧʽʚʘʚʪʦʥʦʤʥʦʛʦ ʟʥʘʥʥʷè, ʜʝ ʣʶʜʠʥʘ ʪʘ ʘʣʛʦʨʠʪʤ ʥʘʩʪʽʣʴʢʠ ʪʽʩʥʦ ʧʝʨʝʧʣʝʪʝʥʽ, 

ʱʦ ʚʪʨʘʯʘʻʪʴʩʷ ʢʨʠʪʝʨʽʡ ʥʘʫʢʦʚʦʾ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ. 

ɿ ʧʨʘʢʪʠʯʥʦʾ ʪʦʯʢʠ ʟʦʨʫ, ʧʨʦʙʣʝʤʘ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚʧʣʠʚʘʻ ʥʘ ʷʢʽʩʪʴ ʦʩʚʽʪʠ ʪʘ 

ʧʽʜʛʦʪʦʚʢʠ ʬʘʭʽʚʮʽʚ. ʌʫʥʜʘʤʝʥʪʘʣʴʥʠʤ ʟʘʚʜʘʥʥʷʤ ʚʠʱʦʾ ʰʢʦʣʠ ʻ ʨʦʟʚʠʪʦʢ ʫ ʩʪʫʜʝʥʪʽʚ 

ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʟʜʽʙʥʦʩʪʝʡ ʜʦ ʘʥʘʣʽʟʫ, ʩʠʥʪʝʟʫ ʪʘ ʥʝʟʘʣʝʞʥʦʛʦ ʩʪʚʦʨʝʥʥʷ ʥʦʚʠʭ ʟʥʘʥʴ. 

ʇʘʩʠʚʥʝ ʘʙʦ ʥʝʨʝʬʣʝʢʩʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI, ʩʧʨʷʤʦʚʘʥʝ ʣʠʰʝ ʥʘ ʦʪʨʠʤʘʥʥʷ 

ʛʦʪʦʚʦʛʦ ʨʝʟʫʣʴʪʘʪʫ, ʚʝʜʝ ʜʦ ʘʪʨʦʬʽʾ ʮʠʭ ʢʣʶʯʦʚʠʭ ʢʦʛʥʽʪʠʚʥʠʭ ʥʘʚʠʯʦʢ. ɿʘʤʽʩʪʴ ʥʘʚʯʘʥʥʷ 

ʤʠʩʣʠʪʠ, ʩʪʫʜʝʥʪ ʨʠʟʠʢʫʻ ʥʘʚʯʠʪʠʩʷ ʣʠʰʝ ʝʬʝʢʪʠʚʥʦ ʬʦʨʤʫʣʶʚʘʪʠ ʟʘʧʠʪʠ ʜʦ ʩʠʩʪʝʤʠ. ʎʝ 

ʩʪʚʦʨʶʻ ʩʫʩʧʽʣʴʥʫ ʟʘʛʨʦʟʫ ʚʠʧʫʩʢʫ ʬʘʭʽʚʮʽʚ, ʷʢʽ ʚʦʣʦʜʽʶʪʴ ʧʦʚʝʨʭʥʝʚʠʤʠ ʟʥʘʥʥʷʤʠ, 

ʩʬʦʨʤʦʚʘʥʠʤʠ ʘʣʛʦʨʠʪʤʦʤ, ʘʣʝ ʥʝ ʤʘʶʪʴ ʛʣʠʙʠʥʥʦʛʦ ʨʦʟʫʤʽʥʥʷ ʧʨʝʜʤʝʪʥʦʾ ʦʙʣʘʩʪʽ. 

ʂʨʽʤ ʪʦʛʦ, ʧʨʦʙʣʝʤʘ ʤʘʻ ʚʠʨʘʞʝʥʠʡ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʡ ʘʩʧʝʢʪ, ʧʦʚ'ʷʟʘʥʠʡ ʽʟ 

ʟʘʚʜʘʥʥʷʤ ʟʘʙʝʟʧʝʯʝʥʥʷ ʨʽʚʥʦʛʦ ʜʦʩʪʫʧʫ ʜʦ ʷʢʽʩʥʦʾ ʦʩʚʽʪʠ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʧʦʪʫʞʥʠʭ 

ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ ʯʘʩʪʦ ʻ ʧʣʘʪʥʠʤ, ʱʦ ʩʪʚʦʨʶʻ ʫʤʦʚʠ ʜʣʷ ʥʦʚʦʾ ʬʦʨʤʠ ʥʝʨʽʚʥʦʩʪʽ. 

ʉʪʫʜʝʥʪʠ, ʷʢʽ ʤʘʶʪʴ ʬʽʥʘʥʩʦʚʫ ʤʦʞʣʠʚʽʩʪʴ ʢʦʨʠʩʪʫʚʘʪʠʩʷ ʧʝʨʝʜʦʚʠʤʠ ʢʦʤʝʨʮʽʡʥʠʤʠ 

ʽʥʩʪʨʫʤʝʥʪʘʤʠ, ʦʪʨʠʤʫʶʪʴ ʥʝʩʧʨʘʚʝʜʣʠʚʫ ʧʝʨʝʚʘʛʫ ʥʘʜ ʪʠʤʠ, ʭʪʦ ʦʙʤʝʞʝʥʠʡ ʙʝʟʢʦʰʪʦʚʥʠʤʠ 

ʪʘ ʤʝʥʰ ʧʦʪʫʞʥʠʤʠ ʘʥʘʣʦʛʘʤʠ. ʎʝ ʥʝ ʪʽʣʴʢʠ ʧʦʨʫʰʫʻ ʧʨʠʥʮʠʧ ʘʢʘʜʝʤʽʯʥʦʾ ʩʧʨʘʚʝʜʣʠʚʦʩʪʽ, 

ʘʣʝ ʡ ʧʦʛʣʠʙʣʶʻ ʽʩʥʫʶʯʠʡ ʮʠʬʨʦʚʠʡ ʨʦʟʨʠʚ, ʪʨʘʥʩʬʦʨʤʫʶʯʠ ʡʦʛʦ ʚ ʨʦʟʨʠʚ ʦʩʚʽʪʥʽʭ 

ʤʦʞʣʠʚʦʩʪʝʡ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʧʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ ʝʪʠʯʥʠʭ ʚʠʢʣʠʢʽʚ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʚ ʘʢʘʜʝʤʽʾ 

ʚʠʭʦʜʠʪʴ ʜʘʣʝʢʦ ʟʘ ʤʝʞʽ ʧʠʪʘʥʥʷ ʧʨʦ ʪʝ, çʷʢ ʚʠʢʨʠʪʠ ʧʣʘʛʽʘʪè. ɺʦʥʘ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʥʘ 

ʢʦʤʧʣʝʢʩʥʝ ʩʪʨʘʪʝʛʽʯʥʝ ʟʘʚʜʘʥʥʷ, ʱʦ ʧʦʪʨʝʙʫʻ ʧʝʨʝʦʩʤʠʩʣʝʥʥʷ ʮʽʣʝʡ ʦʩʚʽʪʠ, ʘʜʘʧʪʘʮʽʾ ʤʝʪʦʜʽʚ 

ʥʘʚʯʘʥʥʷ ʪʘ ʦʮʽʥʶʚʘʥʥʷ, ʨʦʟʨʦʙʢʠ ʥʦʚʠʭ ʝʪʠʯʥʠʭ ʢʦʜʝʢʩʽʚ ʽ ʧʨʘʚʦʚʠʭ ʥʦʨʤ. ɺʽʜ ʡʦʛʦ 

ʚʠʨʽʰʝʥʥʷ ʟʘʣʝʞʠʪʴ ʟʜʘʪʥʽʩʪʴ ʘʢʘʜʝʤʽʯʥʦʾ ʩʧʽʣʴʥʦʪʠ ʟʙʝʨʝʛʪʠ ʩʚʦʶ ʨʦʣʴ ʷʢ ʛʝʥʝʨʘʪʦʨʘ 

ʜʦʩʪʦʚʽʨʥʠʭ ʟʥʘʥʴ ʽ ʛʘʨʘʥʪʘ ʷʢʽʩʥʦʾ ʧʽʜʛʦʪʦʚʢʠ ʤʘʡʙʫʪʥʽʭ ʧʦʢʦʣʽʥʴ ʫ ʫʤʦʚʘʭ ʪʝʭʥʦʣʦʛʽʯʥʦʾ 

ʨʝʚʦʣʶʮʽʾ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. 

ʇʨʦʙʣʝʤʘ ʝʪʠʯʥʠʭ ʚʠʢʣʠʢʽʚ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʘʢʘʜʝʤʽʯʥʦʤʫ 

ʩʝʨʝʜʦʚʠʱʽ ʘʢʪʠʚʥʦ ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʚ ʥʘʫʢʦʚʽʡ ʣʽʪʝʨʘʪʫʨʽ ʧʨʦʪʷʛʦʤ ʦʩʪʘʥʥʽʭ ʨʦʢʽʚ. ɸʥʘʣʽʟ 

ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ ʜʦʟʚʦʣʷʻ ʚʠʦʢʨʝʤʠʪʠ ʢʽʣʴʢʘ ʢʣʶʯʦʚʠʭ ʥʘʧʨʷʤʽʚ, ʱʦ ʬʦʨʤʫʶʪʴ 

ʢʦʥʮʝʧʪʫʘʣʴʥʫ ʦʩʥʦʚʫ ʜʣʷ ʨʦʟʫʤʽʥʥʷ ʜʘʥʦʾ ʧʨʦʙʣʝʤʠ. 

ʆʩʪʘʥʥʽ ʜʦʩʣʽʜʞʝʥʥʷ (Bender et al., 2021; Floridi & Chiriatti, 2020; UNESCO AI Ethics 

Report, 2023) ʧʽʜʢʨʝʩʣʶʶʪʴ ʥʝʙʝʟʧʝʢʫ çʨʦʟʤʠʚʘʥʥʷ ʘʚʪʦʨʩʪʚʘè ʪʘ ʟʨʦʩʪʘʥʥʷ ʟʘʣʝʞʥʦʩʪʽ 

ʩʪʫʜʝʥʪʽʚ ʚʽʜ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʨʽʰʝʥʴ [1]. ɼʦʩʣʽʜʞʝʥʥʷ Else (2023) ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ 

ʚʠʢʣʘʜʘʯʽ ʩʪʠʢʘʶʪʴʩʷ ʟ ʪʨʫʜʥʦʱʘʤʠ ʫ ʚʠʷʚʣʝʥʥʽ ʪʝʢʩʪʽʚ, ʧʦʚʥʽʩʪʶ ʘʙʦ ʯʘʩʪʢʦʚʦ ʩʪʚʦʨʝʥʠʭ AI, 

ʱʦ ʩʪʘʚʠʪʴ ʧʽʜ ʟʘʛʨʦʟʫ ʷʢʽʩʪʴ ʦʮʽʥʶʚʘʥʥʷ [2]. ʅʠʟʢʘ ʧʨʘʮʴ (Brynjolfsson, 2022; Marcus, 2023) 
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ʥʘʛʦʣʦʰʫʻ ʥʘ ʧʨʦʙʣʝʤʽ ʘʣʛʦʨʠʪʤʽʯʥʦʾ ʫʧʝʨʝʜʞʝʥʦʩʪʽ ʪʘ ʨʠʟʠʢʘʭ ʜʣʷ ʨʽʚʥʦʩʪʽ ʜʦʩʪʫʧʫ ʜʦ ʦʩʚʽʪʠ 

[3-6]. ʎʽ ʜʦʩʣʽʜʞʝʥʥʷ ʩʪʚʦʨʶʶʪʴ ʙʘʟʫ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ ʝʪʠʯʥʠʭ ʘʩʧʝʢʪʽʚ ʚʧʨʦʚʘʜʞʝʥʥʷ 

ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI. 

ɿʥʘʯʥʠʡ ʚʥʝʩʦʢ ʫ ʧʦʩʪʘʥʦʚʢʫ ʧʨʦʙʣʝʤʠ ʟʨʦʙʠʣʠ ʤʽʞʥʘʨʦʜʥʽ ʦʨʛʘʥʽʟʘʮʽʾ. ɿʦʢʨʝʤʘ, 

ʜʦʧʦʚʽʜʴ UNESCO çAI in education: Change at the speed of learningè ʟʘʧʦʯʘʪʢʫʚʘʣʘ ʛʣʦʙʘʣʴʥʫ 

ʜʠʩʢʫʩʽʶ ʱʦʜʦ ʨʠʟʠʢʽʚ ʪʘ ʤʦʞʣʠʚʦʩʪʝʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʽ [7]. ʋ ʮʽʡ ʧʫʙʣʽʢʘʮʽʾ 

ʘʢʮʝʥʪʦʚʘʥʦ ʫʚʘʛʫ ʥʘ ʥʝʦʙʭʽʜʥʦʩʪʽ ʬʦʨʤʫʚʘʥʥʷ ʣʶʜʩʴʢʦʮʝʥʪʨʠʯʥʦʛʦ ʧʽʜʭʦʜʫ, ʱʦ ʧʝʨʝʜʙʘʯʘʻ 

ʧʨʽʦʨʠʪʝʪ ʧʨʘʚ ʣʶʜʠʥʠ, ʽʥʢʣʶʟʠʚʥʦʩʪʽ ʪʘ ʮʽʣʽʩʥʦʩʪʽ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. ʎʷ ʨʦʙʦʪʘ ʩʪʘʣʘ 

ʢʦʥʮʝʧʪʫʘʣʴʥʦʶ ʦʩʥʦʚʦʶ ʜʣʷ ʙʘʛʘʪʴʦʭ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ, ʦʩʢʽʣʴʢʠ ʚʧʝʨʰʝ ʥʘ 

ʤʽʞʥʘʨʦʜʥʦʤʫ ʨʽʚʥʽ ʙʫʣʦ ʩʠʩʪʝʤʥʦ ʦʢʨʝʩʣʝʥʦ ʢʦʣʽʟʽʶ ʤʽʞ ʪʝʭʥʦʣʦʛʽʯʥʠʤ ʧʨʦʛʨʝʩʩʦʤ ʽ 

ʝʪʠʯʥʠʤʠ ʮʽʥʥʦʩʪʷʤʠ ʦʩʚʽʪʠ. 

ɺʘʞʣʠʚʫ ʨʦʣʴ ʫ ʚʠʚʯʝʥʥʽ ʧʠʪʘʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚʽʜʽʛʨʘʣʠ ʧʨʘʮʽ ʪʘʢʠʭ 

ʜʦʩʣʽʜʥʠʢʽʚ, ʷʢ ʉʘʨʘ ɽʣʝʡʥ ɯʪʦʥ [8]. ʋ ʩʚʦʾʡ ʨʦʙʦʪʽ çAcademic integrity in the age of artificial 

intelligenceè ʚʦʥʘ ʜʦʢʣʘʜʥʦ ʜʦʩʣʽʜʞʫʻ ʪʨʘʥʩʬʦʨʤʘʮʽʶ ʧʦʥʷʪʴ ʧʣʘʛʽʘʪʫ ʪʘ ʘʚʪʦʨʩʪʚʘ. ɯʪʦʥ 

ʘʨʛʫʤʝʥʪʫʻ, ʱʦ ʪʨʘʜʠʮʽʡʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʟʘʙʝʟʧʝʯʝʥʥʷ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚʠʷʚʠʣʠʩʷ 

ʥʝʝʬʝʢʪʠʚʥʠʤʠ ʚ ʫʤʦʚʘʭ, ʢʦʣʠ ʪʝʢʩʪ ʛʝʥʝʨʫʻʪʴʩʷ ʘʣʛʦʨʠʪʤʽʯʥʦ, ʘ ʥʝ ʟʘʣʫʯʝʥʥʷʤ ʧʨʷʤʦʾ ʢʦʧʽʾ 

ʯʫʞʠʭ ʪʝʢʩʪʽʚ. ɰʾ ʽʜʝʾ ʱʦʜʦ ʥʝʦʙʭʽʜʥʦʩʪʽ ʨʦʟʨʦʙʢʠ ʥʦʚʠʭ ʧʦʣʽʪʠʢ, ʦʨʽʻʥʪʦʚʘʥʠʭ ʥʘ ʧʨʦʘʢʪʠʚʥʝ 

ʥʘʚʯʘʥʥʷ, ʘ ʥʝ ʨʝʧʨʝʩʠʚʥʠʡ ʢʦʥʪʨʦʣʴ, ʩʪʘʥʦʚʣʷʪʴ ʦʜʥʫ ʟ ʪʝʦʨʝʪʠʯʥʠʭ ʦʩʥʦʚ ʜʘʥʦʛʦ 

ʜʦʩʣʽʜʞʝʥʥʷ. 

ʋ ʢʦʥʪʝʢʩʪʽ ʘʥʘʣʽʟʫ ʧʝʜʘʛʦʛʽʯʥʠʭ ʥʘʩʣʽʜʢʽʚ ʬʫʥʜʘʤʝʥʪʘʣʴʥʦʶ ʻ ʩʪʘʪʪʷ ʃʽʾ ɻʝʥʢʣʽʥ çThe 

AI Classroom: Teaching and Learning in an Era of Artificial Intelligenceè [9]. ɸʚʪʦʨʢʘ ʨʝʪʝʣʴʥʦ 

ʘʥʘʣʽʟʫʻ, ʷʢ ʛʝʥʝʨʘʪʠʚʥʠʡ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʚʧʣʠʚʘʻ ʥʘ ʢʦʛʥʽʪʠʚʥʽ ʥʘʚʠʯʢʠ ʩʪʫʜʝʥʪʽʚ. ɺʦʥʘ 

ʜʦʚʦʜʠʪʴ, ʱʦ ʥʝʢʦʥʪʨʦʣʴʦʚʘʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʾ ʚʝʜʝ ʜʦ çʟʦʚʥʽʰʥʴʦʛʦ ʚʠʚʝʜʝʥʥʷè 

ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʢʦʣʠ ʩʪʫʜʝʥʪʠ ʜʝʣʝʛʫʶʪʴ ʘʣʛʦʨʠʪʤʫ ʥʝ ʣʠʰʝ ʨʫʪʠʥʥʽ ʟʘʚʜʘʥʥʷ, ʘ ʡ 

ʙʘʟʦʚʽ ʦʧʝʨʘʮʽʾ ʟ ʘʥʘʣʽʟʫ ʪʘ ʩʠʥʪʝʟʫ ʽʥʬʦʨʤʘʮʽʾ. ʎʷ ʧʫʙʣʽʢʘʮʽʷ ʩʪʘʣʘ ʚʘʞʣʠʚʠʤ ʢʨʦʢʦʤ ʫ 

ʫʩʚʽʜʦʤʣʝʥʥʽ ʪʦʛʦ, ʱʦ ʟʘʛʨʦʟʘ ʧʦʣʷʛʘʻ ʥʝ ʣʠʰʝ ʚ ʧʦʨʫʰʝʥʥʽ ʧʨʘʚʠʣ, ʘʣʝ ʡ ʫ ʬʫʥʜʘʤʝʥʪʘʣʴʥʽʡ 

ʟʤʽʥʽ ʭʘʨʘʢʪʝʨʫ ʥʘʚʯʘʥʥʷ. 

ʇʠʪʘʥʥʷ ʪʝʭʥʽʯʥʠʭ ʦʙʤʝʞʝʥʴ ʪʘ ʤʦʞʣʠʚʦʩʪʝʡ ʜʝʪʝʢʮʽʾ AI-ʛʝʥʝʨʦʚʘʥʦʛʦ ʢʦʥʪʝʥʪʫ 

ʚʠʩʚʽʪʣʝʥʽ ʚ ʜʦʩʣʽʜʞʝʥʥʽ ɺʝʡʥʘ ʍʦʣʤʩʘ ʪʘ ʡʦʛʦ ʢʦʣʝʛ çEthical challenges of AI in education: 

Examples and mitigation strategiesè [10]. ɸʚʪʦʨʠ ʥʘʜʘʶʪʴ ʢʨʠʪʠʯʥʠʡ ʦʛʣʷʜ ʩʫʯʘʩʥʠʭ 

ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʝʪʝʢʮʽʾ, ʚʢʘʟʫʶʯʠ ʥʘ ʾʭʥʶ ʧʨʠʥʮʠʧʦʚʫ ʥʝʥʘʜʽʡʥʽʩʪʴ ʯʝʨʝʟ ʰʚʠʜʢʫ ʝʚʦʣʶʮʽʶ 

ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ. ɺʦʥʠ ʧʝʨʰʠʤʠ ʚʠʩʫʥʫʣʠ ʪʝʟʫ ʧʨʦ ʙʝʟʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ çʪʝʭʥʦʣʦʛʽʯʥʦʾ ʛʦʥʢʠ 

ʦʟʙʨʦʻʥʴè ʤʽʞ ʨʦʟʨʦʙʥʠʢʘʤʠ AI ʪʘ ʪʚʦʨʮʷʤʠ ʜʝʪʝʢʪʦʨʽʚ, ʦʙˇʨʫʥʪʫʚʘʚʰʠ ʥʝʦʙʭʽʜʥʽʩʪʴ 

ʧʝʜʘʛʦʛʽʯʥʠʭ, ʘ ʥʝ ʪʝʭʥʦʢʨʘʪʠʯʥʠʭ ʨʽʰʝʥʴ. 

ɺʠʟʥʘʯʘʣʴʥʠʤ ʜʣʷ ʨʦʟʫʤʽʥʥʷ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʦʛʦ ʚʠʤʽʨʫ ʧʨʦʙʣʝʤʠ ʻ ʟʚʽʪ ʆɽʉʈ 

çAI and the Future of Skillsè [11]. ʋ ʥʴʦʤʫ ʜʝʪʘʣʴʥʦ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ, ʷʢ ʪʝʭʥʦʣʦʛʽʾ ʰʪʫʯʥʦʛʦ 

ʽʥʪʝʣʝʢʪʫ ʤʦʞʫʪʴ ʧʦʛʣʠʙʠʪʠ ʥʝʨʽʚʥʽʩʪʴ ʯʝʨʝʟ ʥʝʨʽʚʥʦʤʽʨʥʠʡ ʜʦʩʪʫʧ. ʎʷ ʧʫʙʣʽʢʘʮʽʷ 

ʟʘʧʦʯʘʪʢʫʚʘʣʘ ʜʠʩʢʫʩʽʶ ʧʨʦ ʪʝ, ʱʦ ʝʪʠʯʥʘ ʧʨʦʙʣʝʤʘ ʥʝ ʦʙʤʝʞʫʻʪʴʩʷ ʨʘʤʢʘʤʠ ʦʢʨʝʤʦʾ 

ʥʘʚʯʘʣʴʥʦʾ ʘʫʜʠʪʦʨʽʾ, ʘ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʥʘ ʤʘʢʨʦʝʢʦʥʦʤʽʯʥʠʡ ʪʘ ʩʦʮʽʘʣʴʥʠʡ ʚʠʢʣʠʢ ʜʣʷ ʚʩʴʦʛʦ 

ʩʫʩʧʽʣʴʩʪʚʘ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʘʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ ʩʚʽʜʯʠʪʴ ʧʨʦ ʬʦʨʤʫʚʘʥʥʷ ʢʦʥʩʝʥʩʫʩʫ ʱʦʜʦ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʭʘʨʘʢʪʝʨʫ ʧʨʦʙʣʝʤʠ. ʉʫʯʘʩʥʘ ʥʘʫʢʦʚʘ ʜʫʤʢʘ ʩʧʠʨʘʻʪʴʩʷ ʥʘ ʨʦʟʫʤʽʥʥʷ ʪʦʛʦ, ʱʦ 

ʝʪʠʯʥʽ ʚʠʢʣʠʢʠ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʻ ʩʠʩʪʝʤʥʠʤʠ ʽ ʚʠʤʘʛʘʶʪʴ ʧʦʻʜʥʘʥʥʷ ʽʥʩʪʠʪʫʮʽʡʥʠʭ, 

ʧʝʜʘʛʦʛʽʯʥʠʭ ʪʘ ʢʫʣʴʪʫʨʥʠʭ ʧʽʜʭʦʜʽʚ, ʘ ʥʝ ʪʝʭʥʽʯʥʠʭ ʚʠʧʨʘʚʣʝʥʴ. ʎʽ ʨʦʙʦʪʠ ʩʪʘʥʦʚʣʷʪʴ 

ʩʤʠʩʣʦʚʫ ʦʩʥʦʚʫ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʚʣʘʩʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ, ʟʘʜʘʶʯʠ ʡʦʛʦ ʪʝʦʨʝʪʠʯʥʠʡ ʚʝʢʪʦʨ ʽ 

ʦʙˇʨʫʥʪʦʚʫʶʯʠ ʘʢʪʫʘʣʴʥʽʩʪʴ ʦʙʨʘʥʦʾ ʪʝʤʠ. 
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ʇʽʜʢʨʝʩʣʝʥʥʷ ʥʝʚʠʨʽʰʝʥʠʭ ʯʘʩʪʠʥ ʧʨʦʙʣʝʤʠ. 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʘʢʪʠʚʥʝ ʦʙʛʦʚʦʨʝʥʥʷ ʝʪʠʯʥʠʭ ʘʩʧʝʢʪʽʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʘʢʘʜʝʤʽʾ, ʥʠʟʢʘ ʢʨʠʪʠʯʥʠʭ ʧʠʪʘʥʴ ʟʘʣʠʰʘʻʪʴʩʷ ʥʝʜʦʩʪʘʪʥʴʦ 

ʜʦʩʣʽʜʞʝʥʦʶ ʪʘ ʧʦʪʨʝʙʫʻ ʥʘʫʢʦʚʦʾ ʨʦʟʨʦʙʢʠ. ɯʩʥʫʶʯʽ ʜʦʩʣʽʜʞʝʥʥʷ ʯʘʩʪʦ ʥʦʩʷʪʴ ʟʘʛʘʣʴʥʠʡ 

ʭʘʨʘʢʪʝʨ, ʦʧʠʩʫʶʯʠ ʧʨʦʙʣʝʤʠ, ʘʣʝ ʥʝ ʧʨʦʧʦʥʫʶʯʠ ʢʦʥʢʨʝʪʥʠʭ ʤʝʭʘʥʽʟʤʽʚ ʾʭ ʧʦʜʦʣʘʥʥʷ ʚ 

ʫʤʦʚʘʭ ʫʢʨʘʾʥʩʴʢʦʾ ʚʠʱʦʾ ʰʢʦʣʠ. ʉʘʤʝ ʥʘ ʮʠʭ ʥʝʚʠʨʽʰʝʥʠʭ ʘʩʧʝʢʪʘʭ ʟʦʩʝʨʝʜʞʝʥʘ ʜʘʥʘ 

ʧʫʙʣʽʢʘʮʽʷ. 

ʇʦ-ʧʝʨʰʝ, ʟʘʣʠʰʘʻʪʴʩʷ ʚʽʜʢʨʠʪʠʤ ʧʠʪʘʥʥʷ ʦʧʝʨʘʮʽʦʥʘʣʽʟʘʮʽʾ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʚ ʥʦʚʠʭ ʫʤʦʚʘʭ. ʗʢʱʦ ʟʘʙʦʨʦʥʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚʠʷʚʣʷʻʪʴʩʷ 

ʥʝʝʬʝʢʪʠʚʥʦʶ, ʘ ʧʦʚʥʘ ʩʚʦʙʦʜʘ ð ʥʝʧʨʠʡʥʷʪʥʦʶ, ʪʦ ʧʦʩʪʘʻ ʧʨʦʙʣʝʤʘ ʩʪʚʦʨʝʥʥʷ 

ʜʠʬʝʨʝʥʮʽʡʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ. ʅʝʦʙʭʽʜʥʦ ʯʽʪʢʦ ʚʠʟʥʘʯʠʪʠ, ʜʣʷ ʷʢʠʭ ʪʠʧʽʚ ʥʘʚʯʘʣʴʥʠʭ ʟʘʚʜʘʥʴ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʻ ʣʝʛʽʪʠʤʥʠʤ ʜʦʧʦʤʽʞʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ, ʘ ʜʣʷ ʷʢʠʭ ð 

ʥʝʧʨʠʡʥʷʪʥʠʤ ʟʘʤʽʥʥʠʢʦʤ ʚʣʘʩʥʦʛʦ ʤʠʩʣʝʥʥʷ. ʅʘʧʨʠʢʣʘʜ, ʯʠ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ AI ʜʣʷ 

ʧʦʰʫʢʫ ʽʜʝʡ ʘʙʦ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ ʪʝʢʩʪʫ, ʽ ʷʢ ʮʝ ʚʽʜʨʽʟʥʠʪʠ ʚʽʜ ʧʨʷʤʦʛʦ ʥʘʧʠʩʘʥʥʷ ʨʦʙʦʪʠ? ʎʷ 

ʧʫʙʣʽʢʘʮʽʷ ʧʨʠʩʚʷʯʫʻʪʴʩʷ ʨʦʟʨʦʙʮʽ ʪʘʢʠʭ ʢʨʠʪʝʨʽʾʚ ʨʦʟʤʝʞʫʚʘʥʥʷ, ʱʦ ʻ ʢʣʶʯʦʚʠʤ ʜʣʷ 

ʬʦʨʤʫʚʘʥʥʷ ʩʧʨʘʚʝʜʣʠʚʦʾ ʦʮʽʥʢʠ. 

ʇʦ-ʜʨʫʛʝ, ʥʝʜʦʩʪʘʪʥʴʦ ʚʠʚʯʝʥʦʶ ʻ ʧʨʦʙʣʝʤʘ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʠʭ ʥʘʚʠʯʦʢ, ʥʝʦʙʭʽʜʥʠʭ 

ʜʣʷ ʝʪʠʯʥʦʾ ʪʘ ʝʬʝʢʪʠʚʥʦʾ ʚʟʘʻʤʦʜʽʾ ʟ ʪʝʭʥʦʣʦʛʽʻʶ. ʄʦʚʘ ʡʜʝ ʥʝ ʣʠʰʝ ʧʨʦ çAI-ʛʨʘʤʦʪʥʽʩʪʴè ʫ 

ʪʝʭʥʽʯʥʦʤʫ ʨʦʟʫʤʽʥʥʽ, ʘʣʝ ʡ ʧʨʦ ʨʦʟʚʠʪʦʢ ʢʨʠʪʠʯʥʦʛʦ çAI-ʩʢʝʧʪʠʮʠʟʤʫè ð ʟʜʘʪʥʦʩʪʽ 

ʦʮʽʥʶʚʘʪʠ ʜʦʩʪʦʚʽʨʥʽʩʪʴ, ʦʙ'ʻʢʪʠʚʥʽʩʪʴ ʪʘ ʦʙʤʝʞʝʥʥʷ ʟʛʝʥʝʨʦʚʘʥʦʛʦ ʢʦʥʪʝʥʪʫ. ɼʘʥʘ ʩʪʘʪʪʷ 

ʟʦʩʝʨʝʜʞʫʻʪʴʩʷ ʥʘ ʘʥʘʣʽʟʽ ʪʠʭ ʢʦʥʢʨʝʪʥʠʭ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ, ʷʢʽ ʧʦʚʠʥʝʥ ʩʬʦʨʤʫʚʘʪʠ ʚʠʢʣʘʜʘʯ 

ʫ ʩʪʫʜʝʥʪʘ, ʱʦʙ ʪʦʡ ʤʽʛ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ AI ʷʢ ʽʥʩʪʨʫʤʝʥʪ ʨʦʟʚʠʪʢʫ, ʘ ʥʝ ʷʢ ʢʦʩʪʠʣʴ ʜʣʷ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʥʝʧʨʘʮʝʟʜʘʪʥʦʩʪʽ. 

ʇʦ-ʪʨʝʪʻ, ʧʨʘʢʪʠʯʥʦ ʧʦʟʘ ʫʚʘʛʦʶ ʜʦʩʣʽʜʥʠʢʽʚ ʟʘʣʠʰʘʻʪʴʩʷ ʽʥʩʪʠʪʫʮʽʡʥʠʡ ʨʽʚʝʥʴ 

ʧʨʦʙʣʝʤʠ. ʗʢ ʤʘʶʪʴ ʙʫʪʠ ʦʨʛʘʥʽʟʦʚʘʥʽ ʚʥʫʪʨʽʰʥʽ ʧʨʦʮʝʩʠ ʫʥʽʚʝʨʩʠʪʝʪʫ ð ʚʽʜ ʨʦʟʨʦʙʢʠ 

ʥʘʚʯʘʣʴʥʠʭ ʧʨʦʛʨʘʤ ʜʦ ʨʦʙʦʪʠ ʜʠʩʮʠʧʣʽʥʘʨʥʠʭ ʢʦʤʽʩʽʡ ð ʜʣʷ ʘʜʘʧʪʘʮʽʾ ʜʦ ʥʦʚʦʾ ʨʝʘʣʴʥʦʩʪʽ? 

ɺʽʜʩʫʪʥʽʩʪʴ ʯʽʪʢʠʭ ʚʥʫʪʨʽʰʥʽʭ ʧʦʣʽʪʠʢ, ʧʨʦʮʝʜʫʨ ʪʘ ʩʪʘʥʜʘʨʪʽʚ ʮʠʪʫʚʘʥʥʷ ʨʦʙʽʪ, ʩʪʚʦʨʝʥʠʭ ʟʘ 

ʫʯʘʩʪʶ AI, ʩʪʚʦʨʶʻ ʧʨʘʚʦʚʠʡ ʚʘʢʫʫʤ, ʜʝ ʷʢ ʩʪʫʜʝʥʪʠ, ʪʘʢ ʽ ʚʠʢʣʘʜʘʯʽ ʜʽʶʪʴ ʥʘ ʚʣʘʩʥʠʡ ʨʦʟʩʫʜ. 

ʎʷ ʧʫʙʣʽʢʘʮʽʷ ʧʨʠʩʚʷʯʫʻʪʴʩʷ ʘʥʘʣʽʟʫ ʩʘʤʝ ʮʴʦʛʦ, ʽʥʩʪʠʪʫʮʽʡʥʦʛʦ, ʘʩʧʝʢʪʫ, ʧʨʦʧʦʥʫʶʯʠ ʨʘʤʢʠ 

ʜʣʷ ʨʦʟʨʦʙʢʠ ʚʥʫʪʨʽʰʥʽʭ ʥʦʨʤʘʪʠʚʥʠʭ ʜʦʢʫʤʝʥʪʽʚ. 

ʅʘʨʝʰʪʽ, ʤʘʡʞʝ ʥʝ ʜʦʩʣʽʜʞʝʥʠʤ ʻ ʧʩʠʭʦʣʦʛʽʯʥʠʡ ʪʘ ʤʦʨʘʣʴʥʠʡ ʚʠʤʽʨ ʚʧʣʠʚʫ 

ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʥʘ ʚʠʢʣʘʜʘʯʘ. ʇʦʩʪʘʻ ʧʠʪʘʥʥʷ ʧʨʦ ʧʨʦʬʝʩʽʡʥʝ ʚʠʛʦʨʘʥʥʷ ʚ ʫʤʦʚʘʭ, ʢʦʣʠ 

ʪʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ ʦʮʽʥʢʠ ʟʥʘʥʴ ʚʪʨʘʯʘʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ, ʘ ʪʘʢʦʞ ʧʨʦ ʝʪʠʯʥʫ ʜʠʣʝʤʫ 

ʧʦʩʪʽʡʥʦʛʦ ʧʽʜʦʟʨʠ ʱʦʜʦ ʘʚʪʦʨʩʪʚʘ ʩʪʫʜʝʥʪʩʴʢʠʭ ʨʦʙʽʪ. ʎʷ ʩʪʘʪʪʷ ʟʚʝʨʪʘʻʪʴʩʷ ʜʦ ʮʽʻʾ 

ʥʝʚʠʨʽʰʝʥʦʾ ʯʘʩʪʠʥʠ ʧʨʦʙʣʝʤʠ, ʚʠʩʚʽʪʣʶʶʯʠ ʚʘʞʣʠʚʽʩʪʴ ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʦʾ ʧʝʜʘʛʦʛʽʯʥʦʾ 

ʝʪʠʢʠ ʪʘ ʧʽʜʪʨʠʤʢʠ ʚʠʢʣʘʜʘʯʽʚ ʫ ʧʨʦʮʝʩʽ ʪʨʘʥʩʬʦʨʤʘʮʽʾ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʜʘʥʘ ʧʫʙʣʽʢʘʮʽʷ ʟʦʩʝʨʝʜʞʝʥʘ ʥʘ ʥʘʡʤʝʥʰ ʜʦʩʣʽʜʞʝʥʠʭ, ʘʣʝ ʢʨʠʪʠʯʥʦ 

ʚʘʞʣʠʚʠʭ ʘʩʧʝʢʪʘʭ: ʨʦʟʨʦʙʮʽ ʜʠʬʝʨʝʥʮʽʡʦʚʘʥʠʭ ʢʨʠʪʝʨʽʾʚ ʚʠʢʦʨʠʩʪʘʥʥʷ AI, ʬʦʨʤʫʚʘʥʥʽ ʥʦʚʠʭ 

ʥʘʚʠʯʦʢ ʢʨʠʪʠʯʥʦʛʦ ʩʧʨʠʡʥʷʪʪʷ, ʩʪʚʦʨʝʥʥʽ ʽʥʩʪʠʪʫʮʽʡʥʠʭ ʤʝʭʘʥʽʟʤʽʚ ʨʝʛʫʣʶʚʘʥʥʷ ʪʘ 

ʧʦʜʦʣʘʥʥʽ ʧʩʠʭʦʣʦʛʽʯʥʠʭ ʥʘʩʣʽʜʢʽʚ ʜʣʷ ʘʢʘʜʝʤʽʯʥʦʾ ʩʧʽʣʴʥʦʪʠ. ɺʠʨʽʰʝʥʥʷ ʩʘʤʝ ʮʠʭ ʟʘʚʜʘʥʴ 

ʜʦʟʚʦʣʠʪʴ ʧʝʨʝʡʪʠ ʚʽʜ ʢʦʥʩʪʘʪʘʮʽʾ ʨʠʟʠʢʽʚ ʜʦ ʧʦʙʫʜʦʚʠ ʞʠʪʪʻʟʜʘʪʥʦʾ ʤʦʜʝʣʽ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʽʷʣʴʥʦʩʪʽ ʚ ʝʧʦʭʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ. 

ɻʦʣʦʚʥʦʶ ʤʝʪʦʶ ʜʘʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʨʦʟʨʦʙʢʘ ʮʽʣʽʩʥʦʛʦ ʢʦʥʮʝʧʪʫʘʣʴʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ 

ʤʽʥʽʤʽʟʘʮʽʾ ʝʪʠʯʥʠʭ ʨʠʟʠʢʽʚ, ʧʦʚ'ʷʟʘʥʠʭ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ 

ʘʢʘʜʝʤʽʯʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ, ʟ ʦʨʽʻʥʪʘʮʽʻʶ ʥʘ ʫʢʨʘʾʥʩʴʢʠʡ ʦʩʚʽʪʥʽʡ ʢʦʥʪʝʢʩʪ. ɯʩʥʫʶʯʽ ʨʦʙʦʪʠ 

ʯʘʩʪʽʰʝ ʦʢʨʝʩʣʶʶʪʴ ʧʨʦʙʣʝʤʥʝ ʧʦʣʝ, ʥʽʞ ʧʨʦʧʦʥʫʶʪʴ ʩʪʨʫʢʪʫʨʦʚʘʥʽ ʰʣʷʭʠ ʾʾ ʚʠʨʽʰʝʥʥʷ, 
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ʘʜʘʧʪʦʚʘʥʽ ʜʦ ʨʝʘʣʴʥʠʭ ʫʤʦʚ ʚʠʱʠʭ ʥʘʚʯʘʣʴʥʠʭ ʟʘʢʣʘʜʽʚ. ʊʘʢʠʤ ʯʠʥʦʤ, ʜʘʥʘ ʩʪʘʪʪʷ ʧʨʘʛʥʝ 

ʟʘʧʦʚʥʠʪʠ ʮʶ ʧʨʦʛʘʣʠʥʫ, ʟʦʩʝʨʝʜʠʚʰʠʩʴ ʥʝ ʣʠʰʝ ʥʘ ʜʽʘʛʥʦʩʪʠʮʽ, ʘʣʝ ʡ ʥʘ ʩʪʚʦʨʝʥʥʽ 

ʧʨʘʢʪʠʯʥʦʾ ʨʘʤʢʠ ʜʣʷ ʜʽʾ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʟʘʷʚʣʝʥʦʾ ʤʝʪʠ ʚ ʨʦʙʦʪʽ ʚʠʨʽʰʫʶʪʴʩʷ ʥʘʩʪʫʧʥʽ ʢʣʶʯʦʚʽ ʟʘʚʜʘʥʥʷ. 

ʇʝʨʰʝ ʟʘʚʜʘʥʥʷ ʧʦʣʷʛʘʻ ʫ ʩʠʩʪʝʤʘʪʠʟʘʮʽʾ ʪʘ ʧʦʛʣʠʙʣʝʥʦʤʫ ʘʥʘʣʽʟʽ ʦʩʥʦʚʥʠʭ ʢʘʪʝʛʦʨʽʡ ʝʪʠʯʥʠʭ 

ʨʠʟʠʢʽʚ, ʟ ʷʢʠʤʠ ʩʪʠʢʘʶʪʴʩʷ ʫʩʽ ʫʯʘʩʥʠʢʠ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. ʎʝ ʧʝʨʝʜʙʘʯʘʻ ʥʝ ʧʨʦʩʪʦ ʧʝʨʝʣʽʢ 

ʟʘʛʨʦʟ, ʘ ʚʠʷʚʣʝʥʥʷ ʾʭʥʴʦʾ ʚʟʘʻʤʦʟʚ'ʷʟʢʫ ʪʘ ʢʫʤʫʣʷʪʠʚʥʦʛʦ ʝʬʝʢʪʫ, ʱʦ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʩʠʩʪʝʤʥʦʾ 

ʜʝʚʘʣʴʚʘʮʽʾ ʘʢʘʜʝʤʽʯʥʠʭ ʮʽʥʥʦʩʪʝʡ. 

ɼʨʫʛʝ ʟʘʚʜʘʥʥʷ ʟʦʩʝʨʝʜʞʝʥʝ ʥʘ ʢʨʠʪʠʯʥʦʤʫ ʦʮʽʥʶʚʘʥʥʽ ʥʘʷʚʥʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʧʨʦʪʠʜʽʾ 

ʥʝʛʘʪʠʚʥʠʤ ʥʘʩʣʽʜʢʘʤ, ʟʦʢʨʝʤʘ ʤʝʪʦʜʽʚ ʪʝʭʥʽʯʥʦʛʦ ʜʝʪʝʢʪʫʚʘʥʥʷ AI-ʛʝʥʝʨʦʚʘʥʦʛʦ ʢʦʥʪʝʥʪʫ. 

ɸʥʘʣʽʟ ʾʭ ʦʙʤʝʞʝʥʴ ʪʘ ʚʨʘʟʣʠʚʦʩʪʝʡ ʻ ʥʝʦʙʭʽʜʥʠʤ ʢʨʦʢʦʤ ʜʣʷ ʫʩʚʽʜʦʤʣʝʥʥʷ ʥʝʝʬʝʢʪʠʚʥʦʩʪʽ 

ʚʠʢʣʶʯʥʦ ʟʘʧʨʝʪʥʦ-ʢʦʥʪʨʦʣʴʥʦʛʦ ʧʽʜʭʦʜʫ ʪʘ ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʧʦʪʨʝʙʠ ʚ ʙʽʣʴʰ ʛʥʫʯʢʠʭ 

ʨʽʰʝʥʥʷʭ. 

ʊʨʝʪʻ ʟʘʚʜʘʥʥʷ ʩʧʨʷʤʦʚʘʥʝ ʥʘ ʨʦʟʨʦʙʢʫ ʢʦʥʢʨʝʪʥʠʭ ʧʨʦʧʦʟʠʮʽʡ ʱʦʜʦ ʪʨʘʥʩʬʦʨʤʘʮʽʾ 

ʥʘʚʯʘʣʴʥʦ-ʤʝʪʦʜʠʯʥʦʾ ʨʦʙʦʪʠ. ʋ ʤʝʞʘʭ ʮʴʦʛʦ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʫʻʪʴʩʷ, ʷʢ ʩʘʤʝ ʩʣʽʜ ʟʤʽʥʶʚʘʪʠ 

ʤʝʪʦʜʠ ʥʘʚʯʘʥʥʷ ʪʘ ʪʠʧʠ ʦʮʽʥʶʚʘʣʴʥʠʭ ʟʘʚʜʘʥʴ, ʱʦʙ ʨʦʟʚʠʚʘʪʠ ʚ ʩʪʫʜʝʥʪʽʚ ʢʨʠʪʠʯʥʝ 

ʤʠʩʣʝʥʥʷ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʝ ʩʪʘʚʣʝʥʥʷ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʡ, ʧʝʨʝʪʚʦʨʶʶʯʠ AI ʟ ʟʘʛʨʦʟʠ 

ʥʘ ʽʥʩʪʨʫʤʝʥʪ ʨʦʟʚʠʪʢʫ. 

ʏʝʪʚʝʨʪʝ ʟʘʚʜʘʥʥʷ ʧʦʣʷʛʘʻ ʫ ʬʦʨʤʫʚʘʥʥʽ ʢʦʥʪʫʨʽʚ ʽʥʩʪʠʪʫʮʽʡʥʦʾ ʧʦʣʽʪʠʢʠ ʘʢʘʜʝʤʽʯʥʦʾ 

ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʷʢʘ ʚʨʘʭʦʚʫʻ ʧʨʠʩʫʪʥʽʩʪʴ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI. ʎʝ ʧʝʨʝʜʙʘʯʘʻ ʧʦʩʪʘʥʦʚʢʫ ʧʠʪʘʥʥʷ 

ʧʨʦ ʥʝʦʙʭʽʜʥʽʩʪʴ ʩʪʚʦʨʝʥʥʷ ʚʥʫʪʨʽʰʥʽʭ ʢʦʜʝʢʩʽʚ, ʧʨʘʚʠʣ ʮʠʪʫʚʘʥʥʷ ʪʘ ʚʠʟʥʘʯʝʥʥʷ 

ʧʨʦʮʝʜʫʨʥʠʭ ʘʩʧʝʢʪʽʚ, ʱʦ ʨʝʛʫʣʶʶʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʫ ʥʘʚʯʘʣʴʥʽʡ ʪʘ 

ʥʘʫʢʦʚʽʡ ʜʽʷʣʴʥʦʩʪʽ. 

ɺʠʨʽʰʝʥʥʷ ʮʠʭ ʟʘʚʜʘʥʴ ʫ ʢʦʤʧʣʝʢʩʽ ʜʦʟʚʦʣʠʪʴ ʜʦʩʷʛʪʠ ʛʦʣʦʚʥʦʾ ʤʝʪʠ ð ʟʘʧʨʦʧʦʥʫʚʘʪʠ 

ʘʢʘʜʝʤʽʯʥʽʡ ʩʧʽʣʴʥʦʪʽ ʥʝ ʬʨʘʛʤʝʥʪʘʨʥʽ ʧʦʨʘʜʠ, ʘ ʩʠʩʪʝʤʥʫ ʤʦʜʝʣʴ ʜʽʡ, ʱʦ ʧʦʻʜʥʫʻ 

ʧʨʝʚʝʥʪʠʚʥʫ ʧʝʜʘʛʦʛʽʢʫ, ʦʙˇʨʫʥʪʦʚʘʥʫ ʧʦʣʽʪʠʢʫ ʪʘ ʨʦʟʚʠʪʦʢ ʥʦʚʠʭ ʥʘʚʠʯʦʢ, ʩʧʨʷʤʦʚʘʥʫ ʥʘ 

ʟʙʝʨʝʞʝʥʥʷ ʝʪʠʯʥʦʛʦ ʷʜʨʘ ʦʩʚʽʪʠ ʚ ʫʤʦʚʘʭ ʪʝʭʥʦʣʦʛʽʯʥʦʾ ʨʝʚʦʣʶʮʽʾ. 

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ. 

ʇʝʨʰʠʤ ʝʪʘʧʦʤ ʥʘʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʩʪʘʣʘ ʩʠʩʪʝʤʘʪʠʟʘʮʽʷ ʦʩʥʦʚʥʠʭ ʢʘʪʝʛʦʨʽʡ ʝʪʠʯʥʠʭ 

ʨʠʟʠʢʽʚ, ʱʦ ʚʠʥʠʢʘʶʪʴ ʚʥʘʩʣʽʜʦʢ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ 

ʘʢʘʜʝʤʽʯʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. ɸʥʘʣʽʟ ʧʦʢʘʟʘʚ, ʱʦ ʮʽ ʨʠʟʠʢʠ ʥʝ ʻ ʽʟʦʣʴʦʚʘʥʠʤʠ ʷʚʠʱʘʤʠ, ʘ 

ʫʪʚʦʨʶʶʪʴ ʩʢʣʘʜʥʫ ʩʠʩʪʝʤʫ ʚʟʘʻʤʦʧʦʚ'ʷʟʘʥʠʭ ʟʘʛʨʦʟ, ʷʢʽ ʧʦʩʠʣʶʶʪʴ ʦʜʥʘ ʦʜʥʫ, ʧʨʠʟʚʦʜʷʯʠ 

ʜʦ ʩʠʩʪʝʤʥʦʾ ʜʝʚʘʣʴʚʘʮʽʾ ʘʢʘʜʝʤʽʯʥʠʭ ʮʽʥʥʦʩʪʝʡ. 

ʎʶ ʚʟʘʻʤʦʟʚ'ʷʟʦʢ ʥʘʦʯʥʦ ʽʣʶʩʪʨʫʻ ʈʠʩʫʥʦʢ 1, ʷʢʠʡ ʜʝʤʦʥʩʪʨʫʻ ʮʠʢʣʽʯʥʫ ʧʨʠʨʦʜʫ 

ʚʧʣʠʚʫ ʝʪʠʯʥʠʭ ʨʠʟʠʢʽʚ. ɺʠʭʽʜʥʦʶ ʪʦʯʢʦʶ ʻ ʟʘʛʨʦʟʘ ʘʢʘʜʝʤʽʯʥʽʡ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʱʦ 

ʧʨʦʷʚʣʷʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʥʦʚʦʛʦ ʪʠʧʫ ʧʣʘʛʽʘʪʫ, ʢʦʣʠ AI-ʛʝʥʝʨʦʚʘʥʠʡ ʢʦʥʪʫʨ ʚʠʜʘʻʪʴʩʷ ʟʘ 

ʚʣʘʩʥʠʡ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʧʨʦʜʫʢʪ. ʎʝ ʧʽʜʨʠʚʘʻ ʩʘʤʫ ʦʩʥʦʚʫ ʥʘʫʢʦʚʦʛʦ ʩʧʽʣʢʫʚʘʥʥʷ, ʷʢʘ 

ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʜʦʚʽʨʽ ʜʦ ʘʚʪʦʨʩʪʚʘ ʪʘ ʦʨʠʛʽʥʘʣʴʥʦʩʪʽ. ʅʘʩʣʽʜʢʦʤ ʮʴʦʛʦ ʩʪʘʻ ʝʨʦʟʽʷ ʥʘʚʯʘʣʴʥʠʭ 

ʨʝʟʫʣʴʪʘʪʽʚ, ʦʩʢʽʣʴʢʠ ʩʪʫʜʝʥʪ, ʷʢʠʡ ʜʝʣʝʛʫʻ ʩʪʚʦʨʝʥʥʷ ʟʤʽʩʪʫ ʘʣʛʦʨʠʪʤʫ, ʫʥʠʢʘʻ ʥʝʦʙʭʽʜʥʠʭ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʟʫʩʠʣʴ. ʌʦʨʤʘʣʴʥʝ ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʥʷ ʙʝʟ ʨʝʘʣʴʥʦʛʦ ʟʘʩʚʦʻʥʥʷ ʟʥʘʥʴ ʚʝʜʝ 

ʜʦ ʘʪʨʦʬʽʾ ʢʦʛʥʽʪʠʚʥʠʭ ʥʘʚʠʯʦʢ, ʟʦʢʨʝʤʘ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ, ʘʥʘʣʽʟʫ ʪʘ ʩʠʥʪʝʟʫ ʽʥʬʦʨʤʘʮʽʾ. 

ɺʪʨʘʪʘ ʮʠʭ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʥʘʚʠʯʦʢ, ʫ ʩʚʦʶ ʯʝʨʛʫ, ʨʦʙʠʪʴ ʩʪʫʜʝʥʪʘ ʱʝ ʙʽʣʴʰ ʟʘʣʝʞʥʠʤ ʚʽʜ 

ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʜʣʷ ʚʠʨʽʰʝʥʥʷ ʩʢʣʘʜʥʠʭ ʟʘʚʜʘʥʴ, ʟʘʤʠʢʘʶʯʠ ʪʘʢʠʤ ʯʠʥʦʤ ʧʦʨʦʯʥʝ ʢʦʣʦ. 
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ʈʠʩʫʥʦʢ 1. ʎʠʢʣʽʯʥʘ ʤʦʜʝʣʴ ʚʟʘʻʤʦʟʚ'ʷʟʢʫ ʢʣʶʯʦʚʠʭ ʝʪʠʯʥʠʭ ʨʠʟʠʢʽʚ ʛʝʥʝʨʘʪʠʚʥʦʛʦ 

AI ʚ ʘʢʘʜʝʤʽʾ 

 

ʆʢʨʝʤʦʶ ʢʘʪʝʛʦʨʽʻʶ ʨʠʟʠʢʽʚ, ʱʦ ʧʦʩʠʣʶʻ ʚʩʽ ʽʥʰʽ, ʻ ʧʨʦʙʣʝʤʘ ʙʽʘʩʫ ʪʘ ʥʝʜʦʩʪʦʚʽʨʥʦʩʪʽ. 

ɻʝʥʝʨʘʪʠʚʥʽ ʤʦʜʝʣʽ, ʥʘʚʯʝʥʽ ʥʘ ʤʘʩʠʚʥʠʭ ʜʘʥʠʭ ʟ ɯʥʪʝʨʥʝʪʫ, ʫʩʧʘʜʢʦʚʫʶʪʴ ʪʘ ʚʽʜʪʚʦʨʶʶʪʴ 

ʩʦʮʽʘʣʴʥʽ, ʢʫʣʴʪʫʨʥʽ ʪʘ ʽʩʪʦʨʠʯʥʽ ʫʧʝʨʝʜʞʝʥʥʷ, ʧʨʠʩʫʪʥʽ ʚ ʮʠʭ ʜʘʥʠʭ. ʅʘʧʨʠʢʣʘʜ, ʫ ʚʽʜʧʦʚʽʜʽ 

ʥʘ ʟʘʧʠʪ ʱʦʜʦ ʽʩʪʦʨʢʠ ʨʦʟʚʠʪʢʫ ʥʘʫʢʠ ʤʦʜʝʣʴ ʤʦʞʝ ʩʠʩʪʝʤʘʪʠʯʥʦ ʧʝʨʝʦʮʽʥʶʚʘʪʠ ʚʥʝʩʦʢ 

ʜʦʩʣʽʜʥʠʢʽʚ ʦʜʥʽʻʾ ʩʪʘʪʽ ʯʠ ʢʫʣʴʪʫʨʠ, ʽʛʥʦʨʫʶʯʠ ʜʦʩʷʛʥʝʥʥʷ ʽʥʰʠʭ. ʎʝ ʥʝ ʣʠʰʝ ʧʦʰʠʨʶʻ 

ʦʙ'ʻʢʪʠʚʥʦ ʥʝʧʨʘʚʜʠʚʫ ʽʥʬʦʨʤʘʮʽʶ, ʘʣʝ ʡ ʢʦʥʩʝʨʚʫʻ ʰʢʽʜʣʠʚʽ ʩʪʝʨʝʦʪʠʧʠ, ʱʦ ʩʫʧʝʨʝʯʠʪʴ 

ʧʨʠʥʮʠʧʘʤ ʘʢʘʜʝʤʽʯʥʦʾ ʦʙ'ʻʢʪʠʚʥʦʩʪʽ ʪʘ ʽʥʢʣʶʟʠʚʥʦʩʪʽ. ɹʽʣʴʰ ʪʦʛʦ, ʟʜʘʪʥʽʩʪʴ AI ʜʦ 

"ʛʘʣʶʮʠʥʘʮʽʡ" ð ʩʪʚʦʨʝʥʥʷ ʧʨʘʚʜʦʧʦʜʽʙʥʦʾ, ʘʣʝ ʚʠʛʘʜʘʥʦʾ ʽʥʬʦʨʤʘʮʽʾ, ʚʢʣʶʯʘʶʯʠ ʥʝʽʩʥʫʶʯʽ 

ʥʘʫʢʦʚʽ ʜʞʝʨʝʣʘ, ð ʩʪʘʥʦʚʠʪʴ ʧʨʷʤʫ ʟʘʛʨʦʟʫ ʜʣʷ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʥʘʫʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ. 

ʉʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʠʡ ʚʠʤʽʨ ʧʨʦʙʣʝʤʠ ʧʨʦʷʚʣʷʻʪʴʩʷ ʚ ʧʦʛʣʠʙʣʝʥʥʽ ʥʝʨʽʚʥʦʩʪʽ. 

ɼʦʩʪʫʧ ʜʦ ʧʦʪʫʞʥʠʭ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ ʯʘʩʪʦ ʻ ʧʣʘʪʥʠʤ, ʱʦ ʩʪʚʦʨʶʻ ʫʤʦʚʠ ʜʣʷ ʧʦʷʚʠ 

ʥʦʚʦʛʦ ʪʠʧʫ ʮʠʬʨʦʚʦʛʦ ʨʦʟʨʠʚʫ. ʉʪʫʜʝʥʪʠ ʟ ʢʨʘʱʠʤ ʬʽʥʘʥʩʦʚʠʤ ʩʪʘʥʦʚʠʱʝʤ ʦʪʨʠʤʫʶʪʴ 

ʜʦʩʪʫʧ ʜʦ ʙʽʣʴʰ ʪʦʯʥʠʭ, ʰʚʠʜʢʠʭ ʪʘ ʬʫʥʢʮʽʦʥʘʣʴʥʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ, ʪʦʜʽ ʷʢ ʽʥʰʽ ʟʤʫʰʝʥʽ 

ʢʦʨʠʩʪʫʚʘʪʠʩʷ ʙʝʟʢʦʰʪʦʚʥʠʤʠ ʪʘ ʤʝʥʰ ʝʬʝʢʪʠʚʥʠʤʠ ʘʥʘʣʦʛʘʤʠ. ʎʷ ʜʠʩʧʨʦʧʦʨʮʽʷ ʥʝ ʪʽʣʴʢʠ 

ʧʦʨʫʰʫʻ ʧʨʠʥʮʠʧ ʨʽʚʥʠʭ ʦʩʚʽʪʥʽʭ ʤʦʞʣʠʚʦʩʪʝʡ, ʘʣʝ ʡ ʩʧʦʪʚʦʨʶʻ ʘʢʘʜʝʤʽʯʥʫ ʢʦʥʢʫʨʝʥʮʽʶ, ʜʝ 

ʫʩʧʽʭ ʧʦʯʠʥʘʻ ʟʘʣʝʞʘʪʠ ʥʝ ʩʪʽʣʴʢʠ ʚʽʜ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʟʫʩʠʣʴ, ʩʢʽʣʴʢʠ ʚʽʜ ʪʝʭʥʦʣʦʛʽʯʥʠʭ 

ʨʝʩʫʨʩʽʚ. 

ʂʫʤʫʣʷʪʠʚʥʠʡ ʝʬʝʢʪ ʚʽʜ ʦʧʠʩʘʥʠʭ ʨʠʟʠʢʽʚ ʚʝʜʝ ʜʦ ʩʠʩʪʝʤʥʦʾ ʜʝʚʘʣʴʚʘʮʽʾ ʘʢʘʜʝʤʽʯʥʠʭ 

ʮʽʥʥʦʩʪʝʡ. ʂʦʣʠ ʦʨʠʛʽʥʘʣʴʥʽʩʪʴ, ʢʨʠʪʠʯʥʝ ʤʠʩʣʝʥʥʷ ʪʘ ʩʧʨʘʚʝʜʣʠʚʽʩʪʴ ʧʦʩʪʫʧʘʶʪʴʩʷ ʤʽʩʮʝʤ 

ʘʣʛʦʨʠʪʤʽʯʥʽʡ ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʽʡ ʥʝʨʽʚʥʦʩʪʽ, ʘʢʘʜʝʤʽʯʥʘ ʩʠʩʪʝʤʘ ʚʪʨʘʯʘʻ ʩʚʦʶ 

ʣʝʛʽʪʠʤʥʽʩʪʴ ʷʢ ʽʥʩʪʠʪʫʮʽʷ ʟ ʚʠʨʦʙʣʝʥʥʷ ʪʘ ʧʝʨʝʜʘʯʽ ʜʦʩʪʦʚʽʨʥʠʭ ʟʥʘʥʴ. ʊʘʢʠʤ ʯʠʥʦʤ, 

ʧʨʝʜʩʪʘʚʣʝʥʘ ʩʠʩʪʝʤʘʪʠʟʘʮʽʷ ʜʦʟʚʦʣʷʻ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ, ʱʦ ʝʪʠʯʥʽ ʚʠʢʣʠʢʠ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI 
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ʻ ʥʝ ʩʫʢʫʧʥʽʩʪʶ ʦʢʨʝʤʠʭ ʧʨʦʙʣʝʤ, ʘ ʻʜʠʥʠʤ ʢʦʤʧʣʝʢʩʥʠʤ ʚʠʢʣʠʢʦʤ, ʱʦ ʚʠʤʘʛʘʻ ʪʘʢʦʛʦ ʞ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʪʘ ʩʠʩʪʝʤʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʡʦʛʦ ʚʠʨʽʰʝʥʥʷ. 

ɼʨʫʛʠʤ ʝʪʘʧʦʤ ʥʘʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʩʪʘʣʦ ʢʨʠʪʠʯʥʝ ʦʮʽʥʶʚʘʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʩʫʯʘʩʥʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʪʝʭʥʽʯʥʦʛʦ ʢʦʥʪʨʦʣʶ, ʟʦʢʨʝʤʘ ʩʠʩʪʝʤ ʜʝʪʝʢʮʽʾ AI-ʛʝʥʝʨʦʚʘʥʦʛʦ ʪʝʢʩʪʫ. 

ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʚʠʷʚʠʚ ʥʠʟʢʫ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʦʙʤʝʞʝʥʴ, ʱʦ ʩʪʘʚʣʷʪʴ ʧʽʜ ʩʫʤʥʽʚ 

ʜʦʮʽʣʴʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʠʢʣʶʯʥʦ ʟʘʧʨʝʪʥʦ-ʢʦʥʪʨʦʣʴʥʦʛʦ ʧʽʜʭʦʜʫ ʚ ʘʢʘʜʝʤʽʯʥʦʤʫ 

ʩʝʨʝʜʦʚʠʱʽ. 

ʆʩʥʦʚʥʠʤ ʦʙ'ʻʢʪʦʤ ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʩʪʫʧʠʣʠ ʧʦʧʫʣʷʨʥʽ ʩʝʨʚʽʩʠ ʧʝʨʝʚʽʨʢʠ ʪʝʢʩʪʫ, ʪʘʢʽ ʷʢ 

GPTZero, Originality.ai ʪʘ Turnitin AI Detector. ɸʥʘʣʽʟ ʾʭ ʨʦʙʦʪʠ ʧʦʢʘʟʘʚ, ʱʦ ʙʽʣʴʰʽʩʪʴ ʽʟ ʥʠʭ 

ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʚʠʷʚʣʝʥʥʽ ʩʪʘʪʠʩʪʠʯʥʠʭ ʘʥʦʤʘʣʽʡ ʫ ʪʝʢʩʪʽ, ʟʦʢʨʝʤʘ ʥʠʟʴʢʦʾ ʚʘʨʽʘʪʠʚʥʦʩʪʽ 

ʚʠʙʦʨʫ ʩʣʽʚ, ʧʝʨʝʜʙʘʯʫʚʘʥʠʭ ʩʠʥʪʘʢʩʠʯʥʠʭ ʩʪʨʫʢʪʫʨ ʪʘ ʨʽʚʥʦʤʽʨʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʝʥʪʨʦʧʽʾ. 

ʆʜʥʘʢ ʮʽ ʧʦʢʘʟʥʠʢʠ ʰʚʠʜʢʦ ʚʪʨʘʯʘʶʪʴ ʩʚʦʶ ʥʘʜʽʡʥʽʩʪʴ ʫ ʤʽʨʫ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʛʝʥʝʨʘʪʠʚʥʠʭ 

ʤʦʜʝʣʝʡ, ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ ʽʤʽʪʫʚʘʪʠ ʧʨʠʨʦʜʥʽʰʫ ʪʘ ʤʝʥʰ ʧʝʨʝʜʙʘʯʫʚʘʥʫ ʤʦʚʫ ʣʶʜʠʥʠ. 

ʅʠʞʯʝ ʧʨʝʜʩʪʘʚʣʝʥʘ ʪʘʙʣʠʮʷ 1, ʷʢʘ ʜʝʤʦʥʩʪʨʫʻ ʩʠʩʪʝʤʘʪʠʟʦʚʘʥʠʡ ʧʽʜʭʽʜ ʜʦ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʩʥʦʚʥʠʭ ʨʠʟʠʢʽʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʚ ʘʢʘʜʝʤʽʯʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

ʉʪʨʫʢʪʫʨʘ ʟ ʪʨʴʦʤʘ ʩʪʦʚʧʮʷʤʠ ʜʦʟʚʦʣʷʻ ʯʽʪʢʦ ʚʠʦʢʨʝʤʠʪʠ ʢʘʪʝʛʦʨʽʾ ʨʠʟʠʢʽʚ, ʾʭ ʩʫʪʥʽʩʥʽ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʪʘ ʢʦʥʢʨʝʪʥʽ ʥʘʩʣʽʜʢʠ ʜʣʷ ʦʩʚʽʪʥʴʦʛʦ ʧʨʦʮʝʩʫ. 

 

ʊʘʙʣʠʮʷ 1. ʆʩʥʦʚʥʽ ʨʠʟʠʢʠ ʪʘ ʥʘʩʣʽʜʢʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI 

ɻʨʫʧʘ ʨʠʟʠʢʽʚ ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ 
ʄʦʞʣʠʚʠʡ ʥʝʛʘʪʠʚʥʠʡ 

ʚʧʣʠʚ 

ɸʢʘʜʝʤʽʯʥʘ 

ʜʦʙʨʦʯʝʩʥʽʩʪʴ 

ɸʚʪʦʤʘʪʠʟʦʚʘʥʝ 

ʩʪʚʦʨʝʥʥʷ ʨʦʙʽʪ 
ɿʥʠʞʝʥʥʷ ʮʽʥʥʦʩʪʽ ʜʠʧʣʦʤʽʚ 

ʇʨʠʚʘʪʥʽʩʪʴ ɿʙʽʨ ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ 
ʇʦʨʫʰʝʥʥʷ GDPR, ʚʠʪʽʢ 

ʽʥʬʦʨʤʘʮʽʾ 

ɸʣʛʦʨʠʪʤʽʯʥʘ 

ʫʧʝʨʝʜʞʝʥʽʩʪʴ 
ʉʪʝʨʝʦʪʠʧʥʽ ʚʽʜʧʦʚʽʜʽ ɼʠʩʢʨʠʤʽʥʘʮʽʷ, ʥʝʪʦʯʥʦʩʪʽ 

ʄʦʪʠʚʘʮʽʡʥʽ ʨʠʟʠʢʠ ɿʘʣʝʞʥʽʩʪʴ ʚʽʜ ʧʽʜʢʘʟʦʢ 
ɺʪʨʘʪʘ ʥʘʚʠʯʦʢ ʢʨʠʪʠʯʥʦʛʦ 

ʤʠʩʣʝʥʥʷ 

 

ɼʝʪʘʣʴʥʠʡ ʘʥʘʣʽʟ ʟʘ ʢʘʪʝʛʦʨʽʷʤʠ: 
1. ɸʢʘʜʝʤʽʯʥʘ ʜʦʙʨʦʯʝʩʥʽʩʪʴ. ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ:ɸʚʪʦʤʘʪʠʟʦʚʘʥʝ ʩʪʚʦʨʝʥʥʷ ʨʦʙʽʪ 

ʚʢʘʟʫʻ ʥʘ ʬʫʥʜʘʤʝʥʪʘʣʴʥʫ ʧʨʦʙʣʝʤʫ ʜʝʣʝʛʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʜʽʷʣʴʥʦʩʪʽ ʘʣʛʦʨʠʪʤʘʤ. 

ʄʦʞʣʠʚʠʡ ʚʧʣʠʚ: ɿʥʠʞʝʥʥʷ ʮʽʥʥʦʩʪʽ ʜʠʧʣʦʤʽʚ ʚʽʜʦʙʨʘʞʘʻ ʩʠʩʪʝʤʥʫ ʟʘʛʨʦʟʫ ʜʣʷ ʚʩʽʻʾ ʦʩʚʽʪʥʴʦʾ 

ʩʠʩʪʝʤʠ, ʦʩʢʽʣʴʢʠ ʜʦʢʫʤʝʥʪʘʮʽʷ ʧʨʦ ʦʩʚʽʪʫ ʚʪʨʘʯʘʻ ʩʚʦʶ ʦʙ'ʻʢʪʠʚʥʽʩʪʴ ʷʢ ʽʥʜʠʢʘʪʦʨ ʨʝʘʣʴʥʠʭ 

ʟʥʘʥʴ ʪʘ ʥʘʚʠʯʦʢ. 

2. ʇʨʠʚʘʪʥʽʩʪʴ. ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ: ɿʙʽʨ ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ ʚʢʘʟʫʻ ʥʘ ʧʨʠʭʦʚʘʥʽ 

ʨʠʟʠʢʠ, ʧʦʚ'ʷʟʘʥʽ ʟ ʦʙʨʦʙʢʦʶ ʢʦʥʬʽʜʝʥʮʽʡʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʚ AI-ʩʠʩʪʝʤʘʭ. 

ʄʦʞʣʠʚʠʡ ʚʧʣʠʚ: ʇʦʨʫʰʝʥʥʷ GDPR ʪʘ ʚʠʪʽʢ ʽʥʬʦʨʤʘʮʽʾ ʤʘʶʪʴ ʥʝ ʣʠʰʝ ʝʪʠʯʥʠʡ, ʘʣʝ ʡ 

ʶʨʠʜʠʯʥʠʡ ʭʘʨʘʢʪʝʨ, ʱʦ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʩʝʨʡʦʟʥʠʭ ʧʨʘʚʦʚʠʭ ʥʘʩʣʽʜʢʽʚ ʜʣʷ ʥʘʚʯʘʣʴʥʠʭ 

ʟʘʢʣʘʜʽʚ. 

3. ɸʣʛʦʨʠʪʤʽʯʥʘ ʫʧʝʨʝʜʞʝʥʽʩʪʴ. ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ: ʉʪʝʨʝʦʪʠʧʥʽ ʚʽʜʧʦʚʽʜʽ 

ʨʦʟʢʨʠʚʘʶʪʴ ʧʨʦʙʣʝʤʫ ʫʩʧʘʜʢʫʚʘʥʥʷ ʪʘ ʚʽʜʪʚʦʨʝʥʥʷ AI ʩʫʩʧʽʣʴʥʠʭ ʫʧʝʨʝʜʞʝʥʴ. 

ʄʦʞʣʠʚʠʡ ʚʧʣʠʚ: ɼʠʩʢʨʠʤʽʥʘʮʽʷ ʪʘ ʥʝʪʦʯʥʦʩʪʽ ʩʪʚʦʨʶʶʪʴ ʨʠʟʠʢ ʧʦʰʠʨʝʥʥʷ ʦʙ'ʻʢʪʠʚʥʦ 

ʥʝʧʨʘʚʜʠʚʦʾ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʢʦʥʩʝʨʚʘʮʽʾ ʰʢʽʜʣʠʚʠʭ ʩʪʝʨʝʦʪʠʧʽʚ ʚ ʦʩʚʽʪʥʴʦʤʫ ʩʝʨʝʜʦʚʠʱʽ. 

4. ʄʦʪʠʚʘʮʽʡʥʽ ʨʠʟʠʢʠ. ʍʘʨʘʢʪʝʨʠʩʪʠʢʘ: ɿʘʣʝʞʥʽʩʪʴ ʚʽʜ ʧʽʜʢʘʟʦʢ ʚʽʜʦʙʨʘʞʘʻ 

ʧʩʠʭʦʣʦʛʽʯʥʠʡ ʘʩʧʝʢʪ ʚʟʘʻʤʦʜʽʾ ʟ AI. ʄʦʞʣʠʚʠʡ ʚʧʣʠʚ: ɺʪʨʘʪʘ ʥʘʚʠʯʦʢ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ 

ʚʢʘʟʫʻ ʥʘ ʥʘʡʙʽʣʴʰ ʥʝʙʝʟʧʝʯʥʠʡ ʜʦʚʛʦʩʪʨʦʢʦʚʠʡ ʥʘʩʣʽʜʦʢ - ʜʝʛʨʘʜʘʮʽʶ ʢʦʛʥʽʪʠʚʥʠʭ 

ʟʜʽʙʥʦʩʪʝʡ ʩʪʫʜʝʥʪʽʚ. 
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ʇʨʝʜʩʪʘʚʣʝʥʽ ʢʘʪʝʛʦʨʽʾ ʨʠʟʠʢʽʚ ʥʝ ʻ ʽʟʦʣʴʦʚʘʥʠʤʠ. ʅʘʧʨʠʢʣʘʜ, ʘʣʛʦʨʠʪʤʽʯʥʘ 

ʫʧʝʨʝʜʞʝʥʽʩʪʴ ʤʦʞʝ ʧʦʩʠʣʶʚʘʪʠ ʧʨʦʙʣʝʤʠ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʯʝʨʝʟ ʛʝʥʝʨʘʮʽʶ 

ʥʝʦʙ'ʻʢʪʠʚʥʦʛʦ ʢʦʥʪʝʥʪʫ, ʘ ʤʦʪʠʚʘʮʽʡʥʽ ʨʠʟʠʢʠ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʧʦʚ'ʷʟʘʥʽ ʟʽ ʟʥʠʞʝʥʥʷʤ ʷʢʦʩʪʽ 

ʥʘʚʯʘʣʴʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. 

ʊʘʙʣʠʮʷ ʝʬʝʢʪʠʚʥʦ ʩʪʨʫʢʪʫʨʫʻ ʢʣʶʯʦʚʽ ʧʨʦʙʣʝʤʠ, ʱʦ ʜʦʟʚʦʣʷʻ ʨʦʟʨʦʙʠʪʠ 

ʮʽʣʝʩʧʨʷʤʦʚʘʥʽ ʩʪʨʘʪʝʛʽʾ ʾʭ ʚʠʨʽʰʝʥʥʷ. ʂʦʞʝʥ ʟ ʚʠʟʥʘʯʝʥʠʭ ʨʠʟʠʢʽʚ ʚʠʤʘʛʘʻ ʦʢʨʝʤʠʭ ʟʘʭʦʜʽʚ 

ʧʨʦʬʽʣʘʢʪʠʢʠ - ʚʽʜ ʪʝʭʥʽʯʥʦʛʦ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʩʠʩʪʝʤ ʜʝʪʝʢʮʽʾ AI-ʢʦʥʪʝʥʪʫ ʜʦ ʨʦʟʨʦʙʢʠ 

ʝʪʠʯʥʠʭ ʢʦʜʝʢʩʽʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʦʩʚʽʪʥʽʡ ʜʽʷʣʴʥʦʩʪʽ. ʂʦʤʧʣʝʢʩʥʠʡ ʧʽʜʭʽʜ 

ʜʦ ʤʽʥʽʤʽʟʘʮʽʾ ʮʠʭ ʨʠʟʠʢʽʚ ʤʘʻ ʚʢʣʶʯʘʪʠ ʷʢ ʪʝʭʥʦʣʦʛʽʯʥʽ ʨʽʰʝʥʥʷ, ʪʘʢ ʽ ʧʝʜʘʛʦʛʽʯʥʽ ʽʥʥʦʚʘʮʽʾ 

ʪʘ ʦʨʛʘʥʽʟʘʮʽʡʥʽ ʟʤʽʥʠ ʚ ʘʢʘʜʝʤʽʯʥʠʭ ʫʩʪʘʥʦʚʘʭ. 

ʂʨʽʤ ʪʦʛʦ, ʽʩʥʫʻ ʧʨʠʥʮʠʧʦʚʘ ʧʨʦʙʣʝʤʘ çʛʦʥʢʠ ʦʟʙʨʦʻʥʴè ʤʽʞ ʨʦʟʨʦʙʥʠʢʘʤʠ ʜʝʪʝʢʪʦʨʽʚ 

ʪʘ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ. ʂʦʞʥʝ ʥʦʚʝ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʜʝʪʝʢʪʦʨʘ ʰʚʠʜʢʦ ʢʦʤʧʝʥʩʫʻʪʴʩʷ 

ʚʽʜʧʦʚʽʜʥʠʤ ʧʦʢʨʘʱʝʥʥʷʤ ʛʝʥʝʨʘʪʠʚʥʠʭ ʘʣʛʦʨʠʪʤʽʚ. ʅʘʧʨʠʢʣʘʜ, ʩʫʯʘʩʥʽ ʤʝʪʦʜʠ çʚʙʠʚʩʪʚʘè 

ʜʝʪʝʢʪʦʨʽʚ, ʪʘʢʽ ʷʢ ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʝʨʧʣʝʢʩʽʾ ʪʘ ʚʠʙʫʭʫ, ʜʦʟʚʦʣʷʶʪʴ ʝʬʝʢʪʠʚʥʦ ʦʙʭʦʜʠʪʠ 

ʙʽʣʴʰʽʩʪʴ ʩʠʩʪʝʤ ʧʝʨʝʚʽʨʢʠ. ʎʷ ʜʠʥʘʤʽʢʘ ʨʦʙʠʪʴ ʪʝʭʥʦʣʦʛʽʯʥʝ ʧʨʦʪʠʩʪʦʷʥʥʷ ʚ ʧʝʨʩʧʝʢʪʠʚʽ 

ʙʝʟʧʝʨʩʧʝʢʪʠʚʥʠʤ ʽ ʨʝʩʫʨʩʦʟʘʪʨʘʪʥʠʤ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʜʦʟʚʦʣʷʶʪʴ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ, ʱʦ ʧʦʢʣʘʜʘʥʥʷ ʚʠʢʣʶʯʥʦ ʥʘ 

ʪʝʭʥʽʯʥʽ ʟʘʩʦʙʠ ʜʝʪʝʢʮʽʾ ʻ ʩʪʨʘʪʝʛʽʯʥʦʶ ʧʦʤʠʣʢʦʶ. ɽʬʝʢʪʠʚʥʠʡ ʧʽʜʭʽʜ ʤʘʻ ʧʦʻʜʥʫʚʘʪʠ 

ʦʙʤʝʞʝʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʷʢ ʜʦʧʦʤʽʞʥʦʛʦ ʤʝʭʘʥʽʟʤʫ ʟ ʬʫʥʜʘʤʝʥʪʘʣʴʥʦʶ 

ʧʝʨʝʦʨʽʻʥʪʘʮʽʻʶ ʥʘ ʧʝʜʘʛʦʛʽʯʥʽ ʪʘ ʧʨʦʘʢʪʠʚʥʽ ʩʪʨʘʪʝʛʽʾ, ʱʦ ʨʦʟʚʠʚʘʶʪʴ ʚʥʫʪʨʽʰʥʶ ʤʦʪʠʚʘʮʽʶ 

ʜʦ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ ʪʘ ʢʨʠʪʠʯʥʦʛʦ ʩʪʘʚʣʝʥʥʷ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ AI-ʽʥʩʪʨʫʤʝʥʪʽʚ. 

ʊʨʝʪʽʡ ʝʪʘʧ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʚ ʧʨʠʩʚʷʯʝʥʠʡ ʨʦʟʨʦʙʮʽ ʢʦʥʢʨʝʪʥʠʭ ʧʨʦʧʦʟʠʮʽʡ ʱʦʜʦ 

ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʥʘʚʯʘʣʴʥʦ-ʤʝʪʦʜʠʯʥʦʾ ʨʦʙʦʪʠ. ʂʣʶʯʦʚʦʶ ʽʜʝʻʶ, ʱʦ ʣʷʛʣʘ ʚ ʦʩʥʦʚʫ ʮʠʭ 

ʧʨʦʧʦʟʠʮʽʡ, ʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʝʨʝʭʦʜʫ ʚʽʜ ʧʘʩʠʚʥʦʛʦ ʩʧʨʠʡʥʷʪʪʷ AI ʷʢ ʟʘʛʨʦʟʠ ʜʦ ʡʦʛʦ ʘʢʪʠʚʥʦʛʦ 

ʽʥʪʝʛʨʫʚʘʥʥʷ ʷʢ ʽʥʩʪʨʫʤʝʥʪʫ ʨʦʟʚʠʪʢʫ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʽ. 

ʆʜʥʽʻʶ ʟ ʥʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʭ ʩʪʨʘʪʝʛʽʡ ʚʠʷʚʣʷʻʪʴʩʷ ʧʝʨʝʦʨʽʻʥʪʘʮʽʷ ʦʮʽʥʶʚʘʣʴʥʠʭ 

ʧʨʦʮʝʜʫʨ ʟ ʬʽʥʘʣʴʥʦʛʦ ʧʨʦʜʫʢʪʫ ʥʘ ʧʨʦʮʝʩ ʡʦʛʦ ʩʪʚʦʨʝʥʥʷ. ʊʨʘʜʠʮʽʡʥʽ ʝʩʝ ʯʠ ʨʝʬʝʨʘʪʠ, ʱʦ 

ʣʝʛʢʦ ʛʝʥʝʨʫʶʪʴʩʷ AI, ʤʘʶʪʴ ʙʫʪʠ ʟʘʤʽʥʝʥʽ ʥʘ ʟʘʚʜʘʥʥʷ, ʱʦ ʚʠʤʘʛʘʶʪʴ ʜʝʤʦʥʩʪʨʘʮʽʾ 

ʧʨʦʤʽʞʥʠʭ ʝʪʘʧʽʚ ʨʦʙʦʪʠ. ʅʘʧʨʠʢʣʘʜ, ʟʘʤʽʩʪʴ ʦʮʽʥʶʚʘʥʥʷ ʛʦʪʦʚʦʛʦ ʜʦʩʣʽʜʥʠʮʴʢʦʛʦ ʧʨʦʝʢʪʫ, 

ʜʦʮʽʣʴʥʦ ʘʥʘʣʽʟʫʚʘʪʠ ʱʦʜʝʥʥʠʢ ʜʦʩʣʽʜʞʝʥʥʷ, ʜʝ ʩʪʫʜʝʥʪ ʬʽʢʩʫʻ ʩʚʦʾ ʧʦʰʫʢʦʚʽ ʟʘʧʠʪʠ ʜʦ AI, 

ʦʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ, ʾʭʥʶ ʢʨʠʪʠʯʥʫ ʧʝʨʝʚʽʨʢʫ ʪʘ ʽʥʪʝʛʨʘʮʽʶ ʟ ʽʥʰʠʤʠ ʜʞʝʨʝʣʘʤʠ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʥʝ ʣʠʰʝ ʫʥʠʢʥʫʪʠ ʥʝʘʚʪʦʨʩʴʢʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʾ, ʘʣʝ ʡ ʩʬʦʨʤʫʚʘʪʠ ʚ ʩʪʫʜʝʥʪʘ 

ʥʘʚʠʯʢʠ ʨʝʬʣʝʢʩʠʚʥʦʛʦ ʪʘ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʩʪʘʚʣʝʥʥʷ ʜʦ ʦʪʨʠʤʘʥʦʾ ʽʥʬʦʨʤʘʮʽʾ. 

ɯʥʰʠʤ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʦʤ ʻ ʨʦʟʨʦʙʢʘ ʟʘʚʜʘʥʴ, ʱʦ ʙʘʟʫʶʪʴʩʷ ʥʘ 

ʧʝʨʩʦʥʽʬʽʢʦʚʘʥʦʤʫ ʜʦʩʚʽʜʽ ʪʘ ʘʢʪʫʘʣʴʥʦʤʫ ʢʦʥʪʝʢʩʪʽ. ɻʝʥʝʨʘʪʠʚʥʠʡ AI ʜʝʤʦʥʩʪʨʫʻ ʟʥʘʯʥʦ 

ʤʝʥʰʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠ ʨʦʙʦʪʽ ʟ ʦʩʦʙʠʩʪʠʤʠ ʨʝʬʣʝʢʩʽʷʤʠ, ʣʦʢʘʣʴʥʠʤʠ (case studies) ʘʙʦ 

ʩʠʪʫʘʮʽʷʤʠ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʝʤʦʮʽʡʥʦʛʦ ʚʽʜʛʫʢʫ. ʊʘʢʠʤ ʯʠʥʦʤ, ʟʘʚʜʘʥʥʷ, ʱʦ ʩʪʦʩʫʶʪʴʩʷ 

ʘʥʘʣʽʟʫ ʚʣʘʩʥʦʛʦ ʧʨʦʬʝʩʽʡʥʦʛʦ ʜʦʩʚʽʜʫ, ʨʦʟʚ'ʷʟʘʥʥʷ ʧʨʦʙʣʝʤ ʢʦʥʢʨʝʪʥʦʾ ʫʢʨʘʾʥʩʴʢʦʾ ʛʨʦʤʘʜʠ 

ʯʠ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʦʩʪʘʥʥʽʭ ʧʦʜʽʡ, ʩʪʘʶʪʴ ʧʨʠʨʦʜʥʠʤ ʙʘʨ'ʻʨʦʤ ʜʣʷ ʥʝʢʨʠʪʠʯʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ 

AI ʽ ʚʦʜʥʦʯʘʩ ʨʦʟʚʠʚʘʶʪʴ ʫ ʩʪʫʜʝʥʪʽʚ ʫʥʽʢʘʣʴʥʽ ʢʦʤʧʝʪʝʥʪʥʦʩʪʽ, ʥʝʜʦʩʪʫʧʥʽ ʘʣʛʦʨʠʪʤʘʤ. 

ɺʘʞʣʠʚʠʤ ʝʣʝʤʝʥʪʦʤ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʻ ʽʥʪʝʛʨʘʮʽʷ AI ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚ ʥʘʚʯʘʣʴʥʠʡ 

ʧʨʦʮʝʩ ʫ ʷʢʦʩʪʽ "ʦʧʦʥʝʥʪʘ" ʯʠ "ʧʦʤʽʯʥʠʢʘ". ɿʘʤʽʩʪʴ ʟʘʙʦʨʦʥʠ, ʚʠʢʣʘʜʘʯ ʤʦʞʝ ʬʦʨʤʫʚʘʪʠ 

ʟʘʚʜʘʥʥʷ, ʱʦ ʧʝʨʝʜʙʘʯʘʶʪʴ ʩʚʽʜʦʤʝ ʚʠʢʦʨʠʩʪʘʥʥʷ AI ʜʣʷ ʤʦʟʢʦʚʦʛʦ ʰʪʫʨʤʫ ʟ ʧʦʜʘʣʴʰʠʤ 

ʢʨʠʪʠʯʥʠʤ ʘʥʘʣʽʟʦʤ ʦʪʨʠʤʘʥʠʭ ʚʽʜ ʥʴʦʛʦ ʧʨʦʧʦʟʠʮʽʡ. ʉʪʫʜʝʥʪʘʤ ʤʦʞʥʘ ʟʘʧʨʦʧʦʥʫʚʘʪʠ 

ʧʦʨʽʚʥʷʪʠ ʪʝʢʩʪʠ, ʥʘʧʠʩʘʥʽ ʣʶʜʠʥʦʶ ʪʘ AI ʥʘ ʪʫ ʩʘʤʫ ʪʝʤʫ, ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʦʟʥʘʢʠ 

ʘʣʛʦʨʠʪʤʽʯʥʦʛʦ ʧʦʭʦʜʞʝʥʥʷ ʪʘ ʦʮʽʥʠʪʠ ʛʣʠʙʠʥʫ ʪʘ ʦʨʠʛʽʥʘʣʴʥʽʩʪʴ ʘʥʘʣʽʟʫ. ʊʘʢʘ ʧʨʘʢʪʠʢʘ 

ʧʝʨʝʪʚʦʨʶʻ ʘʙʩʪʨʘʢʪʥʫ ʟʘʛʨʦʟʫ ʥʘ ʢʦʥʢʨʝʪʥʠʡ ʦʙ'ʻʢʪ ʜʣʷ ʢʨʠʪʠʯʥʦʛʦ ʦʩʤʠʩʣʝʥʥʷ, ʨʦʟʚʠʚʘʶʯʠ 

ʚ ʩʪʫʜʝʥʪʽʚ "AI-ʛʨʘʤʦʪʥʽʩʪʴ". 

ʏʝʪʚʝʨʪʠʡ ʝʪʘʧ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʚ ʧʨʠʩʚʷʯʝʥʠʡ ʨʦʟʨʦʙʮʽ ʢʦʥʪʫʨʽʚ ʽʥʩʪʠʪʫʮʽʡʥʦʾ 

ʧʦʣʽʪʠʢʠ, ʩʧʨʷʤʦʚʘʥʦʾ ʥʘ ʽʥʪʝʛʨʘʮʽʶ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ ʘʢʘʜʝʤʽʯʥʠʡ ʧʨʦʩʪʽʨ 

ʥʘ ʟʘʩʘʜʘʭ ʜʦʙʨʦʯʝʩʥʦʩʪʽ. ɸʥʘʣʽʟ ʧʦʢʘʟʘʚ, ʱʦ ʙʝʟ ʯʽʪʢʠʭ ʚʥʫʪʨʽʰʥʽʭ ʥʦʨʤʘʪʠʚʥʠʭ ʜʦʢʫʤʝʥʪʽʚ, 

ʫʩʽ ʽʥʰʽ ʟʘʭʦʜʠ ʤʘʪʠʤʫʪʴ ʬʨʘʛʤʝʥʪʘʨʥʠʡ ʪʘ ʥʝʝʬʝʢʪʠʚʥʠʡ ʭʘʨʘʢʪʝʨ. ʂʣʶʯʦʚʠʤ ʨʝʟʫʣʴʪʘʪʦʤ 
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ʮʴʦʛʦ ʝʪʘʧʫ ʩʪʘʣʘ ʢʦʤʧʣʝʢʩʥʘ ʤʦʜʝʣʴ ʽʥʩʪʠʪʫʮʽʡʥʦʛʦ ʨʝʛʫʣʶʚʘʥʥʷ, ʱʦ ʦʭʦʧʣʶʻ ʪʨʠ 

ʚʟʘʻʤʦʧʦʚ'ʷʟʘʥʽ ʨʽʚʥʽ: ʥʦʨʤʘʪʠʚʥʠʡ, ʧʨʦʮʝʜʫʨʥʠʡ ʪʘ ʢʫʣʴʪʫʨʥʠʡ. 

ʅʘ ʥʦʨʤʘʪʠʚʥʦʤʫ ʨʽʚʥʽ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʤ ʢʨʦʢʦʤ ʻ ʨʦʟʨʦʙʢʘ ʪʘ ʟʘʪʚʝʨʜʞʝʥʥʷ ʦʢʨʝʤʦʛʦ 

ʨʦʟʜʽʣʫ ʚ ʽʩʥʫʶʯʦʤʫ ʂʦʜʝʢʩʽ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʧʨʠʩʚʷʯʝʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʶ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʎʝʡ ʜʦʢʫʤʝʥʪ ʤʘʻ ʤʽʩʪʠʪʠ ʥʝ ʟʘʙʦʨʦʥʶʚʘʣʴʥʽ, ʘ ʜʠʬʝʨʝʥʮʽʡʦʚʘʥʽ 

ʧʦʣʦʞʝʥʥʷ, ʱʦ ʯʽʪʢʦ ʨʦʟʤʝʞʦʚʫʶʪʴ ʜʦʧʫʩʪʠʤʝ ʪʘ ʥʝʜʦʧʫʩʪʠʤʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʦʣʦʛʽʾ. 

ɿʦʢʨʝʤʘ, ʧʦʣʽʪʠʢʘ ʤʘʻ ʧʝʨʝʜʙʘʯʘʪʠ ʦʙʦʚ'ʷʟʢʦʚʝ ʮʠʪʫʚʘʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʟʘ 

ʘʥʘʣʦʛʽʻʶ ʟ ʽʥʰʠʤʠ ʜʞʝʨʝʣʘʤʠ. ʅʘʤʠ ʙʫʣʦ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʟʨʘʟʦʢ ʪʘʢʦʛʦ ʮʠʪʫʚʘʥʥʷ, ʱʦ 

ʚʢʣʶʯʘʻ ʥʘʟʚʫ ʤʦʜʝʣʽ, ʚʝʨʩʽʶ, ʨʦʟʨʦʙʥʠʢʘ ʪʘ ʜʘʪʫ ʟʚʝʨʥʝʥʥʷ ʜʦ ʩʠʩʪʝʤʠ. ʎʝ ʥʝ ʣʠʰʝ 

ʟʘʙʝʟʧʝʯʫʻ ʧʨʦʟʦʨʽʩʪʴ, ʘʣʝ ʡ ʚʠʭʦʚʫʻ ʚ ʩʪʫʜʝʥʪʘʭ ʚʽʜʧʦʚʽʜʘʣʴʥʝ ʩʪʘʚʣʝʥʥʷ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʮʠʬʨʦʚʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ. 

ʇʨʦʮʝʜʫʨʥʠʡ ʨʽʚʝʥʴ ʧʝʨʝʜʙʘʯʘʻ ʩʪʚʦʨʝʥʥʷ ʧʨʘʢʪʠʯʥʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʽʤʧʣʝʤʝʥʪʘʮʽʾ 

ʟʘʟʥʘʯʝʥʦʾ ʧʦʣʽʪʠʢʠ. ɼʣʷ ʮʴʦʛʦ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʨʦʟʨʦʙʠʪʠ ʪʠʧʦʚʽ ʩʮʝʥʘʨʽʾ ʚʠʢʦʨʠʩʪʘʥʥʷ AI ʜʣʷ 

ʨʽʟʥʠʭ ʪʠʧʽʚ ʥʘʚʯʘʣʴʥʦʾ ʜʽʷʣʴʥʦʩʪʽ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʘʜʘʧʪʦʚʘʥʽ ʦʢʨʝʤʠʤʠ ʢʘʬʝʜʨʘʤʠ. ʎʽ 

ʩʮʝʥʘʨʽʾ ʚʠʟʥʘʯʘʶʪʴ, ʥʘʧʨʠʢʣʘʜ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ AI ʜʣʷ ʧʦʰʫʢʫ ʽʜʝʡ ʻ ʣʝʛʽʪʠʤʥʠʤ, ʪʦʜʽ ʷʢ 

ʛʝʥʝʨʘʮʽʷ ʧʦʚʥʦʛʦ ʪʝʢʩʪʫ ʢʫʨʩʦʚʦʾ ʨʦʙʦʪʠ ï ʥʝʧʨʠʡʥʷʪʥʠʤ. 

ɺʀʉʅʆɺʂʀ. 

ɻʝʥʝʨʘʪʠʚʥʠʡ AI ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʽʥʥʦʚʘʮʽʡ ʫ ʥʘʚʯʘʥʥʽ ʪʘ ʥʘʫʢʦʚʽʡ 

ʜʽʷʣʴʥʦʩʪʽ, ʧʨʦʪʝ ʩʪʚʦʨʶʻ ʟʥʘʯʥʽ ʝʪʠʯʥʽ ʚʠʢʣʠʢʠ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʩʠʩʪʝʤʥʦʛʦ ʧʽʜʭʦʜʫ. ɸʥʘʣʽʟ 

ʜʦʟʚʦʣʠʚ ʚʠʦʢʨʝʤʠʪʠ ʢʣʶʯʦʚʽ ʨʠʟʠʢʠ ʫ ʩʬʝʨʘʭ ʘʢʘʜʝʤʽʯʥʦʾ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʧʨʠʚʘʪʥʦʩʪʽ, 

ʘʣʛʦʨʠʪʤʽʯʥʦʾ ʩʧʨʘʚʝʜʣʠʚʦʩʪʽ ʪʘ ʧʩʠʭʦʣʦʛʽʯʥʦʾ ʙʝʟʧʝʢʠ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʝʪʠʯʥʦʾ 

ʚʟʘʻʤʦʜʽʾ ʤʽʞ ʢʦʨʠʩʪʫʚʘʯʝʤ, ʪʝʭʥʦʣʦʛʽʻʶ ʪʘ ʽʥʩʪʠʪʫʮʽʻʶ, ʘ ʪʘʢʦʞ ʧʨʘʢʪʠʯʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ 

ʱʦʜʦ ʤʽʥʽʤʽʟʘʮʽʾ ʨʠʟʠʢʽʚ. ɿʘʙʝʟʧʝʯʝʥʥʷ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʝʥʝʨʘʪʠʚʥʦʛʦ AI ʻ 

ʥʝʦʙʭʽʜʥʦʶ ʫʤʦʚʦʶ ʩʪʘʙʽʣʴʥʦʛʦ ʨʦʟʚʠʪʢʫ ʩʫʯʘʩʥʦʾ ʦʩʚʽʪʠ ʪʘ ʥʘʫʢʠ. 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʝʪʠʯʥʠʭ ʚʠʢʣʠʢʽʚ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ 

ʘʢʘʜʝʤʽʯʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ ʜʦʟʚʦʣʠʣʦ ʦʪʨʠʤʘʪʠ ʥʠʟʢʫ ʢʣʶʯʦʚʠʭ ʨʝʟʫʣʴʪʘʪʽʚ, ʱʦ ʤʘʶʪʴ 

ʪʝʦʨʝʪʠʯʥʝ ʪʘ ʧʨʘʢʪʠʯʥʝ ʟʥʘʯʝʥʥʷ. ɺʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʝʪʠʯʥʽ ʨʠʟʠʢʠ ʫʪʚʦʨʶʶʪʴ ʩʠʩʪʝʤʥʫ 

ʚʟʘʻʤʦʧʦʚ'ʷʟʘʥʫ ʩʪʨʫʢʪʫʨʫ, ʜʝ ʟʘʛʨʦʟʠ ʘʢʘʜʝʤʽʯʥʽʡ ʜʦʙʨʦʯʝʩʥʦʩʪʽ, ʝʨʦʟʽʷ ʥʘʚʯʘʣʴʥʠʭ 

ʨʝʟʫʣʴʪʘʪʽʚ, ʘʪʨʦʬʽʷ ʢʦʛʥʽʪʠʚʥʠʭ ʥʘʚʠʯʦʢ ʪʘ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʘ ʥʝʨʽʚʥʽʩʪʴ ʧʦʩʠʣʶʶʪʴ ʦʜʥʘ 

ʦʜʥʫ, ʩʪʚʦʨʶʶʯʠ ʮʠʢʣʽʯʥʫ ʤʦʜʝʣʴ ʥʝʛʘʪʠʚʥʦʛʦ ʚʧʣʠʚʫ. ʎʝ ʧʽʜʪʚʝʨʜʞʫʻ ʥʝʦʙʭʽʜʥʽʩʪʴ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤʠ. 

ʂʨʠʪʠʯʥʠʡ ʘʥʘʣʽʟ ʽʥʩʪʨʫʤʝʥʪʽʚ ʪʝʭʥʽʯʥʦʛʦ ʜʝʪʝʢʪʫʚʘʥʥʷ AI-ʛʝʥʝʨʦʚʘʥʦʛʦ ʢʦʥʪʝʥʪʫ 

ʚʠʷʚʠʚ ʾʭ ʧʨʠʥʮʠʧʦʚʽ ʦʙʤʝʞʝʥʥʷ, ʟʦʢʨʝʤʘ ʥʠʟʴʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʱʦʜʦ ʛʽʙʨʠʜʥʠʭ ʪʝʢʩʪʽʚ ʪʘ 

ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ ʭʠʙʥʦʧʦʟʠʪʠʚʥʠʭ ʩʧʨʘʮʴʦʚʫʚʘʥʴ. ʎʝ ʜʦʚʦʜʠʪʴ ʥʝʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʣʶʯʥʦ 

ʟʘʙʦʨʦʥʥʦ-ʢʦʥʪʨʦʣʴʥʦʛʦ ʧʽʜʭʦʜʫ ʪʘ ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʦʰʫʢʫ ʘʣʴʪʝʨʥʘʪʠʚʥʠʭ ʨʽʰʝʥʴ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ ʧʽʜʪʚʝʨʜʞʝʥʦ, ʱʦ ʪʨʘʥʩʬʦʨʤʘʮʽʷ ʥʘʚʯʘʣʴʥʦ-ʤʝʪʦʜʠʯʥʦʾ ʨʦʙʦʪʠ ʰʣʷʭʦʤ 

ʧʝʨʝʦʨʽʻʥʪʘʮʽʾ ʥʘ ʧʨʦʮʝʩ, ʘ ʥʝ ʧʨʦʜʫʢʪ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʧʝʨʩʦʥʽʬʽʢʦʚʘʥʠʭ ʟʘʚʜʘʥʴ ʪʘ ʽʥʪʝʛʨʘʮʽʾ 

AI ʷʢ ʽʥʩʪʨʫʤʝʥʪʫ ʢʨʠʪʠʯʥʦʛʦ ʘʥʘʣʽʟʫ ʻ ʝʬʝʢʪʠʚʥʠʤ ʰʣʷʭʦʤ ʨʦʟʚʠʪʢʫ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ 

ʩʪʘʚʣʝʥʥʷ ʜʦ ʪʝʭʥʦʣʦʛʽʾ. 

ʈʦʟʨʦʙʣʝʥʦ ʙʘʛʘʪʦʨʽʚʥʝʚʫ ʤʦʜʝʣʴ ʽʥʩʪʠʪʫʮʽʡʥʦʾ ʧʦʣʽʪʠʢʠ, ʱʦ ʧʦʻʜʥʫʻ ʥʦʨʤʘʪʠʚʥʝ 

ʨʝʛʫʣʶʚʘʥʥʷ, ʧʨʦʮʝʜʫʨʥʽ ʤʝʭʘʥʽʟʤʠ ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʩʧʽʣʴʥʦʾ ʢʫʣʴʪʫʨʠ ʜʦʙʨʦʯʝʩʥʦʩʪʽ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʢʦʥʢʨʝʪʥʽ ʽʥʩʪʨʫʤʝʥʪʠ, ʪʘʢʽ ʜʠʬʝʨʝʥʮʽʡʦʚʘʥʽ ʧʨʘʚʠʣʘ ʚʠʢʦʨʠʩʪʘʥʥʷ, ʟʨʘʟʢʠ 

ʮʠʪʫʚʘʥʥʷ AI-ʜʞʝʨʝʣ ʪʘ ʤʝʭʘʥʽʟʤʠ ʚʽʜʢʨʠʪʦʛʦ ʦʙʛʦʚʦʨʝʥʥʷ ʝʪʠʯʥʠʭ ʜʠʣʝʤ. ɸʧʨʦʙʘʮʽʷ ʮʽʻʾ 

ʤʦʜʝʣʽ ʧʦʢʘʟʘʣʘ ʚʠʩʦʢʫ ʛʦʪʦʚʥʽʩʪʴ ʘʢʘʜʝʤʽʯʥʦʾ ʩʧʽʣʴʥʦʪʠ ʜʦ ʾʾ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʤʘʶʪʴ ʚʘʞʣʠʚʝ ʟʥʘʯʝʥʥʷ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ ʘʢʘʜʝʤʽʯʥʦʾ 

ʝʪʠʢʠ ʚ ʫʤʦʚʘʭ ʮʠʬʨʦʚʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ. ɺʦʥʠ ʩʚʽʜʯʘʪʴ, ʱʦ ʰʣʷʭʦʤ ʧʦʻʜʥʘʥʥʷ ʧʝʜʘʛʦʛʽʯʥʠʭ 

ʽʥʥʦʚʘʮʽʡ ʪʘ ʽʥʩʪʠʪʫʮʽʡʥʠʭ ʨʽʰʝʥʴ ʤʦʞʣʠʚʦ ʥʝ ʣʠʰʝ ʤʽʥʽʤʽʟʫʚʘʪʠ ʨʠʟʠʢʠ, ʘʣʝ ʡ ʧʝʨʝʪʚʦʨʠʪʠ 

ʛʝʥʝʨʘʪʠʚʥʠʡ AI ʥʘ ʧʦʪʫʞʥʠʡ ʽʥʩʪʨʫʤʝʥʪ ʨʦʟʚʠʪʢʫ ʢʨʠʪʠʯʥʦʛʦ ʤʠʩʣʝʥʥʷ ʪʘ ʬʦʨʤʫʚʘʥʥʷ 

ʥʦʚʠʭ ʘʢʘʜʝʤʽʯʥʠʭ ʢʦʤʧʝʪʝʥʪʥʦʩʪʝʡ. ʇʝʨʩʧʝʢʪʠʚʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʧʦʣʷʛʘʶʪʴ ʫ 

ʨʦʟʨʦʙʮʽ ʢʦʥʢʨʝʪʥʠʭ ʤʝʪʦʜʠʢ ʦʮʽʥʶʚʘʥʥʷ ʥʘʚʯʘʣʴʥʠʭ ʜʦʩʷʛʥʝʥʴ ʫ ʫʤʦʚʘʭ ʤʘʩʦʚʦʛʦ 
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ʚʠʢʦʨʠʩʪʘʥʥʷ AI ʪʘ ʚʠʚʯʝʥʥʽ ʜʦʚʛʦʩʪʨʦʢʦʚʦʛʦ ʚʧʣʠʚʫ ʪʝʭʥʦʣʦʛʽʾ ʥʘ ʢʦʛʥʽʪʠʚʥʽ ʩʪʨʘʪʝʛʽʾ 

ʩʪʫʜʝʥʪʽʚ. 
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FAST, LIGHTWEIGHT DEEP LEARNING PIPELINE FOR UAV LANDING SUPPORT.  

 
Abstract. Achieving reliable autonomous landing remains a major challenge in UAV operations due 

to environmental variability, uneven terrain, obstacles, and safety constraints. This study introduces a fast, 

lightweight deep learning pipeline designed to support landing procedures by detecting landing pads, 

estimating the UAVôs relative pose, and ensuring human safety within the landing zone. The pipeline integrates 

segmentation-based human and landing-pad detection with a regression stage that identifies keypoints on the 

pad and estimates their uncertainty. Lightweight convolutional neural network architecturesðoptimized for 

embedded edge-AI devicesðwere selected to deliver real-time performance while maintaining robustness in 

diverse visual conditions. The method was evaluated on UAV hardware equipped with embedded GPUs, 

demonstrating operation at up to 93 FPS on Jetson Xavier NX and nearly 20 FPS on Jetson Nano. A full 

processing and control loop was validated in both simulated and real-world experiments using the PX4 flight 

controller and ROS-based hardware-in-the-loop testing. Experimental results show that the system maintains 
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accurate pose estimation under challenges such as motion blur, low light, scaling, and partial occlusions. The 

framework enables safe, precise, real-time landing support and can serve as a foundation for future 

implementations involving moving platforms and more complex environments.  

Keywords: UAV landing; deep learning; embedded systems; human detection; keypoint regression; 

pose estimation; real-time processing; autonomous flight. 

ɸʥʦʪʘʮʽʷ. ɿʘʙʝʟʧʝʯʝʥʥʷ ʥʘʜʽʡʥʦʛʦ ʘʚʪʦʥʦʤʥʦʛʦ ʧʨʠʟʝʤʣʝʥʥʷ UAV ʟʘʣʠʰʘʻʪʴʩʷ ʩʢʣʘʜʥʦʶ 

ʟʘʜʘʯʝʶ ʯʝʨʝʟ ʤʽʥʣʠʚʽʩʪʴ ʫʤʦʚ ʜʦʚʢʽʣʣʷ, ʥʝʨʽʚʥʽʩʪʴ ʧʦʚʝʨʭʥʽ, ʥʘʷʚʥʽʩʪʴ ʧʝʨʝʰʢʦʜ ʪʘ ʚʠʤʦʛʠ ʜʦ 

ʙʝʟʧʝʢʠ. ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʰʚʠʜʢʠʡ, ʣʝʛʢʠʡ ʢʦʥʚʝʻʨ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʧʨʠʟʥʘʯʝʥʠʡ ʜʣʷ ʧʽʜʪʨʠʤʢʠ ʧʨʦʮʝʜʫʨʠ ʧʦʩʘʜʢʠ ʰʣʷʭʦʤ ʚʠʷʚʣʝʥʥʷ ʧʦʩʘʜʢʦʚʦʛʦ ʤʘʡʜʘʥʯʠʢʘ, ʦʮʽʥʶʚʘʥʥʷ 

ʚʽʜʥʦʩʥʦʾ ʧʦʟʠ UAV ʪʘ ʢʦʥʪʨʦʣʶ ʙʝʟʧʝʢʠ ʚ ʟʦʥʽ ʧʨʠʟʝʤʣʝʥʥʷ. ʂʦʥʚʝʻʨ ʧʦʻʜʥʫʻ ʩʝʛʤʝʥʪʘʮʽʡʥʝ 

ʚʠʟʥʘʯʝʥʥʷ ʣʶʜʠʥʠ ʪʘ ʧʦʩʘʜʢʦʚʦʛʦ ʤʘʡʜʘʥʯʠʢʘ ʟ ʨʝʛʨʝʩʽʡʥʠʤ ʝʪʘʧʦʤ, ʱʦ ʚʠʟʥʘʯʘʻ ʢʣʶʯʦʚʽ ʪʦʯʢʠ 

ʤʘʡʜʘʥʯʠʢʘ ʪʘ ʦʮʽʥʶʻ ʾʭʥʶ ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ. ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʨʦʙʦʪʠ ʚ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʦʙʨʘʥʦ 

ʧʦʣʝʛʰʝʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʦʧʪʠʤʽʟʦʚʘʥʽ ʜʣʷ ʚʙʫʜʦʚʘʥʠʭ edge-AI ʧʨʠʩʪʨʦʾʚ. 

ʄʝʪʦʜ ʧʨʦʪʝʩʪʦʚʘʥʦ ʥʘ UAV-ʦʙʣʘʜʥʘʥʥʽ ʟ ʚʙʫʜʦʚʘʥʠʤʠ GPU, ʜʝ ʜʦʩʷʛʥʫʪʦ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʜʦ 93 

FPS ʥʘ Jetson Xavier NX ʽ ʤʘʡʞʝ 20 FPS ʥʘ Jetson Nano. ʇʦʚʥʠʡ ʮʠʢʣ ʦʙʨʦʙʢʠ ʪʘ ʢʝʨʫʚʘʥʥʷ 

ʧʽʜʪʚʝʨʜʞʝʥʦ ʫ ʩʠʤʫʣʷʮʽʡʥʠʭ ʽ ʨʝʘʣʴʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʘʭ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʦʥʪʨʦʣʝʨʘ PX4 ʪʘ 

ʘʧʘʨʘʪʥʦ-ʦʨʽʻʥʪʦʚʘʥʦʛʦ ʪʝʩʪʫʚʘʥʥʷ ʯʝʨʝʟ ROS. ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʘʣʠ, ʱʦ ʩʠʩʪʝʤʘ ʟʘʙʝʟʧʝʯʫʻ ʪʦʯʥʫ 

ʦʮʽʥʢʫ ʧʦʟʠ ʥʘʚʽʪʴ ʟʘ ʫʤʦʚ ʨʫʭʦʚʦʛʦ ʙʣʶʨʫ, ʩʣʘʙʢʦʛʦ ʦʩʚʽʪʣʝʥʥʷ, ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʯʠ ʯʘʩʪʢʦʚʠʭ ʦʢʣʶʟʽʡ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʙʝʟʧʝʯʥʫ, ʪʦʯʥʫ ʪʘ ʰʚʠʜʢʫ ʧʽʜʪʨʠʤʢʫ ʧʦʩʘʜʢʠ ʡ ʤʦʞʝ ʙʫʪʠ 

ʦʩʥʦʚʦʶ ʜʣʷ ʩʠʩʪʝʤ ʧʦʩʘʜʢʠ ʥʘ ʨʫʭʦʤʽ ʧʣʘʪʬʦʨʤʠ ʯʠ ʚ ʩʢʣʘʜʥʽʰʠʭ ʫʤʦʚʘʭ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʘʚʪʦʥʦʤʥʘ ʧʦʩʘʜʢʘ UAV; ʛʣʠʙʠʥʥʝ ʥʘʚʯʘʥʥʷ; ʚʙʫʜʦʚʘʥʽ ʩʠʩʪʝʤʠ; ʚʠʷʚʣʝʥʥʷ 

ʣʶʜʠʥʠ; ʨʝʛʨʝʩʽʷ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ; ʦʮʽʥʢʘ ʧʦʟʠ; ʨʦʙʦʪʘ ʚ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 

 

1. Introduction 

Autonomous touchdown of unmanned aerial vehicles continues to represent a challenging 

engineering problem, particularly in unregulated or shifting settings. The existence of barriers, 

illumination variations, weather scenarios, and possible human presence demand highly accurate and 

dependable image analysis frameworks operating in real-time. Within this framework, the suggested 

neural network pipeline integrates touchdown zone identification, critical point detection, and 

uncertainty calculation, delivering informational assistance for secure drone touchdown guidance. 

2. Related Research 

Earlier approaches concentrated on markers, QR-codes, AprilTags, circular patterns, or active 

beacons. Although they delivered a certain degree of precision, their effectiveness was restricted by 

environmental complexity and the requirement for specialized markers. Neural networks introduced 

a novel paradigm, enabling target identification during incomplete occlusions and with inferior image 

quality. Nevertheless, numerous contemporary frameworks are restricted by substantial 

computational demands or absence of direct position calculation. The suggested approach 

distinguishes itself through comprehensiveness and focus on operation with integrated GPU 

hardware. 

3. Methodology 

3.1. Segmentation and Scene Analysis 

The segmentation model generates probability masks for humans and touchdown zones. The 

extracted region of interest undergoes contour analysis, following which the largest touchdown zone 

area is identified. If a human is positioned excessively close, touchdown is prevented. 

3.2. Critical Point Regression and Uncertainty Calculation 

Compact CNN architectures (MobileNetV3, LCNet) are employed for critical point 

regression, returning coordinates and variances. The drone's position relative to the zone is computed 

using PnP algorithms based on a 3D zone model. 

3.3. Equipment and Simulation 

PX4 controller, Holybro X500 drone, and Jetson platforms were utilized. ROS environment 

and hardware-in-the-loop enabled secure algorithm validation prior to actual flights. 

4. Results 

The framework demonstrated: 
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¶ 12.86 FPS on Jetson Nano 

¶ Up to 93.64 FPS on Jetson Xavier NX 

¶ Strong resilience to illumination, occlusions, scaling, perspective variations 

¶ Proper recovery of missing critical points 

¶ Sufficient positioning precision for accurate touchdown 

CONCLUSOINS. 

The suggested pipeline delivers rapid and dependable drone touchdown assistance based on 

neural networks. Subsequent research will focus on supporting touchdown on mobile platforms and 

accelerating the model through refinement and quantization. 
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HUMAN -IN-THE-LOOP ACTIVE LEARNING FOR TIME -SERIES ELECTRICAL DATA.  

 
Abstract. Advanced machine learning models for classifying time-series electrical data typically 

require large, accurately labeled datasets; however, labeling remains costly and error-prone. This paper 

introduces a human-in-the-loop active learning framework designed to significantly reduce labeling effort 

while improving model generalization for applications such as non-intrusive load monitoring (NILM) and 

home energy management. A novel acquisition function is proposed that incorporates both model uncertainty 

and labeling uncertainty, while also mitigating class imbalance. A stopping criterion automatically halts the 

learning process once additional labeling yields diminishing returns. The study further examines how labeling 

errors affect model performance and introduces two mitigation strategies: (i) a re-labeling mechanism based 

on similarity between predicted and annotated labels, and (ii) a confidence-aware loss function that weights 

samples using expert-provided confidence scores. Experiments performed on real-world NILM datasets with 

three domain experts demonstrate that the proposed approach reduces labeling requirements by up to 61% 

for dishwashers and 93% for kettles. The method substantially improves model performance when transferring 

to new homes, even in the presence of labeling errors, confirming the effectiveness of combining human 

expertise with uncertainty-aware active learning for time-series data.  



 

 

177 

 

Keywords: active learning; time-series classification; human-in-the-loop; labeling uncertainty; 

NILM; energy disaggregation; transfer learning; expert confidence. 

ɸʥʦʪʘʮʽʷ. ʉʫʯʘʩʥʽ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʝʣʝʢʪʨʠʯʥʠʭ ʯʘʩʦʚʠʭ ʨʷʜʽʚ 

ʟʘʟʚʠʯʘʡ ʧʦʪʨʝʙʫʶʪʴ ʚʝʣʠʢʠʭ ʽ ʪʦʯʥʦ ʨʦʟʤʽʯʝʥʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ, ʧʨʦʪʝ ʧʨʦʮʝʩ ʨʦʟʤʽʪʢʠ ʻ ʜʦʨʦʛʠʤ ʽ 

ʩʭʠʣʴʥʠʤ ʜʦ ʧʦʤʠʣʦʢ. ʋ ʮʽʡ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʧʽʜʭʽʜ human-in-the-loop active learning, ʩʧʨʷʤʦʚʘʥʠʡ 

ʥʘ ʩʫʪʪʻʚʝ ʟʤʝʥʰʝʥʥʷ ʟʫʩʠʣʴ ʽʟ ʨʦʟʤʽʪʢʠ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʤʦʜʝʣʝʡ, 

ʟʦʢʨʝʤʘ ʜʣʷ ʟʘʜʘʯ ʥʝʽʥʪʨʫʟʠʚʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʥʘʚʘʥʪʘʞʝʥʴ (NILM) ʽ ʢʝʨʫʚʘʥʥʷ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷʤ 

ʫ ʜʦʤʦʛʦʩʧʦʜʘʨʩʪʚʘʭ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʥʦʚʫ ʬʫʥʢʮʽʶ ʚʠʙʽʨʢʠ, ʷʢʘ ʚʨʘʭʦʚʫʻ ʷʢ ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ ʤʦʜʝʣʽ, 

ʪʘʢ ʽ ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ ʧʽʜ ʯʘʩ ʨʦʟʤʽʪʢʠ, ʘ ʪʘʢʦʞ ʢʦʤʧʝʥʩʫʻ ʜʠʩʙʘʣʘʥʩ ʢʣʘʩʽʚ. ɺʚʝʜʝʥʦ ʢʨʠʪʝʨʽʡ 

ʟʫʧʠʥʢʠ, ʱʦ ʘʚʪʦʤʘʪʠʯʥʦ ʧʨʠʧʠʥʷʻ ʘʢʪʠʚʥʝ ʥʘʚʯʘʥʥʷ, ʢʦʣʠ ʜʦʜʘʪʢʦʚʽ ʨʦʟʤʽʪʢʠ ʧʝʨʝʩʪʘʶʪʴ 

ʧʦʢʨʘʱʫʚʘʪʠ ʤʦʜʝʣʴ. ɼʦʩʣʽʜʞʝʥʦ ʚʧʣʠʚ ʧʦʤʠʣʦʢ ʨʦʟʤʽʪʢʠ ʥʘ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʜʚʘ ʤʝʭʘʥʽʟʤʠ ʾʭ ʧʦʤôʷʢʰʝʥʥʷ: (i) ʧʦʚʪʦʨʥʫ ʨʦʟʤʽʪʢʫ ʟʨʘʟʢʽʚ ʥʘ ʦʩʥʦʚʽ ʩʭʦʞʦʩʪʽ ʤʽʞ 

ʧʨʦʛʥʦʟʦʤ ʽ ʤʽʪʢʦʶ ʪʘ (ii) ʤʦʜʠʬʽʢʦʚʘʥʫ ʬʫʥʢʮʽʶ ʚʪʨʘʪ, ʱʦ ʟʚʘʞʫʻ ʟʨʘʟʢʠ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʨʽʚʥʷ 

ʚʧʝʚʥʝʥʦʩʪʽ ʝʢʩʧʝʨʪʘ. ɽʢʩʧʝʨʠʤʝʥʪʠ ʥʘ ʨʝʘʣʴʥʠʭ NILM-ʜʘʪʘʩʝʪʘʭ ʟʘ ʫʯʘʩʪʶ ʪʨʴʦʭ ʝʢʩʧʝʨʪʽʚ 

ʧʦʢʘʟʘʣʠ, ʱʦ ʤʝʪʦʜ ʟʤʝʥʰʫʻ ʧʦʪʨʝʙʫ ʚ ʨʦʟʤʽʪʮʽ ʜʦ 61% ʜʣʷ ʧʦʩʫʜʦʤʠʡʥʠʭ ʤʘʰʠʥ ʽ ʜʦ 93% ʜʣʷ 

ʝʣʝʢʪʨʦʯʘʡʥʠʢʽʚ. ʇʽʜʭʽʜ ʩʫʪʪʻʚʦ ʧʦʢʨʘʱʫʻ ʧʝʨʝʥʝʩʝʥʥʷ ʤʦʜʝʣʝʡ ʥʘ ʥʦʚʽ ʜʦʤʦʛʦʩʧʦʜʘʨʩʪʚʘ ʥʘʚʽʪʴ ʟʘ 

ʥʘʷʚʥʦʩʪʽ ʧʦʤʠʣʢʦʚʠʭ ʤʽʪʦʢ, ʧʽʜʪʚʝʨʜʞʫʶʯʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʦʻʜʥʘʥʥʷ ʝʢʩʧʝʨʪʥʠʭ ʟʥʘʥʴ ʟ 

ʥʝʚʠʟʥʘʯʝʥʽʩʥʦ-ʦʨʽʻʥʪʦʚʘʥʠʤ ʘʢʪʠʚʥʠʤ ʥʘʚʯʘʥʥʷʤ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʘʢʪʠʚʥʝ ʥʘʚʯʘʥʥʷ; ʢʣʘʩʠʬʽʢʘʮʽʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ; ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ ʨʦʟʤʽʪʢʠ; 

NILM; ʝʥʝʨʛʝʪʠʯʥʠʡ ʤʦʥʽʪʦʨʠʥʛ; transfer learning; ʚʧʝʚʥʝʥʽʩʪʴ ʝʢʩʧʝʨʪʘ. 

 

1. Introduction 

Temporal data categorization, particularly electrical usage signals, represents a crucial 

element of power management frameworks. The challenge of acquiring dependable annotations stays 

critical, given that manual annotation demands substantial time investment and constitutes a source 

of mistakes. Interactive learning diminishes the volume of required annotations, yet conventional 

approaches presume a flawless "oracle," which seldom reflects actual conditions. This drives the 

creation of expert-in-the-loop methodologies that account for specialist constraints and mistake 

characteristics. 

2. Problem Formulation 

NILM signals encompass brief and extended activations of various appliances, resulting in 

unevenly distributed categories. The objective involves reducing the quantity of necessary 

annotations without sacrificing accuracy. The suggested approach addresses three dimensions: 

¶ classifier uncertainty 

¶ annotation uncertainty 

¶ category imbalance 

3. Proposed Selection Function 

The function integrates: 

¶ classifier uncertainty (entropy-driven) 

¶ specialist uncertainty (confidence-driven weighting) 

¶ category balancing via selection regularization 

This enables identification of maximally informative samples even under mixed annotation 

quality conditions. 

4. Termination Criterion  

The interactive learning algorithm terminates when: 

¶ the count of highly uncertain samples drops beneath a threshold 

¶ additional annotation fails to improve F1-score 

This substantially conserves resources. 
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5. Impact of Annotation Mistakes 

Two categories of mistakes are examined: 

¶ false negatives ð produce the greatest detrimental impact, especially for 

appliances with brief activations 

¶ false positives ð less harmful, as they don't alter the structure of positive 

samples 

6. Error Mitigation Mechanisms 

6.1. Re-annotation 

Samples exhibiting low match-rate between forecast and annotation are returned for additional 

specialist analysis. 

6.2. Confidence-weighted Loss 

The loss function prioritizes mistakes according to certainty level, diminishing the influence 

of unreliable annotations. 

7. Experimental Validation 

Two primary experiments were performed on UK-DALE and REFIT databases: 

1. Interactive learning with simulated mistakes 

o assessed influence of different mistake types 

o demonstrated significant accuracy enhancement following re-

annotation 

2. Real specialists in the loop 

o three specialists provided annotations 

o low certainty correlated with elevated mistake probability 

o confidence-weighted loss improved classifier accuracy 

8. Comparison with Alternative Methods 

Testing was executed against baseline strategies: 

¶ pool-based uncertainty 

¶ stream-based uncertainty 

¶ BADGE 

¶ CLUE 

The suggested technique showed equivalent or superior F1-scores, along with minimal 

annotation requirements. 

CONCLUSOINS. 

The expert-in-the-loop interactive learning approach delivers: 

¶ substantial reduction in annotation volume (up to ī93%) 

¶ high resilience to erroneous annotations 

¶ improved model deployment to different residences 

¶ capability to integrate specialist uncertainty 

The technique is suitable for diverse temporal data categorization tasks in energy systems and 

beyond. 
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EVOLUTIONARY SWARM FORMATION FOR AUTONOMOUS ROBOTS.  

 
Abstract. Autonomous robot swarms represent an increasingly valuable solution for space and 

aerospace applications, offering adaptability, resilience, and the ability to self-organize without centralized 

control. These capabilities are particularly important in mission scenarios such as asteroid monitoring, 

convoy protection, and counter-drone operations, where maintaining a stable formation around a target is 

critical. A key challenge in this domain lies in enabling robust swarm behavior across different initial 

configurations, varying numbers of robots, and potential failures. 

In this study, we present an evolutionary-based method for the self-organization of autonomous robot 

swarms, where each robot's movement relies exclusively on relative positional dataðrange and bearingð

obtained via radio beacons. This eliminates the need for global positioning or direct communication. The 

proposed evolutionary algorithm optimizes fundamental swarm parameters, including movement speed and 

attraction/repulsion forces, enabling stable circular formations across a wide variety of conditions. 

The approach was validated through extensive simulations involving swarms of 3, 5, 10, 15, 20, and 30 robots, 

totaling 420 distinct scenarios. Stable formations were achieved in all cases. Additional experiments with 

physical E-Puck2 robots confirmed the methodôs robustness, demonstrating reliable self-organization and 

resilience to individual robot failures in real-world environments. 

Keywords: autonomous robots, robot swarms, self-organization, evolutionary algorithms, swarm 

optimization, stable formations, aerospace applications, robot resilience 

ɸʥʦʪʘʮʽʷ. ʈʦʾ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʽʚ ʩʪʘʥʦʚʣʷʪʴ ʧʝʨʩʧʝʢʪʠʚʥʝ ʨʽʰʝʥʥʷ ʜʣʷ ʢʦʩʤʽʯʥʠʭ ʪʘ 

ʘʝʨʦʢʦʩʤʽʯʥʠʭ ʟʘʩʪʦʩʫʚʘʥʴ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʟʜʘʪʥʽ ʘʜʘʧʪʫʚʘʪʠʩʷ, ʜʝʤʦʥʩʪʨʫʚʘʪʠ ʩʪʽʡʢʽʩʪʴ ʪʘ 

ʩʘʤʦʦʨʛʘʥʽʟʦʚʫʚʘʪʠʩʷ ʙʝʟ ʮʝʥʪʨʘʣʽʟʦʚʘʥʦʛʦ ʢʝʨʫʚʘʥʥʷ. ʊʘʢʽ ʤʦʞʣʠʚʦʩʪʽ ʻ ʦʩʦʙʣʠʚʦ ʮʽʥʥʠʤʠ ʧʽʜ ʯʘʩ 

ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ, ʧʦʚôʷʟʘʥʠʭ ʟʽ ʩʧʦʩʪʝʨʝʞʝʥʥʷʤ ʟʘ ʘʩʪʝʨʦʾʜʘʤʠ, ʟʘʭʠʩʪʦʤ ʢʦʥʚʦʾʚ ʘʙʦ ʧʨʦʪʠʜʽʻʶ 

ʜʨʦʥʘʤ, ʜʝ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʻ ʧʽʜʪʨʠʤʘʥʥʷ ʩʪʘʙʽʣʴʥʦʾ ʬʦʨʤʘʮʽʾ ʥʘʚʢʦʣʦ ʮʽʣʴʦʚʦʛʦ ʦʙôʻʢʪʘ. 

ʆʩʥʦʚʥʠʤ ʚʠʢʣʠʢʦʤ ʟʘʣʠʰʘʻʪʴʩʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʥʘʜʽʡʥʦʾ ʧʦʚʝʜʽʥʢʠ ʨʦʶ ʟʘ ʨʽʟʥʠʭ ʧʦʯʘʪʢʦʚʠʭ 

ʢʦʥʬʽʛʫʨʘʮʽʡ, ʟʤʽʥʥʦʾ ʢʽʣʴʢʦʩʪʽ ʨʦʙʦʪʽʚ ʽ ʤʦʞʣʠʚʠʭ ʚʽʜʤʦʚ. 

ʋ ʨʦʙʦʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʤʝʪʦʜ ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʾ ʨʦʾʚ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʽʚ ʥʘ ʦʩʥʦʚʽ 

ʝʚʦʣʶʮʽʡʥʦʛʦ ʧʽʜʭʦʜʫ, ʟʘ ʷʢʦʛʦ ʨʫʭ ʢʦʞʥʦʛʦ ʨʦʙʦʪʘ ʚʠʟʥʘʯʘʻʪʴʩʷ ʚʠʢʣʶʯʥʦ ʚʽʜʥʦʩʥʠʤʠ ʧʦʟʠʮʽʡʥʠʤʠ 

ʜʘʥʠʤʠ ð ʜʠʩʪʘʥʮʽʻʶ ʪʘ ʢʫʪʦʤ, ʦʪʨʠʤʘʥʠʤʠ ʟʘ ʜʦʧʦʤʦʛʦʶ ʨʘʜʽʦʤʘʷʢʽʚ. ʎʝ ʫʩʫʚʘʻ ʧʦʪʨʝʙʫ ʚ 

ʛʣʦʙʘʣʴʥʽʡ ʥʘʚʽʛʘʮʽʾ ʘʙʦ ʧʨʷʤʽʡ ʢʦʤʫʥʽʢʘʮʽʾ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʝʚʦʣʶʮʽʡʥʠʡ ʘʣʛʦʨʠʪʤ ʦʧʪʠʤʽʟʫʻ ʢʣʶʯʦʚʽ 

ʧʘʨʘʤʝʪʨʠ ʨʦʶ, ʟʦʢʨʝʤʘ ʰʚʠʜʢʽʩʪʴ ʨʫʭʫ ʪʘ ʩʠʣʠ ʧʨʠʪʷʛʘʥʥʷ/ʚʽʜʰʪʦʚʭʫʚʘʥʥʷ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʬʦʨʤʫʚʘʥʥʷ ʩʪʘʙʽʣʴʥʠʭ ʢʨʫʛʦʚʠʭ ʢʦʥʬʽʛʫʨʘʮʽʡ ʟʘ ʰʠʨʦʢʦʛʦ ʩʧʝʢʪʨʘ ʫʤʦʚ. 

ʄʝʪʦʜ ʙʫʣʦ ʧʨʦʪʝʩʪʦʚʘʥʦ ʚ ʤʘʩʰʪʘʙʥʠʭ ʤʦʜʝʣʶʚʘʥʥʷʭ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʨʦʾʚ ʽʟ 3, 5, 10, 15, 20 ʪʘ 30 

ʨʦʙʦʪʽʚ (ʫʩʴʦʛʦ 420 ʩʮʝʥʘʨʽʾʚ), ʫ ʷʢʠʭ ʩʪʘʙʽʣʴʥʽ ʬʦʨʤʘʮʽʾ ʜʦʩʷʛʘʣʠʩʷ ʚ ʫʩʽʭ ʚʠʧʘʜʢʘʭ. ɼʦʜʘʪʢʦʚʽ 

ʝʢʩʧʝʨʠʤʝʥʪʠ ʟ ʨʦʙʦʪʘʤʠ E-Puck2 ʧʽʜʪʚʝʨʜʠʣʠ ʥʘʜʽʡʥʽʩʪʴ ʧʽʜʭʦʜʫ ʪʘ ʩʪʽʡʢʽʩʪʴ ʨʦʶ ʜʦ ʚʽʜʤʦʚ 

ʦʢʨʝʤʠʭ ʨʦʙʦʪʽʚ ʫ ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʘʚʪʦʥʦʤʥʽ ʨʦʙʦʪʠ, ʨʦʾ ʨʦʙʦʪʽʚ, ʩʘʤʦʦʨʛʘʥʽʟʘʮʽʷ, ʝʚʦʣʶʮʽʡʥʽ ʘʣʛʦʨʠʪʤʠ, 

ʦʧʪʠʤʽʟʘʮʽʷ ʨʦʶ, ʩʪʘʙʽʣʴʥʽ ʬʦʨʤʘʮʽʾ, ʘʝʨʦʢʦʩʤʽʯʥʽ ʟʘʩʪʦʩʫʚʘʥʥʷ, ʩʪʽʡʢʽʩʪʴ ʨʦʙʦʪʽʚ 

 

Introduction  

Self-governing robotic collectives have surfaced as a practical answer for orbital and 

aeronautical implementations owing to their flexibility, strength, and independently coordinating 

capabilities. These collectives demonstrate particular effectiveness in assignments including celestial 

body surveillance, escort safeguarding, and anti-unmanned aerial vehicle missions, whereby 

preserving consistent arrangements surrounding a primary objective proves critical. Nevertheless, 

handling fluctuating collective dimensions and varied starting circumstances remains a substantial 

obstacle. 

This investigation suggests a technique whereby individual machine locomotion gets 

established exclusively through comparative spatial data, acquired via distance and directional angle 

calculations. Through removing worldwide localization or hierarchical oversight, the methodology 
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concentrates on proximal interactions. To strengthen arrangement consistency, an evolution-based 

algorithm gets utilized to refine essential variables including velocity and attractive/repulsive 

mechanics. The technique undergoes verification in computer modeling and actual operational trials 

utilizing E-Puck2 machines. 

Methodology 

The machines depend exclusively on comparative spatial information acquired from wireless 

signal transmitters. No hierarchical oversight or worldwide navigation gets employed. An evolution-

based algorithm investigates the variable domain and refines parameters including machine velocity 

and inter-machine attractive/repulsive dynamics. 

The algorithm assesses performance quality determined by the capability to establish a 

consistent orbital arrangement under diverse circumstances encompassing machine malfunctions, 

varied starting positions, and fluctuating collective dimensions. Six examination setups underwent 

analysis: 3, 5, 10, 15, 20, and 30 machines. 

Results 

Computer modeling trials encompassed 420 separate situations throughout all six collective 

dimensions. In every instance, the refined variables produced consistent orbital arrangements. 

Tangible trials utilizing E-Puck2 machines verified the computer modeling outcomes. The 

machines effectively coordinated independently surrounding a primary objective, preserving 

arrangement even when singular components underwent malfunctions. These examinations verified 

dependability, expandability, and resistance under practical functioning circumstances. 

Conclusions 

The evolution-inspired methodology facilitates self-governing robotic collectives to preserve 

consistent and strong arrangements utilizing exclusively comparative spatial data. The refinement of 

locomotion and interaction variables guarantees resistance throughout an extensive spectrum of 

settings and malfunction situations. Both computer-modeled and actual operational trials verify the 

productivity of this methodology for aeronautical-pertinent assignments including surveillance, 

safeguarding, and collaborative navigation. 
 

 

 

 

 

UDC 681.3:004.9 

 

Tejer M., Szczepanski R., Tarczewski T. (Institute of Engineering and Technology, Nicolaus 

Copernicus University, Torun, Poland).  

 

ROBUST TASK SCHEDULING IN ROBOTICS USING REINFORCEMENT LEARNING.  

 
Abstract. Effective task scheduling is central to improving productivity and operational efficiency in 

manufacturing, logistics, and transport systems. Traditional scheduling strategies often rely on heuristics or 

static rules, which struggle to adapt to dynamic environments. Reinforcement learning (RL) provides an 

attractive alternative due to its ability to learn optimal action policies through interaction with the 

environment. This study evaluates multiple RL-based scheduling approaches, with a focus on Q-learning and 

its parameterization. Particular attention is given to the influence of environment models, reward structures, 

parameter selection strategies, and predictive mechanisms. An automatic parameter-optimization method 

based on metaheuristic algorithms is introduced, enabling systematic exploration of nearly 31 million 

configuration combinations. Despite improvements, classical RL methods remain highly sensitive to 

environmental changes. To address this, a Hybrid Q-learning method is proposed, combining offline learning 

in a highly accurate simulation model with online adaptation using a pretrained Q-table. Experimental 

validation on a robotic sorting system demonstrates that Hybrid Q-learning significantly outperforms static 

scheduling and standard online learning, maintaining high efficiency under shifting environmental conditions. 
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The proposed method enhances adaptability, reduces learning overhead, and provides a robust foundation for 

real-world robotic task scheduling.  

Keywords: task scheduling; reinforcement learning; Q-learning; hybrid learning; robotic arms; 

optimization; dynamic environments; productivity. 

ɸʥʦʪʘʮʽʷ. ɽʬʝʢʪʠʚʥʝ ʧʣʘʥʫʚʘʥʥʷ ʟʘʜʘʯ ʻ ʢʣʶʯʦʚʠʤ ʯʠʥʥʠʢʦʤ ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʨʦʙʦʪʠ ʫ ʚʠʨʦʙʥʠʮʪʚʽ, ʣʦʛʽʩʪʠʮʽ ʪʘ ʪʨʘʥʩʧʦʨʪʥʠʭ ʩʠʩʪʝʤʘʭ. ʊʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ 

ʯʘʩʪʦ ˇʨʫʥʪʫʶʪʴʩʷ ʥʘ ʝʚʨʠʩʪʠʢʘʭ ʘʙʦ ʩʪʘʪʠʯʥʠʭ ʧʨʘʚʠʣʘʭ, ʷʢʽ ʥʝ ʟʜʘʪʥʽ ʜʦʩʪʘʪʥʴʦ ʰʚʠʜʢʦ 

ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʟʤʽʥ ʩʝʨʝʜʦʚʠʱʘ. ʅʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ (RL) ʧʨʦʧʦʥʫʻ ʧʝʨʩʧʝʢʪʠʚʥʫ 

ʘʣʴʪʝʨʥʘʪʠʚʫ ʟʘʚʜʷʢʠ ʟʜʘʪʥʦʩʪʽ ʘʛʝʥʪʘ ʥʘʚʯʘʪʠʩʷ ʦʧʪʠʤʘʣʴʥʽʡ ʧʦʣʽʪʠʮʽ ʜʽʡ ʰʣʷʭʦʤ ʚʟʘʻʤʦʜʽʾ ʟ 

ʜʠʥʘʤʽʯʥʠʤ ʩʝʨʝʜʦʚʠʱʝʤ. ʋ ʨʦʙʦʪʽ ʧʨʦʚʝʜʝʥʦ ʦʮʽʥʢʫ ʨʽʟʥʠʭ RL-ʧʽʜʭʦʜʽʚ ʜʦ ʧʣʘʥʫʚʘʥʥʷ ʟʘʜʘʯ, ʦʩʦʙʣʠʚʫ 

ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʘʣʛʦʨʠʪʤʫ Q-learning ʪʘ ʡʦʛʦ ʧʘʨʘʤʝʪʨʘʤ. ɼʝʪʘʣʴʥʦ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʚʧʣʠʚ ʤʦʜʝʣʝʡ 

ʩʝʨʝʜʦʚʠʱʘ, ʬʫʥʢʮʽʡ ʚʠʥʘʛʦʨʦʜ, ʩʧʦʩʦʙʽʚ ʩʢʠʜʘʥʥʷ ʩʪʘʥʽʚ, ʨʦʟʤʽʨʫ ʽʩʪʦʨʽʾ ʨʦʙʦʪʠʟʦʚʘʥʦʾ ʨʫʢʠ ʪʘ 

ʤʝʪʦʜʽʚ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʡ ʤʝʪʦʜ ʚʠʙʦʨʫ ʧʘʨʘʤʝʪʨʽʚ ʥʘ ʦʩʥʦʚʽ 

ʤʝʪʘʝʚʨʠʩʪʠʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʩʠʩʪʝʤʘʪʠʯʥʠʡ ʘʥʘʣʽʟ ʤʘʡʞʝ 31 ʤʽʣʴʡʦʥʘ ʢʦʥʬʽʛʫʨʘʮʽʡ. 

ʇʦʧʨʠ ʮʝ, ʢʣʘʩʠʯʥʽ RL-ʤʝʪʦʜʠ ʟʘʣʠʰʘʶʪʴʩʷ ʯʫʪʣʠʚʠʤʠ ʜʦ ʟʤʽʥ ʩʝʨʝʜʦʚʠʱʘ. ɼʣʷ ʚʠʨʽʰʝʥʥʷ ʮʽʻʾ 

ʧʨʦʙʣʝʤʠ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʠʡ ʧʽʜʭʽʜ Hybrid Q-learning, ʱʦ ʧʦʻʜʥʫʻ ʦʬʣʘʡʥ-ʥʘʚʯʘʥʥʷ ʫ 

ʚʠʩʦʢʦʪʦʯʥʽʡ ʤʦʜʝʣʽ ʟ ʦʥʣʘʡʥ-ʘʜʘʧʪʘʮʽʻʶ ʟʘ ʜʦʧʦʤʦʛʦʶ ʧʦʧʝʨʝʜʥʴʦ ʥʘʣʘʰʪʦʚʘʥʦʾ Q-ʪʘʙʣʠʮʽ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʘ ʩʠʩʪʝʤʽ ʩʦʨʪʫʚʘʥʥʷ ʧʦʢʘʟʫʶʪʴ, ʱʦ Hybrid Q-learning ʩʫʪʪʻʚʦ 

ʧʝʨʝʚʝʨʰʫʻ ʩʪʘʪʠʯʥʝ ʧʣʘʥʫʚʘʥʥʷ ʪʘ ʩʪʘʥʜʘʨʪʥʽ ʦʥʣʘʡʥ-ʤʝʪʦʜʠ, ʟʙʝʨʽʛʘʶʯʠ ʚʠʩʦʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʘ 

ʟʤʽʥʥʠʭ ʫʤʦʚ. ʇʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʢʨʘʱʫ ʘʜʘʧʪʠʚʥʽʩʪʴ, ʤʝʥʰʽ ʚʠʪʨʘʪʠ ʥʘ ʧʝʨʝʥʘʚʯʘʥʥʷ ʪʘ ʧʽʜʚʠʱʝʥʫ 

ʥʘʜʽʡʥʽʩʪʴ ʜʣʷ ʨʝʘʣʴʥʠʭ ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʩʠʩʪʝʤ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʧʣʘʥʫʚʘʥʥʷ ʟʘʜʘʯ; ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ; Q-learning; ʛʽʙʨʠʜʥʝ ʥʘʚʯʘʥʥʷ; 

ʨʦʙʦʪʠʟʦʚʘʥʽ ʩʠʩʪʝʤʠ; ʦʧʪʠʤʽʟʘʮʽʷ; ʜʠʥʘʤʽʯʥʽ ʩʝʨʝʜʦʚʠʱʘ. 

 

1. Introduction 

Assignment organization in automated systems represents a complex enhancement challenge 

encompassing manufacturing line management, supply chain facilities, and transportation networks. 

Conventional approachesðheuristic rules, regulations, or fixed programmingðfail to deliver 

adequate flexibility and frequently overlook characteristics of changing circumstances. 

Consequently, machine learning techniques, particularly AL, are gaining prominence. 

AL enables an agent to accumulate experience through environmental engagement, while Q-

learning serves as a fundamental technique that preserves anticipated rewards within a Q(s, a) matrix. 

However, algorithm performance substantially depends on configuration choices (training velocity, 

ɔ, Ů-greedy, matrix dimensions), alongside the environmental framework that shapes assignment 

dynamics. 

2. Problem Formulation and Automated Test Platform 

An experimental sorting platform was utilized as the testing environment, where an automated 

manipulator executes pick-and-transfer operations from three separate sources to corresponding 

receptacles. Unlike practical systems where experiments prove costly or hazardous, simulation 

enabled large-scale analyses. 

The challenge comprises three sub-components: 

¶ Assignment planning ð determining operational sequences 

¶ Assignment organization ð optimal execution sequencing 

¶ Movement planning ð trajectory construction avoiding collisions 

3. Adaptive Learning Techniques 

3.1. Fundamental Q-learning 

The algorithm maintains Q-values for each state-action combination. Performance heavily 

depends on: 

¶ Ů-greedy configuration 

¶ Environmental modeling approach 

¶ Compensation function design 
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3.2. Configuration and Challenges 

Due to exponential expansion of Q-matrix dimensionality, complex assignments become 

problematic for classical approaches. The authors emphasize the absence of justification in literature 

regarding configuration selection. 

4. Automated Configuration Selection 

Nearly 31 million permutations were investigated, incorporating: 

¶ Three forecasting strategies 

¶ Four compensation functions 

¶ Three reset protocols 

¶ Various manipulator history dimensions 

¶ Multiple Q-learning configurations 

Results demonstrated that configurations optimal for one environmental setup may prove 

ineffective following modifications. 

5. Combined Q-learning 

The hybrid methodology includes: 

¶ Offline training in precise frameworks 

¶ Q-matrix updates during actual operation 

¶ Immediate response to environmental alterations 

Compared to fixed planning and real-time techniques, Combined Q-learning demonstrates: 

¶ Superior performance 

¶ Reduced vulnerability to modifications 

¶ Absence of low-efficiency intervals from extended retraining 

6. Practical Assessment 

6.1. Initial Experiment 

¶ Environmental parameters changed after two hours 

¶ Fixed planning experienced performance degradation 

¶ Combined Q-learning maintained elevated efficiency 

¶ Real-time methods showed inferior outcomes 

6.2. Secondary Experiment 

¶ Environmental modification with one-hour delay 

¶ Comparison conducted with fixed, online #1, and online #2 configurations 

¶ Combined Q-learning consistently delivered highest sorting velocity 

7. Conclusions 

Combined Q-learning proved the most effective methodology for assignment organization 

under changing conditions. The approach ensures: 

¶ Resistance to environmental modifications 

¶ Elevated performance levels 

¶ Rapid accommodation without efficiency deterioration 

Future work will concentrate on: 

¶ Multi -manipulator systems 

¶ Multi -agent algorithms 

¶ Movement planning enhancement and collision avoidance refinement 
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ʂʦʪ ɸ.ʊ. (ʅʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʋʢʨʘʾʥʠ çʂʇɯ ʽʤʝʥʽ ɯʛʦʨʷ ʉʽʢʦʨʩʴʢʦʛʦè, ʤ. 

ʂʠʾʚ, ʋʢʨʘʾʥʘ). 

 

ʄɽʊʆɼʀ ʅɸɺʏɸʅʅʗ ʅɸ ʄɸʃʀʍ ɺʀɹɯʈʂɸʍ ɼʃʗ ʉʀʉʊɽʄ ʇʆɺɯʊʈʗʅʆɰ 

ʈʆɿɺɯɼʂʀ ɿ ɹʇʃɸ ɺ ʋʄʆɺɸʍ ʉʋʏɸʉʅʆɰ ɺɯʁʅʀ. 

 
ɸʥʦʪʘʮʮʽʷ: ʋ ʩʪʘʪʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʧʨʦʙʣʝʤʘ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʽʚ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʾ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʝʟʧʽʣʦʪʥʠʭ ʣʽʪʘʣʴʥʠʭ ʘʧʘʨʘʪʽʚ (ɹʇʃɸ) ʚ 

ʫʤʦʚʘʭ ʩʫʯʘʩʥʦʾ ʚʽʡʥʠ ʟʘ ʦʙʤʝʞʝʥʠʭ ʦʙʩʷʛʽʚ ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘʥʠʭ. ʋ ʨʝʘʣʴʥʠʭ ʙʦʡʦʚʠʭ ʩʮʝʥʘʨʽʷʭ ʤʦʜʝʣʽ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʯʘʩʪʦ ʩʪʠʢʘʶʪʴʩʷ ʟ ʧʦʷʚʦʶ ʥʦʚʠʭ ʦʙôʻʢʪʽʚ ʘʙʦ ʪʠʧʽʚ ʪʝʭʥʽʢʠ, ʜʣʷ ʷʢʠʭ ʜʦʩʪʫʧʥʽ 

ʣʠʰʝ ʧʦʦʜʠʥʦʢʽ ʟʨʘʟʢʠ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʧʽʜʭʽʜ ʜʦ ʰʚʠʜʢʦʾ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʽ ʥʘ ʤʘʣʠʭ ʚʠʙʽʨʢʘʭ, ʱʦ 

ʧʦʻʜʥʫʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʘʤʦʨʦʞʝʥʠʭ ʦʟʥʘʢ ʙʘʟʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ, ʧʘʨʘʤʝʪʨʠʯʥʦ ʣʝʛʢʠʭ ʘʜʘʧʪʝʨʽʚ 

ʪʘ ʧʨʦʪʦʪʠʧʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. ʇʨʦʚʝʜʝʥʦ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʫ ʦʮʽʥʢʫ ʨʦʙʦʪʠ ʤʦʜʝʣʽ ʚ ʨʝʞʠʤʘʭ 1-

shot, 5-shot ʪʘ 10-shot ʥʘʚʯʘʥʥʷ ʥʘ ʩʠʥʪʝʪʠʯʥʠʭ ʘʝʨʦʟʦʙʨʘʞʝʥʥʷʭ, ʱʦ ʽʤʽʪʫʶʪʴ ʨʽʟʥʽ ʙʦʡʦʚʽ ʫʤʦʚʠ. 

ʇʦʢʘʟʘʥʦ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ ʤʝʪʦʜ ʟʘʙʝʟʧʝʯʫʻ ʽʩʪʦʪʥʝ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʜʝʪʝʢʮʽʾ ʥʦʚʠʭ 

ʦʙôʻʢʪʽʚ ʧʨʠ ʤʽʥʽʤʘʣʴʥʽʡ ʢʽʣʴʢʦʩʪʽ ʪʨʝʥʫʚʘʣʴʥʠʭ ʧʨʠʢʣʘʜʽʚ. ʈʝʟʫʣʴʪʘʪʠ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ 

ʜʣʷ ʧʦʙʫʜʦʚʠ ʘʜʘʧʪʠʚʥʠʭ ʨʦʟʚʽʜʫʚʘʣʴʥʠʭ ʩʠʩʪʝʤ ʥʘ ɹʇʃɸ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ɹʇʃɸ, ʢʦʤʧôʶʪʝʨʥʠʡ ʟʽʨ, ʥʘʚʯʘʥʥʷ ʥʘ ʤʘʣʠʭ ʚʠʙʽʨʢʘʭ, few-shot learning, 

ʧʨʦʪʦʪʠʧʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ, ʛʣʠʙʦʢʝ ʥʘʚʯʘʥʥʷ. 

Abstract. The paper addresses the problem of applying deep learning methods to automated aerial 

reconnaissance using unmanned aerial vehicles (UAVs) under modern warfare conditions with limited 

training data. In real combat scenarios, computer vision models frequently encounter newly appearing object 

types for which only a few labeled samples are available. A method for rapid model adaptation under small-

sample conditions is proposed, combining frozen feature extractors, lightweight adapter modules, and a 

prototypical classifier. Experimental evaluation was conducted for 1-shot, 5-shot, and 10-shot learning using 

synthetic aerial images simulating diverse battlefield conditions. The results demonstrate a significant 

improvement in detection accuracy for previously unseen object classes with minimal annotation effort. The 

proposed method can serve as a foundation for adaptive UAV-based reconnaissance systems. 

Keywords: UAV, computer vision, few-shot learning, small-sample training, prototypical classifier, 

deep learning. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ 

ʉʫʯʘʩʥʽ ʙʦʡʦʚʽ ʜʽʾ ʩʫʧʨʦʚʦʜʞʫʶʪʴʩʷ ʘʢʪʠʚʥʠʤ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʙʝʟʧʽʣʦʪʥʠʭ ʣʽʪʘʣʴʥʠʭ 

ʘʧʘʨʘʪʽʚ (ɹʇʃɸ) ʜʣʷ ʚʝʜʝʥʥʷ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ, ʢʦʨʠʛʫʚʘʥʥʷ ʘʨʪʠʣʝʨʽʡʩʴʢʦʛʦ ʚʦʛʥʶ ʪʘ 

ʦʮʽʥʶʚʘʥʥʷ ʥʘʩʣʽʜʢʽʚ ʫʨʘʞʝʥʥʷ. ɿʥʘʯʥʘ ʯʘʩʪʠʥʘ ʨʦʟʚʽʜʫʚʘʣʴʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʬʦʨʤʫʻʪʴʩʷ ʫ 

ʚʠʛʣʷʜʽ ʚʽʜʝʦ ʪʘ ʘʝʨʦʬʦʪʦʟʦʙʨʘʞʝʥʴ, ʷʢʽ ʧʦʪʨʝʙʫʶʪʴ ʦʧʝʨʘʪʠʚʥʦʾ ʦʙʨʦʙʢʠ ʫ ʨʝʞʠʤʽ, 

ʥʘʙʣʠʞʝʥʦʤʫ ʜʦ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ʄʦʜʝʣʽ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʥʘ ʦʩʥʦʚʽ ʛʣʠʙʦʢʠʭ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʜʝʤʦʥʩʪʨʫʶʪʴ ʚʠʩʦʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʷʚʣʝʥʥʷ ʪʘ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ, 

ʧʨʦʪʝ ʾʭ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʢʨʠʪʠʯʥʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʦʙʩʷʛʫ ʪʘ ʷʢʦʩʪʽ ʜʘʥʠʭ ʜʣʷ ʪʨʝʥʫʚʘʥʥʷ. 

ʋ ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ ʚʽʡʥʠ ʚʠʥʠʢʘʶʪʴ ʪʘʢʽ ʦʙʤʝʞʝʥʥʷ: 

ǒ ʙʨʘʢ ʨʦʟʤʽʯʝʥʠʭ ʜʘʥʠʭ ʜʣʷ ʥʦʚʠʭ ʢʣʘʩʽʚ ʪʝʭʥʽʢʠ; 

ǒ ʥʝʤʦʞʣʠʚʽʩʪʴ ʟʽʙʨʘʪʠ ʚʝʣʠʢʽ ʜʘʪʘʩʝʪʠ ʯʝʨʝʟ ʨʠʟʠʢʠ ʜʣʷ ʝʢʽʧʘʞʽʚ ʪʘ ʜʠʥʘʤʽʢʫ ʙʦʡʦʚʠʭ 
ʜʽʡ; 

ǒ ʟʤʽʥʘ ʤʘʩʢʫʚʘʥʥʷ, ʟʦʚʥʽʰʥʴʦʛʦ ʚʠʛʣʷʜʫ ʪʘ ʛʝʦʤʝʪʨʽʾ ʦʙôʻʢʪʽʚ; 

ǒ ʚʘʨʽʘʪʠʚʥʽʩʪʴ ʫʤʦʚ ʟʡʦʤʢʠ (ʜʠʤ, ʚʠʙʫʭʠ, ʥʽʯʥʘ ʟʡʦʤʢʘ, ʜʦʱ, ʪʨʝʤʪʽʥʥʷ ʢʘʤʝʨʠ). 

ʊʘʢʠʤ ʯʠʥʦʤ, ʧʦʩʪʘʻ ʟʘʜʘʯʘ ʨʦʟʨʦʙʢʠ ʤʝʪʦʜʽʚ ʰʚʠʜʢʦʾ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʝʡ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʦ ʥʦʚʠʭ ʢʣʘʩʽʚ ʦʙôʻʢʪʽʚ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʥʘʜʟʚʠʯʘʡʥʦ ʤʘʣʽ ʚʠʙʽʨʢʠ (1-

10 ʧʨʠʢʣʘʜʽʚ). ʎʝ ʚʽʜʧʦʚʽʜʘʻ ʧʘʨʘʜʠʛʤʽ few-shot learning. 
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ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʜʦʩʣʽʜʞʝʥʴ ʽ ʧʫʙʣʽʢʘʮʽʡ 

ʉʫʯʘʩʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʟ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʣʷ ɹʇʃɸ ʟʦʩʝʨʝʜʞʝʥʽ ʥʘ ʟʘʜʘʯʘʭ ʜʝʪʝʢʮʽʾ, 

ʩʝʛʤʝʥʪʘʮʽʾ ʪʘ ʪʨʝʢʽʥʛʫ ʦʙôʻʢʪʽʚ ʫ ʩʢʣʘʜʥʠʭ ʟʦʚʥʽʰʥʽʭ ʫʤʦʚʘʭ [1-4]. ʅʘʡʧʦʰʠʨʝʥʽʰʠʤʠ 

ʧʽʜʭʦʜʘʤʠ ʜʦ ʜʝʪʝʢʮʽʾ ʻ: 

ǒ YOLO-ʩʽʤʝʡʩʪʚʦ ʤʦʜʝʣʝʡ, ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʩʦʢʫ ʰʚʠʜʢʦʜʽʶ ʜʣʷ ʚʙʫʜʦʚʘʥʠʭ ʩʠʩʪʝʤ 

[1-2]; 

ǒ U-Net ʪʘ DeepLab, ʱʦ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʜʣʷ ʩʝʛʤʝʥʪʘʮʽʾ ʽʥʞʝʥʝʨʥʠʭ ʩʧʦʨʫʜ [3-4]; 

ǒ SSD ʪʘ Faster R-CNN, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʧʝʨʝʚʘʞʥʦ ʫ ʣʘʙʦʨʘʪʦʨʥʠʭ ʫʤʦʚʘʭ[2]. 

ʇʨʦʙʣʝʤʘ ʥʝʩʪʘʯʽ ʜʘʥʠʭ ʘʢʪʠʚʥʦ ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʫ ʛʘʣʫʟʷʭ: 

ǒ ʤʝʜʠʯʥʦʾ ʜʽʘʛʥʦʩʪʠʢʠ[5-6], 

ǒ ʨʦʙʦʪʦʪʝʭʥʽʢʠ [5], 

ǒ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ ʨʝʢʦʤʝʥʜʘʮʽʡʥʠʭ ʩʠʩʪʝʤ [7], 

ǒ ʘ ʪʘʢʦʞ ʫ ʜʠʩʪʘʥʮʽʡʥʦʤʫ ʟʦʥʜʫʚʘʥʥʽ ʪʘ ʝʢʦʣʦʛʽʯʥʦʤʫ ʤʦʥʽʪʦʨʠʥʛʫ, ʜʝ ʘʢʪʠʚʥʦ 
ʟʘʩʪʦʩʦʚʫʶʪʴ transfer learning ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʧʦʪʨʝʙʠ ʫ ʚʝʣʠʢʠʭ ʨʦʟʤʽʯʝʥʠʭ 

ʚʠʙʽʨʢʘʭ [12] 

ʋ ʚʽʡʩʴʢʦʚʦʤʫ ʢʦʥʪʝʢʩʪʽ few-shot ʧʽʜʭʦʜʠ ʧʦʯʠʥʘʶʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʣʠʰʝ ʦʩʪʘʥʥʽʤʠ 

ʨʦʢʘʤʠ [8]. ʅʘʡʧʝʨʩʧʝʢʪʠʚʥʽʰʠʤʠ ʤʝʪʦʜʘʤʠ ʚʚʘʞʘʶʪʴʩʷ: 

ǒ ʤʝʪʘ-ʥʘʚʯʘʥʥʷ (MAML, Meta-Learner) [9], 

ǒ ʧʨʦʪʦʪʠʧʥʽ ʤʝʨʝʞʽ (Prototypical Networks) [10], 

ǒ ʘʜʘʧʪʝʨʠ ʪʘ LoRA-ʰʘʨʠ ʜʣʷ ʰʚʠʜʢʦʛʦ ʪʦʥʢʦʛʦ ʜʦʥʘʚʯʘʥʥʷm [11], 

ǒ transfer learning ʽʟ ʟʘʤʦʨʦʞʝʥʠʤ backbone [12]. 

ʆʜʥʘʢ ʜʦʩʣʽʜʞʝʥʥʷ few-shot ʥʘʚʯʘʥʥʷ ʜʣʷ ʘʝʨʦʨʦʟʚʽʜʢʠ ɹʇʃɸ ʚ ʙʦʡʦʚʠʭ ʫʤʦʚʘʭ 

ʬʘʢʪʠʯʥʦ ʚʽʜʩʫʪʥʽ, ʱʦ ʡ ʬʦʨʤʫʻ ʧʨʦʛʘʣʠʥʫ, ʷʢʫ ʧʦʢʣʠʢʘʥʘ ʟʘʧʦʚʥʠʪʠ ʜʘʥʘ ʨʦʙʦʪʘ [1,3,8]. 

ɺʠʜʽʣʝʥʥʷ ʥʝʚʠʨʽʰʝʥʠʭ ʯʘʩʪʠʥ ʟʘʛʘʣʴʥʦʾ ʧʨʦʙʣʝʤʠ 

ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʜʦʟʚʦʣʷʻ ʩʬʦʨʤʫʣʶʚʘʪʠ ʥʠʟʢʫ ʥʝʨʦʟʚôʷʟʘʥʠʭ ʧʨʦʙʣʝʤ: 

ǒ ɺʽʜʩʫʪʥʽʩʪʴ ʤʝʪʦʜʽʚ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʝʡ ʜʝʪʝʢʮʽʾ ʜʦ ʥʦʚʠʭ ʢʣʘʩʽʚ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ ʧʨʠ 
ʤʽʥʽʤʘʣʴʥʽʡ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʟʨʘʟʢʽʚ. 

ǒ ʉʢʣʘʜʥʽʩʪʴ ʟʘʙʝʟʧʝʯʝʥʥʷ ʩʪʽʡʢʦʩʪʽ ʤʦʜʝʣʝʡ ʫ ʧʨʠʩʫʪʥʦʩʪʽ ʙʦʡʦʚʠʭ ʬʘʢʪʦʨʽʚ: ʜʠʤʫ, 

ʚʠʙʫʭʽʚ, ʦʢʣʶʟʽʡ, ʥʠʟʴʢʦʾ ʦʩʚʽʪʣʝʥʦʩʪʽ. 

ǒ ʅʝʤʦʞʣʠʚʽʩʪʴ ʧʦʚʥʦʮʽʥʥʦʛʦ ʜʦʥʘʚʯʘʥʥʷ ʚʝʣʠʢʠʭ ʤʦʜʝʣʝʡ ʥʘ ʧʦʣʽ ʙʦʶ ʯʝʨʝʟ ʦʙʤʝʞʝʥʽ 
ʨʝʩʫʨʩʠ ɹʇʃɸ ʪʘ ʥʘʟʝʤʥʠʭ ʩʪʘʥʮʽʡ. 

ǒ ʇʦʪʨʝʙʘ ʚ ʤʝʪʦʜʘʭ ʰʚʠʜʢʦʛʦ çʧʝʨʝʦʟʙʨʦʻʥʥʷè ʤʦʜʝʣʽ, ʢʦʣʠ ʨʦʟʚʽʜʢʘ ʩʪʠʢʘʻʪʴʩʷ ʟ 

ʥʝʚʽʜʦʤʠʤʠ ʨʘʥʽʰʝ ʦʙôʻʢʪʘʤʠ. 

 

ʊʦʤʫ ʥʝʦʙʭʽʜʥʦ ʨʦʟʨʦʙʠʪʠ ʣʝʛʢʦʚʘʛʦʚʠʡ ʤʝʪʦʜ few-shot ʘʜʘʧʪʘʮʽʾ, ʷʢʠʡ: 

ǒ ʥʝ ʧʦʪʨʝʙʫʻ ʪʨʠʚʘʣʦʛʦ ʥʘʚʯʘʥʥʷ; 

ǒ ʥʝ ʚʠʤʘʛʘʻ ʚʝʣʠʢʠʭ ʦʙʩʷʛʽʚ GPU-ʨʝʩʫʨʩʽʚ; 

ǒ ʰʚʠʜʢʦ ʽʥʪʝʛʨʫʻʪʴʩʷ ʫ ʥʘʷʚʥʽ ʧʘʡʧʣʘʡʥʠ ɹʇʃɸ. 

ʄʝʪʘ ʪʘ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ 

ʄʝʪʘ ʨʦʙʦʪʠ - ʨʦʟʨʦʙʠʪʠ ʤʝʪʦʜ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʽ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʦ ʥʦʚʠʭ ʢʣʘʩʽʚ 

ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ ʥʘ ʦʩʥʦʚʽ few-shot learning, ʧʨʠʜʘʪʥʠʡ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʩʠʩʪʝʤʘʭ 

ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ ʟ ɹʇʃɸ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʤʝʪʠ ʧʦʩʪʘʚʣʝʥʽ ʪʘʢʽ ʟʘʚʜʘʥʥʷ: 

1. ʈʦʟʨʦʙʠʪʠ ʘʨʭʽʪʝʢʪʫʨʫ ʧʦʻʜʥʘʥʥʷ ʟʘʤʦʨʦʞʝʥʦʛʦ backbone ʪʘ ʣʝʛʢʦʚʘʛʦʚʠʭ ʘʜʘʧʪʝʨʽʚ. 

2. ʈʝʘʣʽʟʫʚʘʪʠ ʧʨʦʪʦʪʠʧʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʜʣʷ ʧʽʜʪʨʠʤʢʠ few-shot ʨʝʞʠʤʽʚ. 

3. ʉʪʚʦʨʠʪʠ ʩʠʥʪʝʪʠʯʥʠʡ ʜʘʪʘʩʝʪ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ 1-shot, 5-shot ʪʘ 10-shot ʥʘʚʯʘʥʥʷ. 

4. ʇʨʦʚʝʩʪʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʫ ʦʮʽʥʢʫ ʪʦʯʥʦʩʪʽ ʥʘ ʨʽʟʥʠʭ ʢʣʘʩʘʭ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ. 

5. ʇʨʦʘʥʘʣʽʟʫʚʘʪʠ ʚʧʣʠʚ ʢʽʣʴʢʦʩʪʽ ʧʨʠʢʣʘʜʽʚ ʥʘ ʪʦʯʥʽʩʪʴ ʪʘ ʩʪʽʡʢʽʩʪʴ ʤʦʜʝʣʽ. 
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ʆʩʥʦʚʥʠʡ ʤʘʪʝʨʽʘʣ ʜʦʩʣʽʜʞʝʥʥʷ 

ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʤʦʜʝʣʽ ʦʨʽʻʥʪʦʚʘʥʘ ʥʘ ʫʤʦʚʠ ʨʝʘʣʴʥʦʛʦ ʨʦʟʛʦʨʪʘʥʥʷ ʥʘ 

ʙʦʨʪʫ ɹʇʃɸ, ʜʝ ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʨʝʩʫʨʩʠ ʪʘ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʻ ʩʫʪʪʻʚʦ ʦʙʤʝʞʝʥʠʤʠ. ʄʦʜʝʣʴ 

ʙʫʜʫʻʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʧʦʧʝʨʝʜʥʴʦ ʥʘʪʨʝʥʦʚʘʥʦʛʦ ʜʝʪʝʢʪʦʨʘ ʦʙôʻʢʪʽʚ ʽʟ ʣʝʛʢʠʤ backbone (ʪʠʧʫ 

MobileNetv3 ʘʙʦ YOLOv8n), ʷʢʠʡ ʚʠʢʦʥʫʻ ʨʦʣʴ ʫʥʽʚʝʨʩʘʣʴʥʦʛʦ ʝʢʩʪʨʘʢʪʦʨʘ ʦʟʥʘʢ ʜʣʷ 

ʰʠʨʦʢʦʛʦ ʩʧʝʢʪʨʘ ʩʮʝʥ. ʆʩʥʦʚʥʘ ʽʜʝʷ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʛʣʠʙʦʢʽ ʰʘʨʠ backbone ʟʘʣʠʰʘʶʪʴʩʷ 

ñʟʘʤʦʨʦʞʝʥʠʤʠò, ʘ ʘʜʘʧʪʘʮʽʷ ʜʦ ʥʦʚʠʭ ʢʣʘʩʽʚ ʚʽʜʙʫʚʘʻʪʴʩʷ ʟʘ ʨʘʭʫʥʦʢ ʜʦʜʘʪʢʦʚʠʭ 

ʣʝʛʢʦʚʘʛʦʚʠʭ ʤʦʜʫʣʽʚ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʚʢʣʶʯʘʻ ʪʘʢʽ ʢʦʤʧʦʥʝʥʪʠ: 

ǒ ʟʘʤʦʨʦʞʝʥʠʡ backbone (MobileNetv3 / YOLOv8n backbone), 

ǒ ʘʜʘʧʪʝʨʥʽ ʰʘʨʠ (LoRA-like) ʜʣʷ ʰʚʠʜʢʦʛʦ ʥʘʚʯʘʥʥʷ, 

ǒ ʧʨʦʪʦʪʠʧʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʜʣʷ ʥʦʚʠʭ ʢʣʘʩʽʚ, 

ǒ ʜʝʪʝʢʪʦʨʥʫ ʛʦʣʦʚʫ ʟʽ ʩʧʽʣʴʥʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ. 

ɸʜʘʧʪʝʨʥʽ ʰʘʨʠ ʚʩʪʘʚʣʷʶʪʴʩʷ ʫ ʧʨʦʤʽʞʥʽ ʙʣʦʢʠ backbone ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ 

ʤʦʜʠʬʽʢʫʚʘʪʠ ʧʨʦʩʪʽʨ ʦʟʥʘʢ, ʥʝ ʟʤʽʥʶʶʯʠ ʦʩʥʦʚʥʽ ʚʘʛʠ ʧʦʧʝʨʝʜʥʴʦ ʥʘʪʨʝʥʦʚʘʥʦʾ ʤʝʨʝʞʽ. ʎʝ 

ʜʦʟʚʦʣʷʻ ʚʠʢʦʥʫʚʘʪʠ ʜʦʥʘʚʯʘʥʥʷ ʥʘ ʤʘʣʠʭ ʚʠʙʽʨʢʘʭ, ʦʥʦʚʣʶʶʯʠ ʣʠʰʝ ʥʝʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ 

ʧʘʨʘʤʝʪʨʽʚ, ʱʦ ʩʫʪʪʻʚʦ ʟʤʝʥʰʫʻ ʯʘʩ ʥʘʚʯʘʥʥʷ ʽ ʧʦʪʨʝʙʫ ʚ ʧʘʤôʷʪʽ. ɼʝʪʝʢʪʦʨʥʘ ʛʦʣʦʚʘ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʩʧʽʣʴʥʦ ʜʣʷ ʩʪʘʨʠʭ ʽ ʥʦʚʠʭ ʢʣʘʩʽʚ, ʱʦ ʜʘʻ ʟʤʦʛʫ ʥʝ ñʣʘʤʘʪʠò ʚʞʝ ʥʘʷʚʥʽ 

ʤʦʞʣʠʚʦʩʪʽ ʤʦʜʝʣʽ, ʘ ʣʠʰʝ ʨʦʟʰʠʨʶʚʘʪʠ ʾʾ ʩʣʦʚʥʠʢ ʦʙôʻʢʪʽʚ. 

ʋ ʪʠʧʦʚʦʤʫ ʮʠʢʣʽ ʦʙʨʦʙʢʠ ʚʭʽʜʥʝ ʘʝʨʦʟʦʙʨʘʞʝʥʥʷ ʧʨʦʭʦʜʠʪʴ ʧʦʧʝʨʝʜʥʶ ʥʦʨʤʘʣʽʟʘʮʽʶ, 

ʧʦʪʽʤ ʦʙʨʦʙʣʷʻʪʴʩʷ backbone, ʧʽʩʣʷ ʯʦʛʦ ʤʦʜʠʬʽʢʦʚʘʥʽ ʘʜʘʧʪʝʨʘʤʠ ʦʟʥʘʢʠ ʥʘʜʭʦʜʷʪʴ ʜʦ 

ʜʝʪʝʢʪʦʨʥʦʾ ʛʦʣʦʚʠ ʪʘ ʧʨʦʪʦʪʠʧʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʟʘʙʝʟʧʝʯʫʻ ʢʦʤʧʨʦʤʽʩ ʤʽʞ 

ʪʦʯʥʽʩʪʶ, ʰʚʠʜʢʦʜʽʻʶ ʪʘ ʦʙʩʷʛʦʤ ʧʘʨʘʤʝʪʨʽʚ, ʱʦ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʦ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ 

ʩʠʩʪʝʤʘʭ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ. ʅʘ ʨʠʩʫʥʢʫ 1 ʧʦʜʘʥʦ ʫʟʘʛʘʣʴʥʝʥʫ ʩʭʝʤʫ ʤʦʜʝʣʽ. 

 
ʈʠʩʫʥʦʢ 1. ʋʟʘʛʘʣʴʥʝʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʤʦʜʝʣʽ ʘʜʘʧʪʘʮʽʾ ʥʘ ʤʘʣʠʭ ʚʠʙʽʨʢʘʭ 

 

ɼʣʷ ʨʦʙʦʪʠ ʚ ʫʤʦʚʘʭ ʤʘʣʠʭ ʚʠʙʽʨʦʢ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʧʨʦʪʦʪʠʧʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ, ʷʢʠʡ 

ʦʧʝʨʫʻ ʚ ʧʨʦʩʪʦʨʽ ʦʟʥʘʢ, ʩʬʦʨʤʦʚʘʥʠʭ ʟʘʤʦʨʦʞʝʥʠʤ backbone. ɼʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʫ c ʥʘ ʦʩʥʦʚʽ 

k ʧʨʠʢʣʘʜʽʚ ʬʦʨʤʫʻʪʴʩʷ ʧʨʦʪʦʪʠʧʥʠʡ ʚʝʢʪʦʨ (1), ʷʢʠʡ ʻ ʫʩʝʨʝʜʥʝʥʠʤ ʧʨʝʜʩʪʘʚʣʝʥʥʷʤ ʮʴʦʛʦ 

ʢʣʘʩʫ ʚ ʦʟʥʘʢʦʚʦʤʫ ʧʨʦʩʪʦʨʽ. ɯʥʪʫʾʪʠʚʥʦ ʮʝ ʚʽʜʧʦʚʽʜʘʻ ñʮʝʥʪʨʫ ʤʘʩò ʢʣʘʩʫ, ʥʘʚʢʦʣʦ ʷʢʦʛʦ 

ʨʦʟʪʘʰʦʚʫʶʪʴʩʷ ʚʩʽ ʡʦʛʦ ʨʝʘʣʽʟʘʮʽʾ. 

 

ὴ В Ὢ ὼ          (1) 

 

ʜʝ Ὢ ẗ - ʟʘʬʽʢʩʦʚʘʥʠʡ ʝʢʩʪʨʘʢʪʦʨ ʦʟʥʘʢ, 

ὼ - ʟʦʙʨʘʞʝʥʥʷ ʢʣʘʩʫ c. 
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ʌʫʥʢʮʽʷ Ὢ ẗ ʫ ʬʦʨʤʫʣʽ (1) ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʝʢʩʪʨʘʢʮʽʶ ʦʟʥʘʢ ʟ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʘ ὼ 

ʧʦʟʥʘʯʘʻ ʦʢʨʝʤʽ ʟʨʘʟʢʠ ʢʣʘʩʫ c. ɺʘʞʣʠʚʦ, ʱʦ ʧʘʨʘʤʝʪʨʠ ɡ ʥʘ ʝʪʘʧʽ few-shot ʘʜʘʧʪʘʮʽʾ ʥʝ 

ʟʤʽʥʶʶʪʴʩʷ: ʫʩʷ ʘʜʘʧʪʘʮʽʷ ʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ ʦʥʦʚʣʝʥʥʷ ʧʨʦʪʦʪʠʧʽʚ ʽ ʧʘʨʘʤʝʪʨʽʚ ʣʝʛʢʦʚʘʛʦʚʠʭ 

ʘʜʘʧʪʝʨʽʚ. ʎʝ ʩʧʨʦʱʫʻ ʧʨʦʮʝʩ ʥʘʚʯʘʥʥʷ ñʥʘ ʤʽʩʮʽò ʪʘ ʨʦʙʠʪʴ ʡʦʛʦ ʧʝʨʝʜʙʘʯʫʚʘʥʠʤ ʽʟ ʪʦʯʢʠ 

ʟʦʨʫ ʩʪʘʙʽʣʴʥʦʩʪʽ. 

ʂʣʘʩʠʬʽʢʘʮʽʷ ʥʦʚʦʛʦ ʟʨʘʟʢʘ ʚʠʢʦʥʫʻʪʴʩʷ ʟʘ ʤʽʥʽʤʫʤʦʤ ʝʚʢʣʽʜʦʚʦʾ ʚʽʜʩʪʘʥʽ ʜʦ 

ʧʨʦʪʦʪʠʧʽʚ (2). ʊʘʢʠʤ ʯʠʥʦʤ, ʨʽʰʝʥʥʷ ʫʭʚʘʣʶʻʪʴʩʷ ʥʝ ʟʘ ʨʘʭʫʥʦʢ ʧʦʚʥʦʛʦ ʧʝʨʝʥʘʚʯʘʥʥʷ ʚʩʽʻʾ 

ʤʦʜʝʣʽ, ʘ ʰʣʷʭʦʤ ʧʦʨʽʚʥʷʥʥʷ ʧʦʟʠʮʽʾ ʥʦʚʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʚ ʦʟʥʘʢʦʚʦʤʫ ʧʨʦʩʪʦʨʽ ʟ ʫʞʝ 

ʚʽʜʦʤʠʤʠ ñʮʝʥʪʨʘʤʠò ʢʣʘʩʽʚ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʙʨʝ ʫʟʛʦʜʞʫʻʪʴʩʷ ʟ ʩʫʯʘʩʥʠʤʠ ʤʝʪʦʜʘʤʠ few-shot 

learning ʽ ʜʘʻ ʟʤʦʛʫ ʜʦʩʷʛʘʪʠ ʧʨʠʡʥʷʪʥʦʾ ʷʢʦʩʪʽ ʥʘʚʽʪʴ ʧʨʠ ʥʘʷʚʥʦʩʪʽ ʣʠʰʝ ʢʽʣʴʢʦʭ ʧʨʠʢʣʘʜʽʚ 

ʥʘ ʢʣʘʩ. 

 

ὧᶻ ὥὶὫάὭὲȿȿὪ ὼ ὴȿȿ         (2) 

 

ɼʦʜʘʪʢʦʚʦʶ ʧʝʨʝʚʘʛʦʶ ʧʨʦʪʦʪʠʧʥʦʛʦ ʧʽʜʭʦʜʫ ʻ ʽʥʪʝʨʧʨʝʪʦʚʘʥʽʩʪʴ: ʢʦʞʝʥ ʧʨʦʪʦʪʠʧ 

ʤʦʞʥʘ ʘʩʦʮʽʶʚʘʪʠ ʟ ʪʠʧʦʚʠʤ ʚʠʛʣʷʜʦʤ ʦʙôʻʢʪʘ, ʘ ʚʽʜʩʪʘʥʴ ʜʦ ʧʨʦʪʦʪʠʧʫ ð ʟ ʤʽʨʦʶ ñʩʭʦʞʦʩʪʽò 

ʥʦʚʦʛʦ ʟʨʘʟʢʘ ʥʘ ʝʪʘʣʦʥ. ʎʝ ʚʘʞʣʠʚʦ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʩʠʩʪʝʤʠ ʫ ʚʽʡʩʴʢʦʚʦʤʫ ʢʦʥʪʝʢʩʪʽ, ʜʝ 

ʦʧʝʨʘʪʦʨ ʤʘʻ ʨʦʟʫʤʽʪʠ, ʥʘʩʢʽʣʴʢʠ ʚʧʝʚʥʝʥʦ ʤʦʜʝʣʴ ñʚʧʽʟʥʘʣʘò ʢʦʥʢʨʝʪʥʠʡ ʦʙôʻʢʪ. 

ɼʣʷ ʦʮʽʥʢʠ ʧʨʘʮʝʟʜʘʪʥʦʩʪʽ ʧʽʜʭʦʜʫ ʙʫʣʦ ʟʤʦʜʝʣʴʦʚʘʥʦ ʢʽʣʴʢʘ ʭʘʨʘʢʪʝʨʥʠʭ ʩʮʝʥʘʨʽʾʚ 

ʥʘʚʯʘʥʥʷ ʥʘ ʤʘʣʠʭ ʚʠʙʽʨʢʘʭ (few-shot). ɼʘʥʽ ʨʦʟʧʦʜʽʣʷʣʠʩʷ ʫ ʪʘʢʠʭ ʨʝʞʠʤʘʭ: 

¶ 1-shot: ʦʜʠʥ ʧʨʠʢʣʘʜ ʥʘ ʢʣʘʩ, 

¶ 5-shot: ʧôʷʪʴ ʧʨʠʢʣʘʜʽʚ, 

¶ 10-shot: ʜʝʩʷʪʴ ʧʨʠʢʣʘʜʽʚ. 

¶ 20-shot: ʜʚʘʜʮʷʪʴ ʧʨʠʢʣʘʜʽʚ. 

ʋʩʽ ʩʮʝʥʘʨʽʾ ʙʫʜʫʚʘʣʠʩʷ ʥʘ ʦʜʥʠʭ ʽ ʪʠʭ ʩʘʤʠʭ ʢʣʘʩʘʭ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ, ʱʦ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʙʘʟʦʚʽ ʟʘʜʘʯʽ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ: ʪʘʥʢʠ, ɹʄʇ, ʚʘʥʪʘʞʽʚʢʠ, ʣʝʛʢʦʚʽ ʘʚʪʦʤʦʙʽʣʽ, 

ʘʨʪʠʣʝʨʽʡʩʴʢʽ ʩʠʩʪʝʤʠ, ʫʢʨʽʧʣʝʥʥʷ, ʪʨʘʥʰʝʾ ʪʘ ʛʨʫʧʠ ʞʠʚʦʾ ʩʠʣʠ. ʂʽʣʴʢʽʩʪʴ ʧʨʠʢʣʘʜʽʚ ʫ 

ʢʦʞʥʦʤʫ ʩʮʝʥʘʨʽʾ ʪʘ ʾʭʥʽʡ ʨʦʟʧʦʜʽʣ ʤʽʞ ʢʣʘʩʘʤʠ ʥʘʚʝʜʝʥʦ ʫ ʪʘʙʣʠʮʽ 1. ʏʘʩʪʠʥʘ ʜʘʥʠʭ 

ʨʝʟʝʨʚʫʚʘʣʘʩʷ ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ, ʱʦʙ ʦʮʽʥʠʪʠ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʫʟʘʛʘʣʴʥʶʚʘʪʠ ʟʥʘʥʥʷ ʥʘ ʥʦʚʽ 

ʟʦʙʨʘʞʝʥʥʷ, ʷʢʽ ʥʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʥʘ ʝʪʘʧʽ ʥʘʚʯʘʥʥʷ. 

 

ʊʘʙʣʠʮʷ 1. ʇʨʠʢʣʘʜ ʦʙʩʷʛʽʚ ʥʘʚʯʘʣʴʥʠʭ ʚʠʙʽʨʦʢ ʫ few-shot ʩʮʝʥʘʨʽʷʭ 

 

ʂʣʘʩ 1-shot 5-shot 10-shot 20-shot 

ʊʘʥʢʠ 1 5 10 20 

ɹʄʇ 1 5 10 20 

ɸʨʪʠʣʝʨʽʷ 1 5 10 20 

ʊʨʘʥʰʝʾ 1 5 10 20 

 

ʋʩʽ ʩʮʝʥʘʨʽʾ ʙʫʜʫʚʘʣʠʩʷ ʥʘ ʦʜʥʠʭ ʽ ʪʠʭ ʩʘʤʠʭ ʢʣʘʩʘʭ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ, ʱʦ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʙʘʟʦʚʽ ʟʘʜʘʯʽ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ: ʪʘʥʢʠ, ɹʄʇ, ʚʘʥʪʘʞʽʚʢʠ, ʣʝʛʢʦʚʽ ʘʚʪʦʤʦʙʽʣʽ, 

ʘʨʪʠʣʝʨʽʡʩʴʢʽ ʩʠʩʪʝʤʠ, ʫʢʨʽʧʣʝʥʥʷ, ʪʨʘʥʰʝʾ ʪʘ ʛʨʫʧʠ ʞʠʚʦʾ ʩʠʣʠ. ʂʽʣʴʢʽʩʪʴ ʧʨʠʢʣʘʜʽʚ ʫ 

ʢʦʞʥʦʤʫ ʩʮʝʥʘʨʽʾ ʪʘ ʾʭʥʽʡ ʨʦʟʧʦʜʽʣ ʤʽʞ ʢʣʘʩʘʤʠ ʥʘʚʝʜʝʥʦ ʫ ʪʘʙʣʠʮʽ 1. ʏʘʩʪʠʥʘ ʜʘʥʠʭ 

ʨʝʟʝʨʚʫʚʘʣʘʩʷ ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ, ʱʦʙ ʦʮʽʥʠʪʠ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʫʟʘʛʘʣʴʥʶʚʘʪʠ ʟʥʘʥʥʷ ʥʘ ʥʦʚʽ 

ʟʦʙʨʘʞʝʥʥʷ, ʷʢʽ ʥʝ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʥʘ ʝʪʘʧʽ ʥʘʚʯʘʥʥʷ. 

ʇʨʠʢʣʘʜʠ ʬʦʨʤʫʚʘʣʠʩʷ ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ ʚʽʜʦʙʨʘʟʠʪʠ ʪʠʧʦʚʽ ʫʤʦʚʠ ʟʡʦʤʢʠ ʟ ɹʇʃɸ: 

ʨʽʟʥʫ ʚʠʩʦʪʫ ʧʦʣʴʦʪʫ, ʟʤʽʥʫ ʤʘʩʰʪʘʙʫ, ʯʘʩʪʢʦʚʝ ʧʝʨʝʢʨʠʪʪʷ ʦʙôʻʢʪʽʚ, ʚʘʨʽʘʮʽʾ ʬʦʥʫ ʪʘ 
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ʦʩʚʽʪʣʝʥʥʷ. ɼʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʫ ʧʝʨʝʜʙʘʯʘʚʩʷ ʥʘʙʽʨ ʚʘʨʽʘʥʪʽʚ ʨʘʢʫʨʩʽʚ ʽ ʦʩʚʽʪʣʝʥʥʷ, ʱʦ 

ʜʦʟʚʦʣʷʣʦ ʟʤʦʜʝʣʶʚʘʪʠ ʨʝʘʣʴʥʫ ʚʘʨʽʘʪʠʚʥʽʩʪʴ ʜʘʥʠʭ ʟʘ ʤʽʥʽʤʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʽʜʧʠʩʘʥʠʭ 

ʧʨʠʢʣʘʜʽʚ. 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ 

ʗʢʽʩʪʴ ʨʦʙʦʪʠ ʩʠʩʪʝʤʠ ʦʮʽʥʶʚʘʣʘʩʷ ʟʘ ʤʝʪʨʠʢʦʶ mAP@0.5, ʷʢʘ ʻ ʩʪʘʥʜʘʨʪʥʦʶ ʜʣʷ 

ʟʘʜʘʯ ʜʝʪʝʢʮʽʾ ʦʙôʻʢʪʽʚ. ʋ ʪʘʙʣʠʮʽ 2 ʥʘʚʝʜʝʥʦ ʟʥʘʯʝʥʥʷ mAP@0.5 ʜʣʷ ʨʽʟʥʠʭ few-shot ʨʝʞʠʤʽʚ. 

ʗʢ ʧʦʢʘʟʫʶʪʴ ʨʝʟʫʣʴʪʘʪʠ, ʧʝʨʝʭʽʜ ʚʽʜ 1-shot ʜʦ 5-shot ʜʘʻ ʩʫʪʪʻʚʠʡ ʧʨʠʨʽʩʪ ʪʦʯʥʦʩʪʽ, ʦʩʢʽʣʴʢʠ 

ʤʦʜʝʣʴ ʦʪʨʠʤʫʻ ʜʦʜʘʪʢʦʚʫ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʚʘʨʽʘʪʠʚʥʽʩʪʴ ʚʠʛʣʷʜʫ ʢʦʞʥʦʛʦ ʢʣʘʩʫ. ʇʦʜʘʣʴʰʠʡ 

ʧʝʨʝʭʽʜ ʜʦ 10-shot ʜʘʻ ʜʦʜʘʪʢʦʚʝ ʧʦʢʨʘʱʝʥʥʷ, ʘʣʝ ʧʨʠʨʽʩʪ ʻ ʚʞʝ ʤʝʥʰ ʚʠʨʘʞʝʥʠʤ, ʱʦ 

ʚʽʜʧʦʚʽʜʘʻ ʝʬʝʢʪʫ ʩʧʘʜʥʦʾ ʚʽʜʜʘʯʽ ʚʽʜ ʢʦʞʥʦʛʦ ʥʦʚʦʛʦ ʧʨʠʢʣʘʜʫ. 

 

ʊʘʙʣʠʮʷ 2. mAP@0.5 ʜʣʷ ʨʽʟʥʠʭ Few-shot ʨʝʞʠʤʽʚ 

 

ʈʝʞʠʤ mAP 

1-shot 0.41 

5-shot 0.58 

10-shot 0.67 

20-shot 0.75 

 

ʊʘʢʠʤ ʯʠʥʦʤ, ʧʽʩʣʷ 5-shot ʤʦʜʝʣʴ ʜʝʤʦʥʩʪʨʫʻ ʧʦʤʽʪʥʝ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ, ʘ 10-shot 

ʜʦʟʚʦʣʷʻ ʱʝ ʙʽʣʴʰ ʩʪʘʙʽʣʽʟʫʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ ʟʘ ʨʘʭʫʥʦʢ ʢʨʘʱʦʛʦ ʦʭʦʧʣʝʥʥʷ ʚʥʫʪʨʽʰʥʴʦʢʣʘʩʥʦʾ 

ʚʘʨʽʘʪʠʚʥʦʩʪʽ. ɿʘʣʝʞʥʽʩʪʴ ʪʦʯʥʦʩʪʽ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʜʦʩʪʫʧʥʠʭ ʧʨʠʢʣʘʜʽʚ ʫ ʥʘʦʯʥʦʤʫ ʚʠʛʣʷʜʽ 

ʧʦʢʘʟʘʥʘ ʥʘ ʨʠʩʫʥʢʫ 2: ʢʨʠʚʘ ʤʘʻ ʭʘʨʘʢʪʝʨʥʫ ʬʦʨʤʫ ʟ ʰʚʠʜʢʠʤ ʟʨʦʩʪʘʥʥʷʤ ʥʘ ʧʝʨʰʠʭ ʢʨʦʢʘʭ 

ʪʘ ʧʦʩʪʫʧʦʚʠʤ ʥʘʙʣʠʞʝʥʥʷʤ ʜʦ ʧʣʘʪʦ. 

 

 
ʈʠʩʫʥʦʢ 2. ɿʘʣʝʞʥʽʩʪʴ ʪʦʯʥʦʩʪʽ (mAP@0.5) ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʜʦʩʪʫʧʥʠʭ ʧʨʠʢʣʘʜʽʚ 
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ʆʢʨʝʤʦ ʙʫʣʦ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʷʢʽʩʪʴ ʜʝʪʝʢʮʽʾ ʥʘ ʧʨʠʢʣʘʜʘʭ, ʱʦ ʽʤʽʪʫʶʪʴ ʨʝʘʣʴʥʽ ʙʦʡʦʚʽ 

ʩʮʝʥʠ. ʅʘ ʨʠʩʫʥʢʫ 3 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʜʝʪʝʢʮʽʾ ʥʦʚʠʭ ʢʣʘʩʽʚ ʧʽʩʣʷ 5-shot ʘʜʘʧʪʘʮʽʾ. ɺʠʜʥʦ, 

ʱʦ ʤʦʜʝʣʴ ʢʦʨʝʢʪʥʦ ʣʦʢʘʣʽʟʫʻ ʢʣʶʯʦʚʽ ʦʙôʻʢʪʠ ʪʘ ʚʽʜʦʢʨʝʤʣʶʻ ʾʭ ʚʽʜ ʬʦʥʫ, ʥʘʚʽʪʴ ʟʘ ʥʘʷʚʥʦʩʪʽ 

ʯʘʩʪʢʦʚʠʭ ʧʝʨʝʢʨʠʪʪʽʚ ʽ ʥʝʦʜʥʦʨʽʜʥʦʛʦ ʬʦʥʫ. ɺʦʜʥʦʯʘʩ ʦʢʨʝʤʽ ʧʦʤʠʣʢʠ (ʥʘʧʨʠʢʣʘʜ, ʧʨʦʧʫʩʢ 

ʤʘʣʠʭ ʘʙʦ ʯʘʩʪʢʦʚʦ ʟʘʢʨʠʪʠʭ ʮʽʣʝʡ) ʚʢʘʟʫʶʪʴ ʥʘ ʪʝ, ʱʦ ʧʦʜʘʣʴʰʝ ʫʜʦʩʢʦʥʘʣʝʥʥʷ ʘʫʛʤʝʥʪʘʮʽʾ 

ʪʘ ʘʜʘʧʪʝʨʽʚ ʤʦʞʝ ʜʘʪʠ ʜʦʜʘʪʢʦʚʠʡ ʚʠʛʨʘʰ. ʅʘ ʨʠʩʫʥʢʫ 3 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʜʝʪʝʢʮʽʾ ʥʦʚʠʭ 

ʢʣʘʩʽʚ ʧʽʩʣʷ few-shot ʘʜʘʧʪʘʮʽʾ. 

 
 

ʈʠʩʫʥʦʢ  3. ɼʝʪʝʢʮʽʷ ʚʽʡʩʴʢʦʚʠʭ ʦʙôʻʢʪʽʚ ʧʽʩʣʷ 5-shot ʘʜʘʧʪʘʮʽʾ 

 

ɼʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʝʘʣʴʥʦʛʦ ʟʥʽʤʢʘ ʡʦʛʦ ʙʫʣʦ ʧʦʧʝʨʝʜʥʴʦ ʦʙʨʦʙʣʝʥʦ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʩʧʝʮʽʘʣʴʥʠʭ ʬʽʣʴʪʨʽʚ ʟ ʤʝʪʦʶ ʫʩʫʥʝʥʥʷ ʜʠʤʦʚʠʭ ʪʘ ʽʥʰʠʭ ʧʝʨʝʰʢʦʜʞʘʶʯʠʭ ʘʨʪʝʬʘʢʪʽʚ. 

ɿʘʟʥʘʯʝʥʠʡ ʧʽʜʭʽʜ ʻ ʟʘʛʘʣʴʥʦʧʨʠʡʥʷʪʦʶ ʧʨʘʢʪʠʢʦʶ, ʦʜʥʘʢ ʜʝʪʘʣʴʥʠʡ ʘʥʘʣʽʟ ʧʨʦʮʝʜʫʨ 

ʧʦʧʝʨʝʜʥʴʦʾ ʦʙʨʦʙʢʠ ʚʠʭʦʜʠʪʴ ʟʘ ʤʝʞʽ ʮʴʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

ɺʀʉʅʆɺʂʀ. 

ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʽ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʜʣʷ ʩʠʩʪʝʤ 

ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ ʟ ɹʇʃɸ ʚ ʫʤʦʚʘʭ ʦʙʤʝʞʝʥʠʭ ʦʙʩʷʛʽʚ ʜʘʥʠʭ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʧʨʦʪʦʪʠʧʥʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʣʝʛʢʦʚʘʛʦʚʠʭ ʘʜʘʧʪʝʨʽʚ ʜʦʟʚʦʣʠʣʦ ʜʦʩʷʛʪʠ ʟʥʘʯʥʦʛʦ ʧʨʠʨʦʩʪʫ ʪʦʯʥʦʩʪʽ ʧʨʠ 

ʥʘʷʚʥʦʩʪʽ ʣʠʰʝ 1-10 ʧʨʠʢʣʘʜʽʚ ʢʦʞʥʦʛʦ ʢʣʘʩʫ. ʄʝʪʦʜ ʻ ʧʨʠʜʘʪʥʠʤ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ 

ʨʝʘʣʴʥʠʭ ʙʦʡʦʚʠʭ ʩʮʝʥʘʨʽʷʭ, ʜʝ ʦʧʝʨʘʪʠʚʥʘ ʘʜʘʧʪʘʮʽʷ ʜʦ ʥʦʚʠʭ ʪʠʧʽʚ ʪʝʭʥʽʢʠ ʻ ʢʨʠʪʠʯʥʦ 

ʚʘʞʣʠʚʦʶ. 

 

ʉʇʀʉʆʂ ʇʆʉʀʃɸʅʔ. 
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ɸʅɸʃɯɿ ɺʇʈʆɺɸɼɾɽʅʅʗ ɸʃɻʆʈʀʊʄɯɺ ʐʊʋʏʅʆɻʆ ɯʅʊɽʃɽʂʊ.ʋ ʋ ʎɯʃʔʆɺɽ 

ʉʇʆʈʗɼɼʗ ɹɽɿʇɯʃʆʊʅʀʍ ʃɯʊɸʃʔʅʀʍ ɸʇɸʈɸʊɯɺ 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʧʝʨʩʧʝʢʪʠʚʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ 

ʚ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ ʩʫʯʘʩʥʠʭ ʙʝʟʧʽʣʦʪʥʠʭ ʣʽʪʘʣʴʥʠʭ ʘʧʘʨʘʪʽʚ (ɹʧʃɸ), ʟʦʢʨʝʤʘ ʚ ʦʧʪʠʢʦ-ʝʣʝʢʪʨʦʥʥʽ 

ʩʠʩʪʝʤʠ, ʤʦʜʫʣʽ ʥʘʚʝʜʝʥʥʷ, ʮʽʣʝʚʢʘʟʘʥʥʷ ʪʘ ʘʚʪʦʥʦʤʥʽ ʧʽʜʩʠʩʪʝʤʠ. ʆʙˇʨʫʥʪʦʚʘʥʦ ʥʘʫʢʦʚʦ-ʪʝʭʥʽʯʥʽ 

ʧʝʨʝʜʫʤʦʚʠ ʤʦʜʝʨʥʽʟʘʮʽʾ ɹʧʃɸ ʰʣʷʭʦʤ ʽʥʪʝʛʨʘʮʽʾ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʘʣʛʦʨʠʪʤʽʚ, ʟʜʘʪʥʠʭ ʟʘʙʝʟʧʝʯʠʪʠ 

ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʙʦʡʦʚʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ, ʘʚʪʦʥʦʤʥʦʩʪʽ ʪʘ ʩʪʽʡʢʦʩʪʽ ʜʦ ʟʦʚʥʽʰʥʽʭ ʚʧʣʠʚʽʚ, 

ʟʦʢʨʝʤʘ ʨʘʜʽʦʝʣʝʢʪʨʦʥʥʦʛʦ ʧʦʜʘʚʣʝʥʥʷ. ʇʨʦʚʝʜʝʥʦ ʘʥʘʣʽʟ ʘʢʪʫʘʣʴʥʠʭ ʧʫʙʣʽʢʘʮʽʡ ʽ ʧʨʘʢʪʠʯʥʠʭ 

ʧʨʠʢʣʘʜʽʚ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ, ʱʦ ʜʝʤʦʥʩʪʨʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʩʫʯʘʩʥʠʭ AI-ʣʽʪʘʢʽʚ ʪʘ ʜʨʦʥʽʚ ʟ 

ʽʥʪʝʛʨʦʚʘʥʠʤʠ ʦʧʮʽʷʤʠ ʦʙôʻʢʪʥʦʛʦ ʚʠʷʚʣʝʥʥʷ, ʘʜʘʧʪʠʚʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ ʪʘ ʩʘʤʦʩʪʽʡʥʦʛʦ ʢʦʨʠʛʫʚʘʥʥʷ 

ʪʨʘʻʢʪʦʨʽʾ ʧʦʣʴʦʪʫ. ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʚʠʢʣʠʢʘʤ, ʧʦʚôʷʟʘʥʠʤ ʟ ʝʪʠʯʥʠʤʠ ʘʩʧʝʢʪʘʤʠ, 

ʢʽʙʝʨʙʝʟʧʝʢʦʶ, ʨʝʛʫʣʷʪʦʨʥʠʤʠ ʦʙʤʝʞʝʥʥʷʤʠ, ʘ ʪʘʢʦʞ ʧʨʦʙʣʝʤʘʤ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ, ʷʢʽ 

ʟʘʣʠʰʘʶʪʴʩʷ ʢʨʠʪʠʯʥʠʤʠ ʜʣʷ ʨʦʟʨʦʙʣʝʥʥʷ ʙʦʨʪʦʚʠʭ AI-ʩʠʩʪʝʤ. ʆʢʨʝʩʣʝʥʦ ʧʝʨʩʧʝʢʪʠʚʥʽ ʥʘʧʨʷʤʠ 

ʨʦʟʚʠʪʢʫ, ʚʢʣʶʯʥʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ edge-ʪʝʭʥʦʣʦʛʽʡ, ʨʦʟʧʦʜʽʣʝʥʠʭ ʨʦʾʚ ʜʨʦʥʽʚ, ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ 
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ʪʘ ʧʝʨʝʜʙʘʯʫʚʘʣʴʥʦʾ ʘʥʘʣʽʪʠʢʠ. ɿʨʦʙʣʝʥʦ ʚʠʩʥʦʚʦʢ, ʱʦ ʽʥʪʝʛʨʘʮʽʷ ʘʣʛʦʨʠʪʤʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʚ 

ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʞʝʥʥʷ ɹʧʃɸ ʬʦʨʤʫʻ ʥʦʚʫ ʧʘʨʘʜʠʛʤʫ ʨʦʟʚʠʪʢʫ ʙʝʟʧʽʣʦʪʥʦʾ ʘʚʽʘʮʽʾ ʪʘ ʟʘʙʝʟʧʝʯʫʻ 

ʩʫʪʪʻʚʝ ʧʦʩʠʣʝʥʥʷ ʦʙʦʨʦʥʥʠʭ ʤʦʞʣʠʚʦʩʪʝʡ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʙʝʟʧʽʣʦʪʥʽ ʣʽʪʘʣʴʥʽ ʘʧʘʨʘʪʠ; ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ; ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʞʝʥʥʷ; 

ʘʣʛʦʨʠʪʤʠ; ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ; ʩʠʩʪʝʤʠ ʥʘʚʝʜʝʥʥʷ; ʢʽʙʝʨʙʝʟʧʝʢʘ; ʨʦʾ ʜʨʦʥʽʚ. 

Abstract. The article examines the prospects for integrating artificial intelligence (AI) algorithms into 

the target equipment of modern unmanned aerial vehicles (UAVs), including optoelectronic systems, guidance 

modules, target designation and autonomous subsystems. The study substantiates the scientific and technical 

prerequisites for upgrading UAVs through the implementation of intelligent algorithms capable of increasing 

targeting accuracy, autonomy and resilience to external impacts, including electronic warfare. An analysis of 

recent publications and practical examples is provided, demonstrating the effectiveness of AI-supported 

aircraft and drones equipped with real-time object detection, adaptive planning and autonomous trajectory 

correction. Special attention is paid to the challenges associated with ethical issues, cybersecurity risks, 

regulatory limitations and energy-efficiency constraints, which remain critical for the development of onboard 

AI systems. The article outlines promising directions such as edge-processing technologies, distributed drone 

swarms, generative models and predictive analytics. It is concluded that the integration of artificial 

intelligence algorithms into UAV target equipment forms a new paradigm for the evolution of unmanned 

aviation and significantly enhances defense capabilities. 

Keywords: unmanned aerial vehicles; artificial intelligence; target equipment; algorithms; machine 

learning; guidance systems; cybersecurity; drone swarms. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. 

ʉʫʯʘʩʥʽ ʙʝʟʧʽʣʦʪʥʽ ʣʽʪʘʣʴʥʽ ʘʧʘʨʘʪʠ (ɹʧʃɸ) ʚʽʜʽʛʨʘʶʪʴ ʢʣʶʯʦʚʫ ʨʦʣʴ ʫ ʚʽʡʩʴʢʦʚʠʭ, 

ʮʠʚʽʣʴʥʠʭ ʪʘ ʢʦʤʝʨʮʽʡʥʠʭ ʦʧʝʨʘʮʽʷʭ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʨʦʟʚʽʜʢʫ, ʤʦʥʽʪʦʨʠʥʛ ʪʘ ʪʦʯʢʦʚʽ ʫʜʘʨʠ. 

ʆʜʥʘʢ ʪʨʘʜʠʮʽʡʥʽ ʩʠʩʪʝʤʠ ʮʽʣʴʦʚʦʛʦ ʩʧʦʨʷʜʜʷ, ʪʘʢʽ ʷʢ ʦʧʪʠʯʥʽ ʩʝʥʩʦʨʠ, ʨʘʜʘʨʠ ʪʘ ʩʠʩʪʝʤʠ 

ʥʘʚʝʜʝʥʥʷ, ʩʪʠʢʘʶʪʴʩʷ ʟ ʥʠʟʢʦʶ ʧʨʦʙʣʝʤ: ʦʙʤʝʞʝʥʦʶ ʘʚʪʦʥʦʤʥʽʩʪʶ, ʟʘʣʝʞʥʽʩʪʶ ʚʽʜ 

ʦʧʝʨʘʪʦʨʘ ɹʧʃɸ, ʥʠʟʴʢʦʶ ʪʦʯʥʽʩʪʶ ʚ ʜʠʥʘʤʽʯʥʠʭ ʫʤʦʚʘʭ (ʥʘʧʨʠʢʣʘʜ, ʧʨʠ ʟʤʽʥʽ ʧʦʛʦʜʠ ʯʠ 

ʨʘʜʽʦʝʣʝʢʪʨʦʥʥʦʤʫ ʧʦʜʘʚʣʝʥʥʽ), ʘ ʪʘʢʦʞ ʚʠʩʦʢʠʤ ʩʧʦʞʠʚʘʥʥʷʤ ʨʝʩʫʨʩʽʚ. ʋ ʢʦʥʪʝʢʩʪʽ 

ʟʨʦʩʪʘʥʥʷ ʟʘʛʨʦʟ, ʪʘʢʠʭ ʷʢ ʘʩʠʤʝʪʨʠʯʥʽ ʢʦʥʬʣʽʢʪʠ ʪʘ ʢʽʙʝʨʘʪʘʢʠ, ʚʠʥʠʢʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ 

ʧʽʜʚʠʱʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʩʪʽ ɹʧʃɸ. ɯʥʪʝʛʨʘʮʽʷ ʘʣʛʦʨʠʪʤʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ) 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʫ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ ɹʧʃɸ ʤʦʞʝ ʚʠʨʽʰʠʪʠ ʮʽ ʧʨʦʙʣʝʤʠ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʙʽʣʴʰ 

ʷʢʽʩʥʽʰʝ ʦʙʨʦʙʣʝʥʥʷ ʨʦʟʚʽʜʜʘʥʠʭ ʚ ʫʤʦʚʘʭ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ, ʘʜʘʧʪʠʚʥʝ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʽ 

ʥʘʚʝʜʝʥʥʷ ʥʘ ʮʽʣʴ ʪʘ ʥʘʚʽʪʴ ʢʦʦʨʜʠʥʘʮʽʶ ʨʦʾʚ ʜʨʦʥʽʚ. ʇʨʦʙʣʝʤʘ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʙʝʟ ʐɯ 

ɹʧʃɸ ʟʘʣʠʰʘʶʪʴʩʷ ʚʨʘʟʣʠʚʠʤʠ ʜʦ ʧʦʤʠʣʦʢ, ʪʦʜʽ ʷʢ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʚʠʤʘʛʘʻ ʧʦʜʦʣʘʥʥʷ 

ʪʝʭʥʽʯʥʠʭ, ʝʪʠʯʥʠʭ ʪʘ ʨʝʛʫʣʷʪʦʨʥʠʭ ʙʘʨôʻʨʽʚ, ʪʘʢʠʭ ʷʢ ʟʘʙʝʟʧʝʯʝʥʥʷ ʪʦʯʥʦʩʪʽ ʥʘʚʝʜʝʥʥʷ ʙʝʟ 

ʨʠʟʠʢʫ ʜʣʷ ʮʠʚʽʣʴʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ. ʎʝ ʩʪʘʻ ʦʩʦʙʣʠʚʦ ʘʢʪʫʘʣʴʥʠʤ ʥʘʫʢʦʚʦ-ʧʨʘʢʪʠʯʥʠʤ 

ʟʘʚʜʘʥʥʷʤ ʥʘ ʮʝʡ ʯʘʩ ʪʘ ʧʽʜʢʨʝʩʣʶʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʘʥʘʣʽʟʫ ʧʽʜʭʦʜʽʚ ʜʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʫ 

ʙʦʨʪʦʚʝ ʩʧʦʨʷʜʜʷ ɹʧʃɸ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʧʝʨʩʧʝʢʪʠʚ ʧʝʨʝʭʦʜʫ ʚʽʜ ʪʨʘʜʠʮʽʡʥʠʭ ʜʦ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. 

ɸʥʘʣʽʟ ʧʫʙʣʽʢʘʮʽʡ ʟʘ 2023-2025 ʨʦʢʠ ʩʚʽʜʯʠʪʴ ʧʨʦ ʘʢʪʠʚʥʠʡ ʨʦʟʚʠʪʦʢ ʧʨʦʮʝʩʽʚ 

ʽʥʪʝʛʨʘʮʽʾ ʐɯ ʚ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ ɹʧʃɸ. ʆʩʦʙʣʠʚʘ ʫʚʘʛʘ ʧʨʠʢʫʪʘ ʜʦ ʜʦʩʣʽʜʞʝʥʥʷ ʧʝʨʩʧʝʢʪʠʚ 

ʨʦʟʚʠʪʢʫ ʥʘʚʽʛʘʮʽʡʥʠʭ ʩʠʩʪʝʤ ʟ ʝʣʝʤʝʥʪʘʤʠ ʐɯ, ʜʝʪʘʣʴʥʠʡ ʦʛʣʷʜ ʷʢʠʭ ʥʘʚʝʜʝʥʦ ʫ ʜʞʝʨʝʣʽ [1]. 

ɸʚʪʦʨʠ ʧʽʜʢʨʝʩʣʶʶʪʴ ʧʝʨʩʧʝʢʪʠʚʠ ʐɯ ʜʣʷ ʘʚʪʦʥʦʤʥʦʾ ʥʘʚʽʛʘʮʽʾ ʪʘ ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʟ ʩʝʥʩʦʨʽʚ, 

ʱʦ ʧʦʢʨʘʱʫʻ ʪʦʯʥʽʩʪʴ ʥʘʚʝʜʝʥʥʷ ʚ ʩʠʩʪʝʤʘʭ ISR (Intelligence, Surveillance & Reconnaissance). 

ɼʦʩʣʽʜʞʝʥʥʷ ʬʦʢʫʩʫʻʪʴʩʷ ʥʘ ʐɯ ʜʣʷ ʧʨʝʮʠʟʽʡʥʠʭ ʫʜʘʨʽʚ, ʟʘʟʥʘʯʘʶʯʠ ʟʨʦʩʪʘʥʥʷ ʨʠʥʢʫ ʪʘʢʠʭ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʥʘ ʜʦʚʛʫ ʧʝʨʩʧʝʢʪʠʚʫ, ʟ ʧʝʚʥʠʤʠ ʚʠʢʣʠʢʘʤʠ ʫ ʢʽʙʝʨʙʝʟʧʝʮʽ ʪʘ 

ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ [1].  

ɸʣʛʦʨʠʪʤʠ ʐɯ ʪʘʢʦʞ ʤʘʶʪʴ ʧʝʚʥʽ ʥʝʜʦʩʢʦʥʘʣʦʩʪʽ (ʧʦʭʠʙʢʠ), ʽʩʥʫʶʪʴ ʧʨʦʙʣʝʤʠ 

ʧʦʚôʷʟʘʥʽ ʟ ʪʘʢ ʟʚʘʥʠʤʠ ʝʪʠʯʥʠʤʠ ʧʨʦʙʣʝʤʘʤʠ [2]. ʅʘʡʧʦʰʠʨʝʥʽʰʠʤʠ ʟ ʥʠʭ ʻ ʧʨʦʙʣʝʤʠ ʚ 

ʥʘʚʝʜʝʥʥʽ, ʟʦʢʨʝʤʘ ʙʫʣʠ ʚʠʷʚʣʝʥʽ ʧʦʤʠʣʢʠ ʚ ʩʠʩʪʝʤʘʭ ʪʠʧʫ ñLavenderò (ɯʟʨʘʾʣʴ), ʱʦ 

ʧʨʠʟʥʘʯʝʥʘ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʾ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʧʦʪʝʥʮʽʡʥʠʭ ʮʽʣʝʡ ʧʨʦʪʠʚʥʠʢʘ ʘʨʤʽʻʶ ɯʟʨʘʾʣʶ 



 

 

191 

 

ʫ ʩʝʢʪʦʨʽ ɻʘʟʘ. ʅʝʪʦʯʥʦʩʪʽ ʫ ʮʽʣʝʚʢʘʟʘʥʥʽ ʟʘʟʥʘʯʝʥʦʾ ʩʠʩʪʝʤʠ ʧʨʠʟʚʝʣʠ ʜʦ ʙʘʛʘʪʴʦʭ ʞʝʨʪʚ ʩʝʨʝʜ 

ʮʠʚʽʣʴʥʦʛʦ ʥʘʩʝʣʝʥʥʷ. ɺ ʧʦʜʘʣʴʰʦʤʫ ʙʫʣʦ ʚʠʟʥʘʯʝʥʦ, ʱʦ ʘʣʛʦʨʠʪʤʠ ʐɯ ʚ ʩʠʩʪʝʤʽ ʪʠʧʫ 

ñLavenderò ʤʘʶʪʴ ʧʦʭʠʙʢʫ ʮʽʣʝʚʢʘʟʘʥʥʷ ʙʣʠʟʴʢʦ 10 %. ʊʘʢʦʞ ʝʪʠʯʥʽ ʧʨʦʙʣʝʤʠ ʧʨʠʩʫʪʥʽ ʧʨʠ 

ʧʦʙʫʜʦʚʽ ʨʦʾʚ ʜʨʦʥʽʚ, ʱʦ ʤʦʞʫʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ ʜʣʷ ʘʩʠʤʝʪʨʠʯʥʠʭ ʚʽʡʥ.  

ɼʣʷ ʫʩʫʥʝʥʥʷ ʪʘʢʠʭ ʧʨʦʙʣʝʤ ʟʘʣʫʯʘʶʪʴʩʷ ʩʧʝʮʽʘʣʴʥʽ ʦʢʨʝʤʽ ʘʣʛʦʨʠʪʤʠ (ʦʥʦʚʣʝʥʥʷ), ʱʦ 

ʜʦʟʚʦʣʷʶʪʴ ʐɯ ʚʯʠʪʠʩʴ ʥʘ ʩʚʦʾʭ ʧʦʤʠʣʢʘʭ. ɸʥʘʣʽʟ ʩʫʯʘʩʥʠʭ ʧʫʙʣʽʢʘʮʽʡ, ʱʦ ʧʨʠʩʚʷʯʝʥʽ 

ʨʦʟʚʠʪʢʫ ʪʘ ʚʧʨʦʚʘʜʞʝʥʥʶ ʐɯ [1-14] ʧʦʢʘʟʫʻ, ʱʦ ʥʘ ʮʝʡ ʯʘʩ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʚ ʮʽʣʴʦʚʦʤʫ 

ʩʧʦʨʷʜʜʷ ɹʧʃɸ ʥʘʡʯʘʩʪʽʰʝ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟ ʤʝʪʦʶ ʚʠʢʦʥʘʥʥʷ ʟʘʜʘʯ ʦʙôʻʢʪʥʦʛʦ ʚʠʷʚʣʝʥʥʷ ʪʘ 

ʤʦʥʽʪʦʨʠʥʛʫ, ʟ ʘʢʮʝʥʪʦʤ ʥʘ YOLO-ʘʣʛʦʨʠʪʤʠ, ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʚʠʷʚʣʷʪʠ ʦʙôʻʢʪʠ ʚ ʨʝʞʠʤʽ 

ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ɺʘʞʣʠʚʠʤ ʚʠʢʣʠʢʦʤ ʚ ʮʴʦʤʫ ʧʨʦʮʝʩʽ ʟʘʣʠʰʘʻʪʴʩʷ ʟʘʙʝʟʧʝʯʝʥʥʷ 

ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʪʘ ʧʝʨʩʧʝʢʪʠʚʠ ʚʧʨʦʚʘʜʞʝʥʥʷ green computing ʜʣʷ ʧʦʜʦʚʞʝʥʥʷ ʘʚʪʦʥʦʤʽʾ 

ɹʧʃɸ. ʅʘʨʘʟʽ ʧʠʪʘʥʥʷ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ ʜʦʩʠʪʴ ʛʣʠʙʦʢʦ ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʚ ʪʝʦʨʝʪʠʯʥʦʤʫ ʪʘ 

ʧʨʘʢʪʠʯʥʦʤʫ ʧʣʘʥʘʭ, ʪʦʤʫ ʽʩʥʫʶʪʴ ʧʝʨʩʧʝʢʪʠʚʠ ʧʽʜʚʠʱʝʥʥʷ ʘʚʪʦʥʦʤʥʦʩʪʽ ɹʧʃɸ ʟ ʤʝʪʦʶ 

ʥʘʙʫʪʪʷ ʩʧʨʦʤʦʞʥʦʩʪʝʡ ʙʽʣʴʰ ʧʨʦʜʫʢʪʠʚʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʐɯ [3, 12, 13]. 

ʄʝʪʘ ʨʦʙʦʪʠ. 

ʄʝʪʦʶ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʘʥʘʣʽʟ ʧʝʨʩʧʝʢʪʠʚ ʚʧʨʦʚʘʜʞʝʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʐɯ ʫ ʮʽʣʴʦʚʝ 

ʩʧʦʨʷʜʜʷ ɹʧʃɸ, ʦʮʽʥʢʘ ʧʝʨʝʚʘʛ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʘʚʪʦʥʦʤʥʦʩʪʽ ʪʘ ʪʦʯʥʦʩʪʽ, ʘ ʪʘʢʦʞ 

ʽʜʝʥʪʠʬʽʢʘʮʽʷ ʚʠʢʣʠʢʽʚ ʜʣʷ ʤʘʡʙʫʪʥʴʦʛʦ ʨʦʟʚʠʪʢʫ, ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʨʝʘʣʴʥʠʭ ʧʨʠʢʣʘʜʽʚ 

ʚʧʨʦʚʘʜʞʝʥʥʷ.  

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ. 

ʅʘ ʮʝʡ ʯʘʩ ʟ ʜʠʥʘʤʽʯʥʠʤ ʨʦʟʚʠʪʢʦʤ ɹʧʃɸ ʘʢʮʝʥʪ ʨʦʙʠʪʴʩʷ ʥʘ ʨʦʟʰʠʨʝʥʥʽ ʾʭʥʽʭ 

ʬʫʥʢʮʽʦʥʘʣʴʥʠʭ ʩʧʨʦʤʦʞʥʦʩʪʝʡ, ʱʦ ʦʭʦʧʣʶʻ ʚʠʢʦʥʘʥʥʷ ʰʠʨʦʢʦʛʦ ʩʧʝʢʪʨʫ ʟʘʚʜʘʥʴ. ʑʦ 

ʩʪʦʩʫʻʪʴʩʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʟʘʜʘʯ, ʷʢʽ ʤʦʞʫʪʴ ʚʠʨʽʰʫʚʘʪʠʩʷ ʐɯ ʚ ʪʘʢʠʭ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ɹʧʃɸ, 

ʪʦ ʜʦ ʥʠʭ ʤʦʞʥʘ ʚʽʜʥʝʩʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʨʘʟʽʚ, ʘʥʘʣʽʟ ʩʠʪʫʘʮʽʾ, ʧʣʘʥʫʚʘʥʥʷ ʮʽʣʝʩʧʨʷʤʦʚʘʥʠʭ 

ʜʽʡ, ʢʝʨʫʚʘʥʥʷ ʪʘ ʧʦʰʫʢ ʦʧʪʠʤʘʣʴʥʦʛʦ ʤʘʨʰʨʫʪʫ. ʌʫʥʢʮʽʦʥʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʩʠʩʪʝʤʠ 

ʤʦʞʥʘ ʦʧʠʩʘʪʠ ʷʢ ʧʦʩʪʽʡʥʝ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʥʘ ʦʩʥʦʚʽ ʘʥʘʣʽʟʫ ʧʦʪʦʯʥʠʭ ʩʠʪʫʘʮʽʡ ʜʣʷ 

ʜʦʩʷʛʥʝʥʥʷ ʧʝʚʥʦʾ ʤʝʪʠ [4]. 

ɸʣʛʦʨʠʪʤʠ ʐɯ ʪʨʘʥʩʬʦʨʤʫʶʪʴ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ ɹʧʃɸ, ʚʢʣʶʯʘʶʯʠ ʮʠʬʨʦʚʽ ʢʘʤʝʨʠ, 

ʨʘʜʘʨʠ ʪʘ ʩʠʩʪʝʤʠ ʥʘʚʝʜʝʥʥʷ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʣʦʛʽʯʥʠʡ ʣʘʥʮʶʛ ʚʽʜ ʟʙʦʨʫ ʜʘʥʠʭ ʜʦ ʧʨʠʡʥʷʪʪʷ 

ʨʽʰʝʥʴ. ʋ ʩʠʩʪʝʤʘʭ ʥʘʚʝʜʝʥʥʷ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʻ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ (ʥʘʧʨʠʢʣʘʜ, CNN ʪʘ 

YOLO-ʚʘʨʽʘʥʪʠ) ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʦʙôʻʢʪʽʚ ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ, ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʘʛʨʦʟ ʪʘ 

ʘʜʘʧʪʠʚʥʦʛʦ ʢʦʨʠʛʫʚʘʥʥʷ ʪʨʘʻʢʪʦʨʽʾ, ʱʦ ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ ʫʜʘʨʽʚ ʜʦ 40 % ʧʦʨʽʚʥʷʥʦ ʟ 

ʪʨʘʜʠʮʽʡʥʠʤʠ ʤʝʪʦʜʘʤʠ [5]. ʎʝ ʩʪʚʦʨʶʻ ʦʩʥʦʚʫ ʜʣʷ ʧʦʜʘʣʴʰʦʾ ʘʚʪʦʥʦʤʥʦʩʪʽ, ʜʝ ʐɯ ʥʝ ʣʠʰʝ 

ʦʙʨʦʙʣʷʻ ʜʘʥʽ, ʘʣʝ ʡ ʧʦʻʜʥʫʻʪʴʩʷ ʟ ʽʥʰʠʤʠ ʤʦʜʫʣʷʤʠ ʜʣʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ. 

ʅʘʩʪʫʧʥʠʤ ʢʨʦʢʦʤ ʫ ʣʦʛʽʯʥʽʡ ʝʚʦʣʶʮʽʾ ʻ ʧʝʨʩʧʝʢʪʠʚʠ ʘʚʪʦʥʦʤʥʦʩʪʽ, ʜʝ ʽʥʪʝʛʨʘʮʽʷ 

generative AI (GANs, VAEs) ʜʦʟʚʦʣʷʻ ʧʨʦʛʥʦʟʫʚʘʪʠ ʧʝʨʝʰʢʦʜʠ ʪʘ ʩʪʚʦʨʶʚʘʪʠ 3D-ʤʦʜʝʣʽ, 

ʧʦʜʦʚʞʫʶʯʠ ʘʚʪʦʥʦʤʽʶ ɹʧʃɸ ʫ ʩʢʣʘʜʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ [6]. ʑʦ ʩʪʦʩʫʻʪʴʩʷ ʨʦʾʚ ʜʨʦʥʽʚ, ʪʦ ʐɯ 

ʢʦʦʨʜʠʥʫʻ ʾʭʥʽ ʜʽʾ ʜʣʷ ʢʦʣʝʢʪʠʚʥʦʛʦ ʥʘʚʝʜʝʥʥʷ, ʨʦʙʣʷʯʠ ʩʠʩʪʝʤʠ ʩʪʽʡʢʠʤʠ ʜʦ ʢʦʥʪʨʟʘʭʦʜʽʚ, ʷʢ 

ʫ ʧʨʦʻʢʪʽ Replicator (ʉʐɸ) [1]. ɸʣʛʦʨʠʪʤ ʐɯ Edge AI ʥʘ ʙʦʨʪʫ ɹʧʃɸ ʟʤʝʥʰʫʻ ʟʘʪʨʠʤʢʠ, 

ʜʦʟʚʦʣʷʶʯʠ ʦʙʨʦʙʢʫ ʜʘʥʠʭ ʙʝʟ ʭʤʘʨʥʠʭ ʩʝʨʚʝʨʽʚ, ʱʦ ʣʦʛʽʯʥʦ ʧʦʚôʷʟʘʥʦ ʟ ʧʦʧʝʨʝʜʥʽʤʠ 

ʘʩʧʝʢʪʘʤʠ ʥʘʚʝʜʝʥʥʷ ʪʘ ʟʘʙʝʟʧʝʯʫʻ ʙʝʟʧʝʨʝʨʚʥʽʩʪʴ ʦʧʝʨʘʮʽʡ. 

ɿ ʤʝʪʦʶ ʽʣʶʩʪʨʘʮʽʾ ʧʝʨʩʧʝʢʪʠʚ ʚʠʟʥʘʯʝʥʦ ʨʝʘʣʴʥʽ ʟʨʘʟʢʠ ɹʧʃɸ ʟ ʚʧʨʦʚʘʜʞʝʥʠʤʠ 

ʘʣʛʦʨʠʪʤʘʤʠ ʐɯ, ʷʢʽ ʜʝʤʦʥʩʪʨʫʶʪʴ ʧʦʟʠʪʠʚʥʽ ʨʝʟʫʣʴʪʘʪʠ. ʅʘʧʨʠʢʣʘʜ, ɹʧʃɸ Shield AI X-Bat 

(2025) ï ʮʝ ʙʝʟʧʽʣʦʪʥʠʡ ʚʠʥʠʱʫʚʘʯ ʟ AI-piloted ʩʠʩʪʝʤʦʶ Hivemind, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʚʝʨʪʠʢʘʣʴʥʠʡ ʟʣʽʪ ʽ ʘʚʪʦʥʦʤʥʝ ʥʘʚʝʜʝʥʥʷ, ʜʝʤʦʥʩʪʨʫʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʚʽʡʩʴʢʦʚʠʭ ʦʧʝʨʘʮʽʷʭ ʟ 

ʪʦʯʥʽʩʪʶ ʧʦʥʘʜ 90 % ʧʨʠ ʪʝʩʪʫʚʘʥʥʽ [7, 14]. ɯʥʰʠʡ ʧʨʠʢʣʘʜ ï ɹʧʃɸ Skydio X10, ʜʝ ʽʥʪʝʛʨʦʚʘʥʽ 

ʘʣʛʦʨʠʪʤʠ ʐɯ ʜʣʷ ʘʚʪʦʥʦʤʥʦʾ ʥʘʚʽʛʘʮʽʾ ʜʦʟʚʦʣʠʣʠ ʫʩʧʽʰʥʦ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʮʝʡ ɹʧʃɸ ʚ 

ʧʦʰʫʢʦʚʦ-ʨʷʪʫʚʘʣʴʥʠʭ ʤʽʩʽʷʭ, ʩʢʦʨʦʪʠʚʰʠ ʯʘʩ ʨʝʘʢʮʽʾ ʥʘ 50 % ʧʦʨʽʚʥʷʥʦ ʟ ʨʫʯʥʠʤ 

ʢʝʨʫʚʘʥʥʷʤ [8]. ʋ ʚʽʡʩʴʢʦʚʦʤʫ ʢʦʥʪʝʢʩʪʽ ʫʢʨʘʾʥʩʴʢʽ ʜʨʦʥʠ ʟ ʐɯ ʜʣʷ targeting, ʷʢ ʫ ʧʨʦʻʢʪʘʭ 

TRADOC, ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʠ ʧʦʟʠʪʠʚʥʽ ʨʝʟʫʣʴʪʘʪʠ ʚ ʘʩʠʤʝʪʨʠʯʥʽʡ ʚʽʡʥʽ, ʧʽʜʚʠʱʠʚʰʠ 
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ʝʬʝʢʪʠʚʥʽʩʪʴ ʨʦʟʚʽʜʢʠ ʪʘ ʟʤʝʥʰʠʚʰʠ ʚʪʨʘʪʠ [9]. ʂʦʤʧʘʥʽʷ Anduril ʟ ʜʨʦʥʦʤ Ghost, ʦʩʥʘʱʝʥʠʤ 

ʘʣʛʦʨʠʪʤʦʤ ʐɯ Lattice AI, ʫʩʧʽʰʥʦ ʟʘʩʪʦʩʦʚʫʚʘʣʘʩʷ ʚ ʦʧʝʨʘʮʽʷʭ ʉʐɸ, ʜʝ ʐɯ ʟʘʙʝʟʧʝʯʠʚ 

ʢʦʦʨʜʠʥʘʮʽʶ ʨʦʶ ʜʨʦʥʽʚ ʜʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʢʦʨʜʦʥʽʚ ʟ ʪʦʯʥʽʩʪʶ ʚʠʷʚʣʝʥʥʷ ʙʣʠʟʴʢʦ 95 % [10]. 

ʎʽ ʧʨʠʢʣʘʜʠ ʣʦʛʽʯʥʦ ʜʦʧʦʚʥʶʶʪʴ ʪʝʦʨʝʪʠʯʥʽ ʧʝʨʩʧʝʢʪʠʚʠ, ʧʦʢʘʟʫʶʯʠ ʧʨʘʢʪʠʯʥʫ ʮʽʥʥʽʩʪʴ ʐɯ 

ʜʣʷ ʧʦʜʦʣʘʥʥʷ ʦʙʤʝʞʝʥʴ ʪʨʘʜʠʮʽʡʥʠʭ ʩʠʩʪʝʤ. 

ʈʘʟʦʤ ʟ ʪʠʤ, ʽʩʥʫʻ ʥʠʟʢʘ ʚʠʢʣʠʢʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʚʧʣʠʥʫʪʠ ʥʘ ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ʟʘʟʥʘʯʝʥʠʭ ʘʣʛʦʨʠʪʤʽʚ: 

ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ï ʜʝ ʐɯ ʚʠʤʘʛʘʻ ʧʦʪʫʞʥʠʭ ʧʨʦʮʝʩʦʨʽʚ ʪʘ ʢʦʤʧʣʝʢʪʫʶʯʠʭ, ʚ ʮʴʦʤʫ 

ʥʘʧʨʷʤʽ ʚʚʘʞʘʻʪʴʩʷ ʟʘ ʜʦʮʽʣʴʥʝ ʨʦʟʚʠʚʘʪʠ ʧʨʘʢʪʠʢʫ ʚʠʢʦʨʠʩʪʘʥʥʷ green computing, ʷʢʘ 

ʧʝʨʝʜʙʘʯʘʻ ʦʧʪʠʤʽʟʘʮʽʶ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʟʘ ʨʘʭʫʥʦʢ ʚʠʢʦʨʠʩʪʘʥʥʷ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʠʭ 

ʢʦʤʧʦʥʝʥʪʽʚ, ʩʦʥʷʯʥʠʭ ʧʘʥʝʣʝʡ ʪʘ ʽʥ.; 

ʢʽʙʝʨʙʝʟʧʝʢʘ ï ʻ ʚʘʞʣʠʚʠʤ ʪʘ ʢʨʠʪʠʯʥʠʤ ʚʠʢʣʠʢʦʤ, ʦʩʢʽʣʴʢʠ ʐɯ ʚʨʘʟʣʠʚʝ ʜʦ ʘʪʘʢ, 

ʟʦʢʨʝʤʘ spoofing. ɼʣʷ ʧʦʜʦʣʘʥʥʷ ʮʴʦʛʦ ʚʠʢʣʠʢʫ ʥʝʦʙʭʽʜʥʦ ʨʦʟʚʠʚʘʪʠ ʩʠʩʪʝʤʠ ʟʘʭʠʩʪʫ ʐɯ;  

ʝʪʠʯʥʽ ʘʩʧʝʢʪʠ ʚʢʣʶʯʘʶʪʴ ʨʠʟʠʢ ʮʠʚʽʣʴʥʠʭ ʚʪʨʘʪ ʯʝʨʝʟ ñblack boxò ʐɯ, ʷʢ ʫ ʩʠʩʪʝʤʘʭ 

ɯʟʨʘʾʣʶ. ʇʦʧʝʨʝʜʞʝʥʥʷ ʽ ʫʩʫʥʝʥʥʷ ʮʠʭ ʘʩʧʝʢʪʽʚ ʧʦʚʠʥʥʦ ʚʽʜʙʫʚʘʪʠʩʴ ʥʘ ʝʪʘʧʘʭ ʜʝʪʘʣʴʥʦʛʦ 

ʪʝʩʪʫʚʘʥʥʷ ʪʘʢʠʭ ʘʣʛʦʨʠʪʤʽʚ ʐɯ; 

ʨʝʛʫʣʷʪʦʨʥʽ ʙʘʨôʻʨʠ ʚʠʤʘʛʘʶʪʴ ʤʽʞʥʘʨʦʜʥʠʭ ʥʦʨʤ, ʷʢ ʫ NATO AI Strategy, ʱʦ 

ʧʦʚôʷʟʘʥʦ ʟ ʟʘʙʝʟʧʝʯʝʥʥʷʤ ʙʝʟʧʝʯʥʦʛʦ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

ʑʦ ʩʪʦʩʫʻʪʴʩʷ ʤʘʡʙʫʪʥʽʭ ʪʝʥʜʝʥʮʽʡ, ʪʦ ʧʝʨʝʜʙʘʯʫʚʘʣʴʥʘ ʘʥʘʣʽʪʠʢʘ (Predictive analysis) 

ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʜʦ 2030 ʨʦʢʫ ʐɯ ʟʨʦʙʠʪʴ ɹʧʃɸ ʧʦʚʥʽʩʪʶ ʘʚʪʦʥʦʤʥʠʤʠ, ʟ ʽʥʪʝʛʨʘʮʽʻʶ ʩʚʦʾʭ 

ʘʣʛʦʨʠʪʤʽʚ ʥʝ ʪʽʣʴʢʠ ʚ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ, ʘ ʡ ʫ ʛʣʦʙʘʣʴʥʽ ʦʙʦʨʦʥʥʽ ʤʝʨʝʞʽ. ɼʣʷ ʋʢʨʘʾʥʠ ʪʘʢʽ 

ʧʝʨʩʧʝʢʪʠʚʠ ʚʠʛʣʷʜʘʶʪʴ ʧʦʟʠʪʠʚʥʦ, ʪʘʢ ʷʢ ʮʝ ʜʦʟʚʦʣʠʪʴ ʚʝʩʪʠ ʘʩʠʤʝʪʨʠʯʥʫ ʚʽʡʥʫ ʪʘ ʟʘʭʠʱʘʪʠ 

ʩʚʦʶ ʢʨʘʾʥʫ ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʨʦʟʫʤʥʽ AI-ʜʨʦʥʠ. 

ɺʀʉʅʆɺʂʀ. 

ɺʧʨʦʚʘʜʞʝʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʐɯ ʫ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʞʝʥʥʷ ɹʧʃɸ ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ ʧʝʨʩʧʝʢʪʠʚʠ 

ʜʣʷ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʩʫʯʘʩʥʠʭ ʦʙʦʨʦʥʥʠʭ ʽ ʮʠʚʽʣʴʥʠʭ ʩʠʩʪʝʤ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʧʽʜʚʠʱʝʥʥʷ 

ʪʦʯʥʦʩʪʽ, ʘʚʪʦʥʦʤʥʦʩʪʽ ʪʘ ʝʬʝʢʪʠʚʥʦʩʪʽ ʦʧʝʨʘʮʽʡ.  

ɺʦʜʥʦʯʘʩ, ʟʘʩʪʦʩʫʚʘʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʐɯ ʥʘ ʙʦʨʪʫ ɹʧʃɸ ʧʦʚôʷʟʘʥʝ ʟ ʧʝʚʥʠʤʠ ʚʠʢʣʠʢʘʤʠ 

(ʪʨʫʜʥʦʱʘʤʠ), ʩʝʨʝʜ ʷʢʠʭ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ, ʙʝʟʧʝʢʘ ʚ ʮʠʬʨʦʚʦʤʫ ʧʨʦʩʪʦʨʽ, ʧʠʪʘʥʥʷ ʝʪʠʢʠ 

ʪʘ ʨʝʛʫʣʷʪʦʨʥʽ ʙʘʨôʻʨʠ. ʊʦʤʫ, ʘʢʪʫʘʣʴʥʠʤ ʥʘ ʮʝʡ ʯʘʩ ʻ ʧʦʰʫʢ ʧʽʜʭʦʜʽʚ ʱʦʜʦ ʨʦʟʚʠʪʢʫ 

ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʠʭ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ɹʧʃɸ, ʢʦʤʧʣʝʢʩʥʠʭ ʟʘʭʠʩʥʠʭ ʤʝʭʘʥʽʟʤʽʚ, ʽʥʪʝʛʨʫʶʯʠ ʐɯ 

ʟ ʰʠʬʨʫʚʘʥʥʷʤ, ʧʨʦʪʠʩʪʦʷʥʥʷ ʟʘʛʨʦʟʘʤ ʥʘ ʢʰʪʘʣʪ ʬʘʣʴʩʠʬʽʢʘʮʽʾ ʩʠʛʥʘʣʽʚ ʯʠ ʥʘʧʘʜʽʚ. ɽʪʠʯʥʽ 

ʘʩʧʝʢʪʠ ʧʦʪʨʝʙʫʶʪʴ ʧʽʜʭʦʜʽʚ ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʥʝʙʝʟʧʝʢ, ʟʦʢʨʝʤʘ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʽʥʪʝʨʧʨʝʪʦʚʘʥʦʛʦ ʐɯ ʪʘ ʥʦʨʤʫʚʘʥʥʷ, ʱʦʙ ʟʘʧʦʙʽʛʪʠ ʧʦʭʠʙʢʘʤ ʫ ʩʠʪʫʘʮʽʷʭ ʧʦʚʽʪʨʷʥʠʭ 

ʢʦʥʬʨʦʥʪʘʮʽʡ. 

ʋ ʜʦʚʛʦʩʪʨʦʢʦʚʽʡ ʧʝʨʩʧʝʢʪʠʚʽ, ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʚ ʮʽʣʴʦʚʝ ʩʧʦʨʷʜʜʷ ʪʘ ʟʘʛʘʣʦʤ ʚ 

ʩʝʨʝʜʦʚʠʱʝ ʙʝʟʧʽʣʦʪʥʦʾ ʘʚʽʘʮʽʾ ʩʧʨʠʷʪʠʤʝ ʬʦʨʤʫʚʘʥʥʶ ʩʘʤʦʜʦʩʪʘʪʥʽʭ ʧʣʘʪʬʦʨʤ, ʟʜʘʪʥʠʭ ʜʦ 

ʩʘʤʦʫʜʦʩʢʦʥʘʣʝʥʥʷ ʪʘ ʩʧʽʣʴʥʦʾ ʨʦʙʦʪʠ ʬʦʨʤʫʚʘʥʴ ʽ ʫʧʨʘʚʣʽʥʥʷ ʛʨʫʧʘʤʠ ʜʨʦʥʽʚ, ʱʦ 

ʢʘʨʜʠʥʘʣʴʥʦ ʟʤʽʥʠʪʴ ʧʽʜʭʦʜʠ ʜʦ ʟʘʭʠʩʪʫ ʢʨʘʾʥʠ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ʟʨʦʩʪʘʥʥʷ. 

 ʆʯʽʢʫʻʪʴʩʷ, ʱʦ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʫ ʙʝʟʧʽʣʦʪʥʽ ʘʚʽʘʮʽʡʥʽ ʩʠʩʪʝʤʠ ʚ ʋʢʨʘʾʥʽ ʟʘʙʝʟʧʝʯʠʪʴ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʧʦʚʽʪʨʷʥʦʾ ʨʦʟʚʽʜʢʠ ʪʘ ʪʦʯʥʦʩʪʽ ʫʜʘʨʽʚ, ʘʚʪʦʥʦʤʥʽʩʪʴ ʦʧʝʨʘʮʽʡ, ʟʤʝʥʰʝʥʥʷ 

ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ ʦʧʝʨʘʪʦʨʽʚ ʽ ʰʚʠʜʰʫ ʨʝʘʢʮʽʶ ʥʘ ʧʦʣʽ ʙʦʶ. ʎʝ ʧʦʩʠʣʠʪʴ ʦʙʦʨʦʥʦʟʜʘʪʥʽʩʪʴ, 

ʦʧʪʠʤʽʟʫʻ ʨʝʩʫʨʩʠ ʪʘ ʧʽʜʚʠʱʠʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʧʨʦʪʠʜʽʾ ʟʘʛʨʦʟʘʤ, ʟʦʢʨʝʤʘ ʚ ʫʤʦʚʘʭ ʚʽʡʥʠ ʟ 

ʨʦʩʽʻʶ. 

ʆʪʞʝ, ʐɯ ʥʝ ʧʨʦʩʪʦ ʫʜʦʩʢʦʥʘʣʶʻ ʽʥʩʪʨʫʤʝʥʪʠ ʥʘʚʝʜʝʥʥʷ, ʘ ʡ ʬʦʨʤʫʻ ʥʦʚʽ ʛʦʨʠʟʦʥʪʠ 

ʘʚʽʘʮʽʡʥʠʭ ʨʦʟʨʦʙʦʢ, ʩʧʨʠʷʶʯʠ ʪʨʠʚʘʣʦʤʫ ʨʦʟʚʠʪʢʫ ʚ ʢʦʥʪʝʢʩʪʽ ʩʚʽʪʦʚʠʭ ʧʨʦʙʣʝʤ. 
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ʄʝʣʴʥʠʢ ʉ.ɺ., ʇʝʪʨʦʚ ʆ.ɺ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ, ʤ. ɺʽʥʥʠʮʷ, 

ʋʢʨʘʾʥʘ).  

 

ʅɽʁʈʆʄɽʈɽɾʅʆ-ɽɺʆʃʖʎɯʁʅɸ ʆʇʊʀʄɯɿɸʎɯʗ ʇɸʈɸʄɽʊʈɯɺ ʂɽʈʋɺɸʅʅʗ 

ɻɯɼʈʆʇʈʀɺʆɼʋ ʄɸʅɯʇʋʃʗʊʆʈɸ ʃɯʉʆʇʈʆʄʀʉʃʆɺʆɻʆ ʇʈʀɿʅɸʏɽʅʅʗ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʝʥʦ ʧʽʜʚʠʱʝʥʥʷ ʜʠʥʘʤʽʯʥʦʾ ʪʦʯʥʦʩʪʽ ʪʘ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ 

ʛʽʜʨʦʧʨʠʚʦʜʫ ʤʘʥʽʧʫʣʷʪʦʨʘ ʣʽʩʦʧʨʦʤʠʩʣʦʚʦʛʦ ʧʨʠʟʥʘʯʝʥʥʷ ʥʘ ʦʩʥʦʚʽ ʢʦʤʧʣʝʢʩʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ 

ʧʘʨʘʤʝʪʨʽʚ ʢʝʨʫʚʘʥʥʷ ʪʘ ʢʦʥʩʪʨʫʢʪʠʚʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ʇʦʙʫʜʦʚʘʥʦ ʽʥʪʝʛʨʦʚʘʥʫ ʤʘʪʝʤʘʪʠʯʥʫ 

ʤʦʜʝʣʴ, ʱʦ ʦʭʦʧʣʶʻ ʥʝʣʽʥʽʡʥʽ ʨʽʚʥʷʥʥʷ ʪʝʯʽʾ, ʩʪʠʩʣʠʚʽʩʪʴ ʨʦʙʦʯʦʾ ʨʽʜʠʥʠ, ʚʠʪʦʢʠ, ʜʠʥʘʤʽʢʫ ʪʠʩʢʽʚ ʫ 

ʧʦʨʦʞʥʠʥʘʭ ʛʽʜʨʦʮʠʣʽʥʜʨʘ ʪʘ ʨʫʭ ʣʘʥʢʠ ʤʘʥʽʧʫʣʷʪʦʨʘ. ʋ ʤʦʜʝʣʽ ʨʝʘʣʽʟʦʚʘʥʦ PID-ʨʝʛʫʣʷʪʦʨ ʪʘ 

ʩʪʨʫʢʪʫʨʥʽ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʪʠʩʢʘʤʠ, ʚʠʪʨʘʪʘʤʠ ʡ ʤʦʤʝʥʪʦʤ ʚʠʢʦʥʘʚʯʦʛʦ ʤʝʭʘʥʽʟʤʫ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʛʝʥʝʪʠʯʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʟ ʜʽʡʩʥʠʤ ʢʦʜʫʚʘʥʥʷʤ, ʪʫʨʥʽʨʥʦʶ ʩʝʣʝʢʮʽʻʶ, 

BLX-Ŭ ʢʨʦʩʦʚʝʨʦʤ ʽ ʛʘʫʩʦʚʦʶ ʤʫʪʘʮʽʻʶ. ʆʧʪʠʤʽʟʘʮʽʷ ʦʭʦʧʣʶʻ PID-ʧʘʨʘʤʝʪʨʠ ʪʘ ʢʦʥʩʪʨʫʢʪʠʚʥʽ 

ʟʤʽʥʥʽ, ʚʢʣʶʯʘʶʯʠ ʪʠʩʢ ʞʠʚʣʝʥʥʷ ʪʘ ʜʽʘʤʝʪʨ ʧʦʨʰʥʷ ʛʽʜʨʦʮʠʣʽʥʜʨʘ. ʈʝʟʫʣʴʪʘʪʠ ʤʦʜʝʣʶʚʘʥʥʷ 

ʜʝʤʦʥʩʪʨʫʶʪʴ ʽʩʪʦʪʥʝ ʟʥʠʞʝʥʥʷ ʽʥʪʝʛʨʘʣʴʥʦʾ ʧʦʟʠʮʽʡʥʦʾ ʧʦʤʠʣʢʠ, ʧʝʨʝʨʝʛʫʣʶʚʘʥʥʷ, ʧʽʢʦʚʠʭ ʪʠʩʢʽʚ 

ʪʘ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ, ʘ ʪʘʢʦʞ ʧʦʢʨʘʱʝʥʥʷ ʧʣʘʚʥʦʩʪʽ ʪʘ ʰʚʠʜʢʦʜʽʾ ʧʝʨʝʭʽʜʥʠʭ ʧʨʦʮʝʩʽʚ. ʆʪʨʠʤʘʥʽ 

ʜʘʥʽ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʛʝʥʝʪʠʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ ʜʣʷ ʥʘʣʘʰʪʫʚʘʥʥʷ ʛʽʜʨʘʚʣʽʯʥʠʭ ʧʨʠʚʦʜʽʚ 

ʫ ʫʤʦʚʘʭ ʥʝʣʽʥʽʡʥʦʩʪʽ, ʟʤʽʥʥʠʭ ʥʘʚʘʥʪʘʞʝʥʴ ʽ ʟʦʚʥʽʰʥʽʭ ʟʙʫʨʝʥʴ, ʱʦ ʤʘʻ ʧʨʘʢʪʠʯʥʫ ʮʽʥʥʽʩʪʴ ʜʣʷ 

ʣʽʩʦʟʘʛʦʪʽʚʝʣʴʥʠʭ ʤʘʰʠʥ ʪʘ ʽʥʰʦʾ ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʾ ʪʝʭʥʽʢʠ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʛʽʜʨʦʧʨʠʚʽʜ; ʤʘʥʽʧʫʣʷʪʦʨ; ʛʝʥʝʪʠʯʥʠʡ ʘʣʛʦʨʠʪʤ; PID-ʨʝʛʫʣʷʪʦʨ; 

ʦʧʪʠʤʽʟʘʮʽʷ; ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ; ʪʠʩʢ; ʤʘʪʝʤʘʪʠʯʥʘ ʤʦʜʝʣʴ. 

Abstract. This paper investigates the improvement of dynamic accuracy and energy efficiency of a 

forestry manipulator hydraulic drive through comprehensive optimization of control parameters and 

structural characteristics. An integrated mathematical model is developed, incorporating nonlinear flow 

equations, fluid compressibility, leakages, pressure dynamics in hydraulic cylinder chambers, and the motion 

of the manipulator link. The model employs a PID controller and reflects the structural coupling between 

pressures, flows, and actuator torque. A genetic algorithm with real coding, tournament selection, BLX-Ŭ 

crossover, and Gaussian mutation is proposed. The optimization covers both the PID controller gains and 

design parameters, including supply pressure and cylinder piston diameter. Simulation results demonstrate 

significant reductions in integral positioning error, overshoot, peak pressures, and energy consumption, as 

well as improved smoothness and responsiveness of transient processes. The findings confirm the effectiveness 

of genetic algorithms for tuning hydraulic systems operating under nonlinearities, varying loads, and external 

disturbances. The proposed approach is applicable to forestry machinery and other specialized mobile 

hydraulic equipment requiring high precision and robustness.  

Keywords: hydraulic drive; manipulator; genetic algorithm; PID controller; optimization; energy 

efficiency; pressure; mathematical model. 

 

1.ɺʉʊʋʇ 

ɻʽʜʨʘʚʣʽʯʥʽ ʤʘʥʽʧʫʣʷʪʦʨʠ ʣʽʩʦʧʨʦʤʠʩʣʦʚʦʛʦ ʧʨʠʟʥʘʯʝʥʥʷ  ̒ʦʩʥʦʚʥʠʤ ʪʝʭʥʦʣʦʛʽʯʥʠʤ 

ʦʙʣʘʜʥʘʥʥʷʤ ʭʘʨʚʝʩʪʝʨʽʚ, ʬʦʨʚʘʨʜʝʨʽʚ ʪʘ ʽʥʰʦʾ ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʾ ʪʝʭʥʽʢʠ ʜʣʷ ʟʘʛʦʪʽʚʣʽ 

ʜʝʨʝʚʠʥʠ. ʎʽ ʩʠʩʪʝʤʠ ʧʨʘʮʶʶʪʴ ʫ ʨʝʞʠʤʘʭ ʟʽ ʟʥʘʯʥʠʤʠ ʟʙʫʨʝʥʥʷʤʠ, ʟʤʽʥʥʠʤʠ 

ʥʘʚʘʥʪʘʞʝʥʥʷʤʠ ʪʘ ʚʠʤʦʛʘʤʠ ʜʦ ʚʠʩʦʢʦʾ ʪʦʯʥʦʩʪʽ ʧʦʟʠʮʽʶʚʘʥʥʷ ʨʦʙʦʯʠʭ ʦʨʛʘʥʽʚ. ʉʧʝʮʠʬʽʢʘ 

ʣʽʩʦʟʘʛʦʪʽʚʝʣʴʥʠʭ ʦʧʝʨʘʮʽʡ ʧʝʨʝʜʙʘʯʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʰʚʠʜʢʦʛʦ ʧʝʨʝʤʽʱʝʥʥʷ ʚʘʞʢʠʭ ʚʘʥʪʘʞʽʚ 

(ʩʪʦʚʙʫʨʽʚ ʜʝʨʝʚ ʤʘʩʦʶ ʜʦ 500 ʢʛ) ʟ ʦʜʥʦʯʘʩʥʠʤ ʟʘʙʝʟʧʝʯʝʥʥʷʤ ʧʣʘʚʥʦʩʪʽ ʨʫʭʫ ʪʘ ʪʦʯʥʦʩʪʽ 

ʚʩʪʘʥʦʚʣʝʥʥʷ  [1,2,3].  

ʊʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ ʥʘʣʘʰʪʫʚʘʥʥʷ ʨʝʛʫʣʷʪʦʨʽʚ ʛʽʜʨʘʚʣʽʯʥʠʭ ʩʠʩʪʝʤ, ʟʘʩʥʦʚʘʥʽ ʥʘ 

ʣʽʥʝʘʨʠʟʦʚʘʥʠʭ ʤʦʜʝʣʷʭ ʪʘ ʢʣʘʩʠʯʥʠʭ ʢʨʠʪʝʨʽʷʭ ʥʘʣʘʰʪʫʚʘʥʥʷ (Ziegler-Nichols, Cohen-Coon), 

ʥʝ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʣʝʞʥʦʾ ʷʢʦʩʪʽ ʯʝʨʝʟ ʚʠʨʘʞʝʥʫ ʥʝʣʽʥʽʡʥʽʩʪʴ ʩʠʩʪʝʤʠ. ʅʝʣʽʥʽʡʥʽʩʪʴ 

ʧʨʦʷʚʣʷʻʪʴʩʷ ʫ ʢʚʘʜʨʘʪʠʯʥʽʡ ʟʘʣʝʞʥʦʩʪʽ ʚʠʪʨʘʪʠ ʚʽʜ ʧʝʨʝʧʘʜʫ ʪʠʩʢʫ, ʩʪʠʩʣʠʚʦʩʪʽ ʨʦʙʦʯʦʾ 

ʨʽʜʠʥʠ, ʟʦʥʘʭ ʥʝʯʫʪʣʠʚʦʩʪʽ ʟʦʣʦʪʥʠʢʦʚʠʭ ʨʦʟʧʦʜʽʣʴʥʠʢʽʚ ʪʘ ʝʬʝʢʪʘʭ ʪʝʨʪʷ  [4,5]. 
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ʆʩʪʘʥʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʫ ʛʘʣʫʟʽ ʢʝʨʫʚʘʥʥʷ ʛʽʜʨʘʚʣʽʯʥʠʤʠ ʩʠʩʪʝʤʘʤʠ ʜʝʤʦʥʩʪʨʫʶʪʴ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʘʩʪʦʩʫʚʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʦʧʪʠʤʽʟʘʮʽʾ. ɿʦʢʨʝʤʘ, ʛʝʥʝʪʠʯʥʽ 

ʘʣʛʦʨʠʪʤʠ (GA) ʧʦʢʘʟʘʣʠ ʚʠʩʦʢʫ ʨʝʟʫʣʴʪʘʪʠʚʥʽʩʪʴ ʧʨʠ ʥʘʣʘʰʪʫʚʘʥʥʽ ʧʘʨʘʤʝʪʨʽʚ ʨʝʛʫʣʷʪʦʨʽʚ 

ʩʢʣʘʜʥʠʭ ʥʝʣʽʥʽʡʥʠʭ ʩʠʩʪʝʤ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʛʨʘʜʽʻʥʪʥʠʭ ʤʝʪʦʜʽʚ, ʛʝʥʝʪʠʯʥʽ ʘʣʛʦʨʠʪʤʠ ʥʝ 

ʚʠʤʘʛʘʶʪʴ ʜʠʬʝʨʝʥʮʽʡʦʚʘʥʦʩʪʽ ʮʽʣʴʦʚʦʾ ʬʫʥʢʮʽʾ ʪʘ ʟʜʘʪʥʽ ʟʥʘʭʦʜʠʪʠ ʛʣʦʙʘʣʴʥʽ ʦʧʪʠʤʫʤʠ ʫ 

ʙʘʛʘʪʦʤʦʜʘʣʴʥʠʭ ʧʨʦʩʪʦʨʘʭ ʧʘʨʘʤʝʪʨʽʚ  [6,7]. 

ɼʦʩʣʽʜʞʝʥʥʷ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʠ ʫʩʧʽʰʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ GA ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ 

ʛʽʜʨʘʚʣʽʯʥʦʛʦ ʧʨʠʚʦʜʫ ʨʦʙʦʪʦʪʝʭʥʽʯʥʦʾ ʩʠʩʪʝʤʠ ʟ ʧʦʢʨʘʱʝʥʥʷʤ ʧʝʨʝʭʽʜʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ, 

ʤʦʜʠʬʽʢʦʚʘʥʽ ʛʝʥʝʪʠʯʥʽ ʘʣʛʦʨʠʪʤʠ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʤʦʙʽʣʴʥʠʭ ʛʽʜʨʘʚʣʽʯʥʠʭ 

ʤʘʰʠʥ, ʜʦʩʷʛʥʫʚʰʠ ʟʥʠʞʝʥʥʷ ʚʠʪʨʘʪ ʝʥʝʨʛʽʾ  [8]. ʇʨʦʪʝ, ʙʽʣʴʰʽʩʪʴ ʽʩʥʫʶʯʠʭ ʨʦʙʽʪ ʟʦʩʝʨʝʜʞʝʥʽ 

ʘʙʦ ʥʘ ʦʧʪʠʤʽʟʘʮʽʾ ʣʠʰʝ ʧʘʨʘʤʝʪʨʽʚ ʨʝʛʫʣʷʪʦʨʘ, ʘʙʦ ʦʢʨʝʤʠʭ ʢʦʥʩʪʨʫʢʪʠʚʥʠʭ ʧʘʨʘʤʝʪʨʽʚ, ʙʝʟ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʧʽʜʭʦʜʫ [9]. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʦʟʨʦʙʢʘ ʽʥʪʝʛʨʦʚʘʥʦʾ ʤʘʪʝʤʘʪʠʯʥʦʾ ʤʦʜʝʣʽ ʛʽʜʨʦʧʨʠʚʦʜʫ 

ʤʘʥʽʧʫʣʷʪʦʨʘ ʣʽʩʦʧʨʦʤʠʩʣʦʚʦʛʦ ʧʨʠʟʥʘʯʝʥʥʷ ʪʘ ʟʘʩʪʦʩʫʚʘʥʥʷ ʛʝʥʝʪʠʯʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʜʣʷ 

ʢʦʤʧʣʝʢʩʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ ʧʘʨʘʤʝʪʨʽʚ ʩʠʩʪʝʤʠ ʢʝʨʫʚʘʥʥʷ ʪʘ ʢʦʥʩʪʨʫʢʪʠʚʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʟ 

ʤʝʪʦʶ ʧʽʜʚʠʱʝʥʥʷ ʜʠʥʘʤʽʯʥʦʾ ʪʦʯʥʦʩʪʽ ʪʘ ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʦʩʪʽ. 

2.ʄɸʊɽʄɸʊʀʏʅɸ ʄʆɼɽʃʔ ɻɯɼʈʆʇʈʀɺʆɼʋ 

ɼʠʥʘʤʽʢʘ ʣʘʥʢʠ ʤʘʥʽʧʫʣʷʪʦʨʘ ʦʧʠʩʫʻʪʴʩʷ ʨʽʚʥʷʥʥʷʤ ʦʙʝʨʪʘʣʴʥʦʛʦ ʨʫʭʫ ʪʚʝʨʜʦʛʦ ʪʽʣʘ 

ʥʘʚʢʦʣʦ ʥʝʨʫʭʦʤʦʾ ʦʩʽ : 

ὐ•ȁὸ ὄ•ȕὸ ὓ • † ὸ † ὸ 

ʜʝ ὐ ï ʟʚʝʜʝʥʠʡ ʤʦʤʝʥʪ ʽʥʝʨʮʽʾ ʣʘʥʢʠ ʚʽʜʥʦʩʥʦ ʦʩʽ ʦʙʝʨʪʘʥʥʷ, ʢʛĿʤĮ; ὄ ï ʢʦʝʬʽʮʽʻʥʪ 

ʚ'ʷʟʢʦʛʦ ʪʝʨʪʷ, ʅĿʤĿʩ/ʨʘʜ; ὓ •  ï ʤʦʤʝʥʪ ʩʠʣ ʪʷʞʽʥʥʷ ʚʘʥʪʘʞʫ ʪʘ ʣʘʥʢʠ, ʅĿʤ; † ὸ ï 

ʢʝʨʫʶʯʠʡ ʤʦʤʝʥʪ ʚʽʜ ʛʽʜʨʦʮʠʣʽʥʜʨʘ, ʅĿʤ; † ὸ ï ʟʙʫʨʶʶʯʠʡ ʤʦʤʝʥʪ ʚʽʜ ʟʦʚʥʽʰʥʽʭ 

ʥʘʚʘʥʪʘʞʝʥʴ, ʅĿʤ; •ὸ ï ʢʫʪ ʧʦʚʦʨʦʪʫ ʣʘʥʢʠ, ʨʘʜ. 

ʄʦʤʝʥʪ ʩʠʣ ʪʷʞʽʥʥʷ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ : 

ὓ • άὰ ά ὰẗὫẗÃÏÓ •  

ʜʝ ά  ï ʤʘʩʘ ʣʘʥʢʠ, ʢʛ; ὰ ï ʚʽʜʩʪʘʥʴ ʜʦ ʮʝʥʪʨʫ ʤʘʩ ʣʘʥʢʠ, ʤ; ά  ï ʤʘʩʘ ʚʘʥʪʘʞʫ, ʢʛ; 

ὰ ï ʜʦʚʞʠʥʘ ʣʘʥʢʠ, ʤ; Ὣ ωȢψρ ʤ/ʩĮ ï ʧʨʠʩʢʦʨʝʥʥʷ ʚʽʣʴʥʦʛʦ ʧʘʜʽʥʥʷ. 

ʂʝʨʫʶʯʠʡ ʤʦʤʝʥʪ ʩʪʚʦʨʶʻʪʴʩʷ ʛʽʜʨʦʮʠʣʽʥʜʨʦʤ ʯʝʨʝʟ ʚʘʞʽʣʴʥʠʡ ʤʝʭʘʥʽʟʤ: 

† ὸ ὰẗὃẗὴ ὸ ὴ ὸ  

ʜʝ ὰ ï ʧʣʝʯʝ ʧʨʠʢʣʘʜʘʥʥʷ ʩʠʣʠ ʛʽʜʨʦʮʠʣʽʥʜʨʘ, ʤ; ὃ ï ʝʬʝʢʪʠʚʥʘ ʧʣʦʱʘ ʧʦʨʰʥʷ 

ʛʽʜʨʦʮʠʣʽʥʜʨʘ, ʤĮ; ὴ ὸȟὴ ὸ ï ʪʠʩʢʠ ʫ ʧʦʨʰʥʝʚʽʡ ʪʘ ʰʪʦʢʦʚʽʡ ʧʦʨʦʞʥʠʥʘʭ ʚʽʜʧʦʚʽʜʥʦ, ʇʘ. 

ɼʠʥʘʤʽʢʘ ʪʠʩʢʽʚ ʫ ʧʦʨʦʞʥʠʥʘʭ ʛʽʜʨʦʮʠʣʽʥʜʨʘ ʦʧʠʩʫʻʪʴʩʷ ʨʽʚʥʷʥʥʷʤʠ ʙʘʣʘʥʩʫ ʦʙ'ʻʤʽʚ ʟ 

ʫʨʘʭʫʚʘʥʥʷʤ ʩʪʠʩʣʠʚʦʩʪʽ ʨʦʙʦʯʦʾ ʨʽʜʠʥʠ : 
Ὠὴ

Ὠὸ

‍

ὠ
ὗ ὸ ὃίȕὸ ὗ ȟ ὸ  

Ὠὴ

Ὠὸ

‍

ὠ
ὗ ὸ ὃίȕὸ ὗ ȟ ὸ  

ʜʝ ‍ ï ʝʬʝʢʪʠʚʥʠʡ ʤʦʜʫʣʴ ʦʙ'ʻʤʥʦʾ ʧʨʫʞʥʦʩʪʽ ʨʦʙʦʯʦʾ ʨʽʜʠʥʠ (ʜʣʷ ʤʽʥʝʨʘʣʴʥʠʭ ʦʣʠʚ 

‍ ρȢτ ρπ ʇʘ) ; ὠȟὠ ï ʦʙ'ʻʤʠ ʧʦʨʦʞʥʠʥ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʧʨʠʻʜʥʘʥʠʭ ʪʨʫʙʦʧʨʦʚʦʜʽʚ, ʤį; 

ὗ ὸȟὗ ὸ ï ʚʠʪʨʘʪʠ ʨʽʜʠʥʠ ʚ ʧʦʨʦʞʥʠʥʠ, ʤį/ʩ; ίȕὸ ï ʰʚʠʜʢʽʩʪʴ ʧʦʨʰʥʷ, ʤ/ʩ; 

ὗ ȟ ὸȟὗ ȟ ὸ ï ʚʠʪʽʢʘʥʥʷ ʯʝʨʝʟ ʫʱʽʣʴʥʝʥʥʷ, ʤį/ʩ. 

ɺʠʪʨʘʪʠ ʯʝʨʝʟ ʟʦʣʦʪʥʠʢʦʚʠʡ ʨʦʟʧʦʜʽʣʴʥʠʢ ʚʠʟʥʘʯʘʶʪʴʩʷ ʨʽʚʥʷʥʥʷʤ ɹʝʨʥʫʣʣʽ ʜʣʷ 

ʪʫʨʙʫʣʝʥʪʥʦʾ ʪʝʯʽʾ ʯʝʨʝʟ ʤʽʩʮʝʚʠʡ ʦʧʽʨ : 

ὗ ὅὃ ὼ
ςȿɝὴȿ

”
sgnɝὴ  

ὗ ὅὃ ὼ
ςȿɝὴȿ

”
sgnɝὴ  
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ʜʝ ὅ ï ʢʦʝʬʽʮʽʻʥʪ ʚʠʪʨʘʪʠ ʟʦʣʦʪʥʠʢʘ (ʪʠʧʦʚʦ 0.6-0.7) ; ὃ ὼ  ï ʧʣʦʱʘ ʧʨʦʭʽʜʥʦʛʦ 

ʧʝʨʝʨʽʟʫ ʟʘʣʝʞʥʦ ʚʽʜ ʧʝʨʝʤʽʱʝʥʥʷ ʟʦʣʦʪʥʠʢʘ ὼ, ʤĮ; ” ï ʛʫʩʪʠʥʘ ʨʦʙʦʯʦʾ ʨʽʜʠʥʠ, ʢʛ/ʤį; ɝὴ
ὴ ὴ ï ʧʝʨʝʧʘʜ ʪʠʩʢʫ ʜʣʷ ʧʦʨʰʥʝʚʦʾ ʧʦʨʦʞʥʠʥʠ; ɝὴ ὴ ὴ ï ʧʝʨʝʧʘʜ ʪʠʩʢʫ ʜʣʷ 

ʰʪʦʢʦʚʦʾ ʧʦʨʦʞʥʠʥʠ; ὴ ï ʪʠʩʢ ʞʠʚʣʝʥʥʷ, ʇʘ; ὴ ï ʪʠʩʢ ʟʣʠʚʫ, ʇʘ. 

ʋ ʨʦʙʦʪʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʨʦʧʦʨʮʽʡʥʦ-ʽʥʪʝʛʨʘʣʴʥʦ-ʜʠʬʝʨʝʥʮʽʘʣʴʥʠʡ (PID) 

ʨʝʛʫʣʷʪʦʨ, ɦ ʦ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʧʦʟʠʮʽʶʚʘʥʥʷ ʧʨʠ ʚʽʜʥʦʩʥʽʡ ʧʨʦʩʪʦʪʽ ʨʝʘʣʽʟʘʮʽʾ : 

όὸ ὑὩὸ ὑ Ὡ†Ὠ†ὑײ
ὨὩὸ

Ὠὸ
 

ʜʝ όὸ ï ʢʝʨʫʶʯʝ ʧʝʨʝʤʽʱʝʥʥʷ ʟʦʣʦʪʥʠʢʘ ʨʦʟʧʦʜʽʣʴʥʠʢʘ, ʤʤ; Ὡὸ • ὸ •ὸ ï 

ʧʦʤʠʣʢʘ ʧʦʟʠʮʽʶʚʘʥʥʷ, ʨʘʜ; ὑȟὑȟὑ  ï ʧʨʦʧʦʨʮʽʡʥʠʡ, ʽʥʪʝʛʨʘʣʴʥʠʡ ʪʘ ʜʠʬʝʨʝʥʮʽʘʣʴʥʠʡ 

ʢʦʝʬʽʮʽʻʥʪʠ ʚʽʜʧʦʚʽʜʥʦ. 

3.ʇʆʉʊɸʅʆɺʂɸ ɿɸɼɸʏɯ ʆʇʊʀʄɯɿɸʎɯɰ 

ɼʣʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʧʦʢʨʘʱʝʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʩʠʩʪʝʤʠ ʦʙʨʘʥʦ ʥʘʩʪʫʧʥʠʡ ʚʝʢʪʦʨ 

ʧʘʨʘʤʝʪʨʽʚ ʦʧʪʠʤʽʟʘʮʽʾ: 

— ὑȟὑȟὑȟὴȟὈ  

ʜʝ ὴ ï ʪʠʩʢ ʞʠʚʣʝʥʥʷ ʥʘʩʦʩʘ, ʄʇʘ; Ὀ  ï ʜʽʘʤʝʪʨ ʧʦʨʰʥʷ ʛʽʜʨʦʮʠʣʽʥʜʨʘ, ʤʤ. 

ʆʙʣʘʩʪʽ ʜʦʧʫʩʪʠʤʠʭ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʽʚ ʚʠʟʥʘʯʝʥʦ ʥʘ ʦʩʥʦʚʽ ʪʝʭʥʽʯʥʠʭ ʦʙʤʝʞʝʥʴ: 

ὑ ᶰπȢρȠςπȟὑᶰπȢπρȠςȟὑ ᶰπȢππρȠρȟὴᶰρφȠςυ ʄʇʘȟὈ ᶰφȠρς ʤʤȢ 
3.2. ʂʨʠʪʝʨʽʡ ʷʢʦʩʪʽ 

ɼʣʷ ʙʘʛʘʪʦʢʨʠʪʝʨʽʘʣʴʥʦʾ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʩʠʩʪʝʤʠ ʩʬʦʨʤʦʚʘʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʬʫʥʢʮʽʦʥʘʣ : 

ὐ— ύ Ὡײ ὸὨὸύ όײ ὸὨὸύ„ ύÍÁØὴȟὴ  

ʜʝ ʧʝʨʰʠʡ ʜʦʜʘʥʦʢ ʭʘʨʘʢʪʝʨʠʟʫʻ ʽʥʪʝʛʨʘʣʴʥʫ ʢʚʘʜʨʘʪʠʯʥʫ ʧʦʤʠʣʢʫ ʧʦʟʠʮʽʶʚʘʥʥʷ 

(ITAE ʢʨʠʪʝʨʽʡ); ʜʨʫʛʠʡ ʜʦʜʘʥʦʢ ʦʙʤʝʞʫʻ ʝʥʝʨʛʝʪʠʯʥʽ ʚʠʪʨʘʪʠ ʢʝʨʫʚʘʥʥʷ; ʪʨʝʪʽʡ ʜʦʜʘʥʦʢ 

ʰʪʨʘʬʫʻ ʧʝʨʝʨʝʛʫʣʶʚʘʥʥʷ „ , %; ʯʝʪʚʝʨʪʠʡ ʜʦʜʘʥʦʢ ʦʙʤʝʞʫʻ ʧʽʢʦʚʽ ʪʠʩʢʠ ʫ ʩʠʩʪʝʤʽ. 

ɺʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʦʙʨʘʥʦ ʝʤʧʽʨʠʯʥʦ: ύ ρȢπ, ύ πȢρ, ύ πȢυ, ύ πȢπρ. 
ɿʘʜʘʯʘ ʦʧʪʠʤʽʟʘʮʽʾ ʬʦʨʤʫʣʶʻʪʴʩʷ ʷʢ: 

—ᶻ ÁÒÇ ÍÉÎ
ᶰ
 —ὐײ

ʜʝ ɱ  ï ʦʙʣʘʩʪʴ ʜʦʧʫʩʪʠʤʠʭ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʽʚ. 

4.ɻɽʅɽʊʀʏʅʀʁ ɸʃɻʆʈʀʊʄ ʆʇʊʀʄɯɿɸʎɯɰ 

ɺʠʢʦʨʠʩʪʘʥʦ ʜʽʡʩʥʝ (real-coded) ʢʦʜʫʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʪʦʯʥʽʩʪʴ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʪʘ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʦʰʫʢʫ ʧʦʨʽʚʥʷʥʦ ʟ ʙʽʥʘʨʥʠʤ ʢʦʜʫʚʘʥʥʷʤ  [10,11]. ʍʨʦʤʦʩʦʤʘ 

(ʽʥʜʠʚʽʜ ʧʦʧʫʣʷʮʽʾ) ʧʨʝʜʩʪʘʚʣʷʻʪʴʩʷ ʚʝʢʪʦʨʦʤ: 

Ὀὔὃ ὑȟὑȟὑȟὴȟὈ  

ɯʥʽʮʽʘʣʽʟʘʮʽʷ ʧʦʧʫʣʷʮʽʾ ʟ ὔ υπ ʽʥʜʠʚʽʜʽʚ ʛʝʥʝʨʫʻʪʴʩʷ ʚʠʧʘʜʢʦʚʦ ʫ ʤʝʞʘʭ 

ʜʦʧʫʩʪʠʤʠʭ ʦʙʣʘʩʪʝʡ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʨʽʚʥʦʤʽʨʥʦʛʦ ʨʦʟʧʦʜʽʣʫ. 

ʉʝʣʝʢʮʽʷ ʟʘʩʪʦʩʦʚʘʥʦ ʪʫʨʥʽʨʥʫ ʩʝʣʝʢʮʽʶ ʟ ʨʦʟʤʽʨʦʤ ʪʫʨʥʽʨʫ Ὧ σ : 

ὖ
ρ

Ὧ
Ὢײ ÍÉÎὪȟȢȢȢȟὪ  

ʂʨʦʩʦʚʝʨ ʚʠʢʦʨʠʩʪʘʥʦ BLX-Ŭ ʦʧʝʨʘʪʦʨ ʟ ʧʘʨʘʤʝʪʨʦʤ ‌ πȢυ : 
— ȟ —ȟ ‍—ȟ —ȟ  

ʜʝ ‍ᶰ ‌ȟρ ‌ ï ʚʠʧʘʜʢʦʚʝ ʯʠʩʣʦ, Ὥ ï ʽʥʜʝʢʩ ʛʝʥʘ. ʁʤʦʚʽʨʥʽʩʪʴ ʢʨʦʩʦʚʝʨʫ: ὖ πȢψ. 
ʄʫʪʘʮʽʷ ʟʘʩʪʦʩʦʚʘʥʦ ʛʘʫʩʦʚʫ ʤʫʪʘʮʽʶ ʟ ʘʜʘʧʪʠʚʥʦʶ ʜʠʩʧʝʨʩʽʻʶ : 

— — ﬞ πȟ„ ὫὩὲ 

ʜʝ „ ὫὩὲ „ ẗρ  ï ʜʠʩʧʝʨʩʽʷ; „ ï ʧʦʯʘʪʢʦʚʝ ʩʪʘʥʜʘʨʪʥʝ ʚʽʜʭʠʣʝʥʥʷ 

(10% ʚʽʜ ʜʽʘʧʘʟʦʥʫ ʧʘʨʘʤʝʪʨʘ).  
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ʁʤʦʚʽʨʥʽʩʪʴ ʤʫʪʘʮʽʾ: ὖ πȢρυ, ʝʣʽʪʠʟʤ ï ʟʙʝʨʝʞʝʥʥʷ 2 ʥʘʡʢʨʘʱʠʭ ʽʥʜʠʚʽʜʽʚ. ʈʦʟʤʽʨ 

ʧʦʧʫʣʷʮʽʾ ὔ υπ; ʂʽʣʴʢʽʩʪʴ ʧʦʢʦʣʽʥʴ ὫὩὲ ρππ; ʂʨʠʪʝʨʽʡ ʟʫʧʠʥʢʠ ï ʚʽʜʩʫʪʥʽʩʪʴ 

ʧʦʢʨʘʱʝʥʥʷ ʧʨʦʪʷʛʦʤ 20 ʧʦʢʦʣʽʥʴ ʘʙʦ ʜʦʩʷʛʥʝʥʥʷ ὫὩὲ  . 

5.ʈɽɿʋʃʔʊɸʊʀ ʄʆɼɽʃʖɺɸʅʅʗ 

ʇʦʯʘʪʢʦʚʽ ʫʤʦʚʠ: ʧʽʜʡʦʤ ʚʘʥʪʘʞʫ ʤʘʩʦʶ 300 ʢʛ ʥʘ ʢʫʪ 45Á ʟʘ ʯʘʩ 3 ʩ.; ʧʦʯʘʪʢʦʚʽ 

ʧʘʨʘʤʝʪʨʠ ʩʠʩʪʝʤʠ: ὐ ψυ ʢʛĿʤĮ, ὄ ρς ʅĿʤĿʩ/ʨʘʜ, ὰ ςȢτ ʤ, ὴ ςπ ʄʇʘ, Ὀ ψ ʤʤ.; 
ʧʦʯʘʪʢʦʚʽ PID: ὑ σȢυ, ὑ πȢψ, ὑ πȢρυ. 

ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ ʜʦ ʦʧʪʠʤʽʟʘʮʽʾ: ʧʝʨʝʨʝʛʫʣʶʚʘʥʥʷ „ ςψϷ; ʽʥʪʝʛʨʘʣʴʥʘ ʧʦʤʠʣʢʘ 
ὐ ρςȢτ ʨʘʜĮĿʩ; ʧʽʢʦʚʠʡ ʪʠʩʢ ÍÁØὴ ςυȢψ ʄʇʘ; ʯʘʩ ʧʝʨʝʭʦʜʫ ὸ ςȢψ ʩ; ʝʥʝʨʛʝʪʠʯʥʽ 
ʚʠʪʨʘʪʠ Ὁ ρφυπ ɼʞ. 

ʈʝʟʫʣʴʪʘʪʠ ʛʝʥʝʪʠʯʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ —z φȢςȟπȢτπȟπȢπυȟςρȢυ˙˜ȟ́ωȢς̍  ̍(ʟʤʽʥʠ: +77%, 

-50%, -67%, +7.5%, +15%). ʇʦʢʨʘʱʝʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ: ʧʝʨʝʨʝʛʫʣʶʚʘʥʥʷ ʟʤʝʥʰʝʥʦ ʜʦ ρρϷ, 
ʽʥʪʝʛʨʘʣʴʥʘ ʧʦʤʠʣʢʘ ʜʦ υȢρ ʨʘʜĮĿʩ, ʧʽʢʦʚʠʡ ʪʠʩʢ ʜʦ ςσȢρ ʄʇʘ, ʯʘʩ ʧʝʨʝʭʦʜʫ ʜʦ ςȢρ ʩ, 
ʝʥʝʨʛʝʪʠʯʥʽ ʚʠʪʨʘʪʠ ʜʦ ρσχπ ɼʞ.; ʟʥʠʞʝʥʥʷ ʧʽʢʦʚʠʭ ʚʠʪʨʘʪ ʯʝʨʝʟ ʨʦʟʧʦʜʽʣʴʥʠʢ ʥʘ 12%, 

ʟʤʝʥʰʝʥʥʷ ʪʝʧʣʦʚʠʭ ʚʪʨʘʪ ʥʘ 15%, ʢʦʝʬʽʮʽʻʥʪ ʢʦʨʠʩʥʦʾ ʜʽʾ ʟ – πȢχς ʜʦ –ᶻ πȢχψ. 
ʊʘʢʠʤ ʯʠʥʦʤ ʧʽʜʪʚʝʨʜʞʝʥʦ ʝʬʝʢʪʠʚʥʽʩʪʴ GA ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʧʘʨʘʤʝʪʨʽʚ ʛʽʜʨʘʚʣʽʯʥʠʭ 

ʩʠʩʪʝʤ. ɿʙʽʣʴʰʝʥʥʷ ὑ  ʟʘʙʝʟʧʝʯʠʣʦ ʞʦʨʩʪʢʽʩʪʴ ʽ ʰʚʠʜʢʽʩʪʴ ʨʝʘʢʮʽʾ, ʟʤʝʥʰʝʥʥʷ ὑ ʽ ὑ  ï 

ʟʥʠʞʝʥʥʷ ʧʝʨʝʨʝʛʫʣʶʚʘʥʥʷ ʪʘ ʰʫʤʽʚ . ʇʽʜʚʠʱʝʥʥʷ ὴ ʽ Ὀ  ʟʙʽʣʴʰʠʣʦ ʟʫʩʠʣʣʷ ʽ ʟʥʠʟʠʣʦ ʧʽʢʦʚʽ 

ʪʠʩʢʠ. 

ɺʀʉʅʆɺʂʀ. 

ʈʦʟʨʦʙʣʝʥʦ ʽʥʪʝʛʨʦʚʘʥʫ ʤʘʪʝʤʘʪʠʯʥʫ ʤʦʜʝʣʴ ʛʽʜʨʦʧʨʠʚʦʜʫ ʟʽ ʩʢʣʘʜʥʠʤʠ ʥʝʣʽʥʽʡʥʠʤʠ 

ʧʨʦʮʝʩʘʤʠ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʢʦʤʧʣʝʢʩʥʫ ʦʧʪʠʤʽʟʘʮʽʶ PID-ʧʘʨʘʤʝʪʨʽʚ ʽ ʢʦʥʩʪʨʫʢʪʠʚʥʠʭ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʟʘ ʜʦʧʦʤʦʛʦʶ GA. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ ʜʦʚʝʜʝʥʦ ʩʫʪʪʻʚʽ ʧʦʢʨʘʱʝʥʥʷ. ʇʽʜʭʽʜ 

ʧʨʠʜʘʪʥʠʡ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʥʘʣʘʰʪʫʚʘʥʥʷ ʰʠʨʦʢʦʛʦ ʢʣʘʩʫ ʪʝʭʥʽʢʠ. ʇʝʨʩʧʝʢʪʠʚʠ ï 

ʘʜʘʧʪʠʚʥʽ ʩʠʩʪʝʤʠ, ʙʘʛʘʪʦʢʨʠʪʝʨʽʘʣʴʥʘ ʦʧʪʠʤʽʟʘʮʽʷ ʪʘ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘ ʚʝʨʠʬʽʢʘʮʽʷ. 
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ɺʀʂʆʈʀʉʊɸʅʅʗ ʅɽʁʈʆʄɽʈɽɾʅʀʍ ʊɽʍʅʆʃʆɻɯʁ ɼʃʗ ʅɸɺʏɸʅʅʗ 

ʈʆɹʆʊʀɿʆɺɸʅʀʍ ʈʋʂ ʅɸ ʉʂʃɸɼɸʍ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʪʘ ʤʝʪʦʜʽʚ 

ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ (DRL) ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʨʦʙʦʪʠʟʦʚʘʥʠʭ 

ʤʘʥʽʧʫʣʷʪʦʨʽʚ ʫ ʩʢʣʘʜʩʴʢʠʭ ʣʦʛʽʩʪʠʯʥʠʭ ʩʠʩʪʝʤʘʭ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʥʘʫʢʦʚʽ ʨʝʟʫʣʴʪʘʪʠ ʦʩʪʘʥʥʽʭ 

ʨʦʢʽʚ, ʱʦ ʜʝʤʦʥʩʪʨʫʶʪʴ ʧʦʪʝʥʮʽʘʣ CNN, DNN ʽ DRL-ʘʛʝʥʪʽʚ ʫ ʟʘʜʘʯʘʭ ʘʚʪʦʤʘʪʠʟʘʮʽʾ pick-and-place 

ʦʧʝʨʘʮʽʡ, ʦʧʪʠʤʽʟʘʮʽʾ ʪʨʘʻʢʪʦʨʽʡ ʪʘ ʚʠʙʦʨʫ ʪʦʯʦʢ ʟʘʭʦʧʣʝʥʥʷ. ʋʟʘʛʘʣʴʥʝʥʦ ʢʣʶʯʦʚʽ ʧʨʦʙʣʝʤʠ 

ʩʫʯʘʩʥʠʭ ʧʽʜʭʦʜʽʚ: ʩʢʣʘʜʥʽʩʪʴ ʧʝʨʝʥʝʩʝʥʥʷ ʥʘʚʯʝʥʠʭ ʧʦʣʽʪʠʢ ʽʟ ʩʠʤʫʣʷʮʽʾ ʫ ʨʝʘʣʴʥʽ ʫʤʦʚʠ, ʥʝʜʦʩʪʘʪʥʷ 

ʩʪʽʡʢʽʩʪʴ ʜʦ ʚʘʨʽʘʪʠʚʥʦʩʪʽ ʦʙôʻʢʪʽʚ, ʧʦʪʨʝʙʘ ʚ ʙʝʟʧʝʯʥʽʡ ʚʟʘʻʤʦʜʽʾ ʟ ʣʶʜʴʤʠ ʪʘ ʦʙʤʝʞʝʥʽʩʪʴ 

ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʥʘ ʤʫʣʴʪʠʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʘʨʭʽʪʝʢʪʫʨʫ ʽʥʪʝʛʨʦʚʘʥʦʾ ʩʠʩʪʝʤʠ, ʱʦ 

ʚʢʣʶʯʘʻ ʤʦʜʫʣʴ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʥʘ ʦʩʥʦʚʽ CNN, DRL-ʧʦʣʽʪʠʢʫ ʥʘ ʙʘʟʽ PPO/DDPG ʪʘ ʩʠʤʫʣʷʮʽʡʥʠʡ 

ʤʦʜʫʣʴ ʜʣʷ ʚʘʨʽʘʮʽʡʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʆʢʨʝʤʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʢʦʥʮʝʧʮʽʾ object-property map ʷʢ ʬʦʨʤʘʪʫ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʽʚ ʜʣʷ DRL-ʘʛʝʥʪʘ. ʅʘʚʝʜʝʥʦ ʩʧʨʦʱʝʥʠʡ ʧʨʠʢʣʘʜ Python-

ʨʝʘʣʽʟʘʮʽʾ ʪʘ ʦʢʨʝʩʣʝʥʦ ʧʝʨʩʧʝʢʪʠʚʠ ʱʦʜʦ ʧʦʢʨʘʱʝʥʥʷ ʩʪʽʡʢʦʩʪʽ ʤʦʜʝʣʝʡ, ʙʝʟʧʝʢʠ ʪʘ 

ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ. ʈʝʟʫʣʴʪʘʪʠ ʩʚʽʜʯʘʪʴ, ʱʦ ʧʦʻʜʥʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ 

ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʠʪʠ ʘʜʘʧʪʠʚʥʽ ʨʦʙʦʪʠʟʦʚʘʥʽ ʩʠʩʪʝʤʠ, ʝʬʝʢʪʠʚʥʽ ʧʽʜ ʯʘʩ ʨʦʙʦʪʠ ʟ ʰʠʨʦʢʠʤ ʩʧʝʢʪʨʦʤ 

ʚʘʥʪʘʞʽʚ ʫ ʜʠʥʘʤʽʯʥʠʭ ʩʢʣʘʜʩʴʢʠʭ ʩʝʨʝʜʦʚʠʱʘʭ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʨʦʙʦʪʠʟʦʚʘʥʽ ʤʘʥʽʧʫʣʷʪʦʨʠ, ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ, DRL, 

ʢʦʤʧôʶʪʝʨʥʠʡ ʟʽʨ, pick-and-place, ʩʢʣʘʜʩʴʢʘ ʣʦʛʽʩʪʠʢʘ. 

Abstract. The article explores the application of neural-network technologies and deep reinforcement 

learning (DRL) methods to improve the efficiency of robotic manipulators in warehouse logistics. Recent 

research demonstrates the growing potential of CNNs, DNNs and DRL agents for automating pick-and-place 

operations, optimizing trajectories and identifying grasp points. Key limitations of current approaches are 

highlighted, including the complexity of transferring trained policies from simulation to real environments, 

lack of robustness to object variability, safety constraints in humanïrobot collaboration and limited scalability 

to multi-agent systems. An integrated system architecture is proposed, consisting of a CNN-based vision 

module, a PPO/DDPG-driven DRL policy module and a simulation module that enhances generalization. 

Special attention is paid to the concept of object-property maps as a structured representation of object 

features for DRL agents. A simplified Python implementation is provided. The results indicate that combining 

modern neural-network methods makes it possible to build adaptive robotic systems capable of handling 

diverse warehouse items under dynamic conditions.  

Keywords: robotic manipulators, neural networks, reinforcement learning, DRL, computer vision, 

pick-and-place, warehouse automation. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ 

ɺ ʫʤʦʚʘʭ ʩʪʨʽʤʢʦʛʦ ʨʦʟʚʠʪʢʫ ʝʣʝʢʪʨʦʥʥʦʾ ʢʦʤʝʨʮʽʾ ʪʘ ʛʣʦʙʘʣʽʟʘʮʽʾ, ʩʢʣʘʜʩʴʢʘ ʣʦʛʽʩʪʠʢʘ 

ʧʦʪʨʝʙʫʻ ʚʠʩʦʢʦʾ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʜʣʷ ʟʙʝʨʝʞʝʥʥʷ ʢʦʥʢʫʨʝʥʪʦʩʧʨʦʤʦʞʥʦʩʪʽ. ɿʥʘʯʥʘ ʯʘʩʪʠʥʘ 

ʦʧʝʨʘʮʽʡ ʥʘ ʩʢʣʘʜʘʭ ð ʮʝ ʟʘʚʜʘʥʥʷ ʚʠʙʦʨʫ, ʧʝʨʝʤʽʱʝʥʥʷ ʽ ʩʦʨʪʫʚʘʥʥʷ ʪʦʚʘʨʽʚ, ʱʦ ʪʨʘʜʠʮʽʡʥʦ 
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ʚʠʢʦʥʫʶʪʴʩʷ ʚʨʫʯʥʫ. ʎʝ ʥʝ ʣʠʰʝ ʪʨʫʜʦʤʽʩʪʢʦ, ʘʣʝ ʡ ʧʦʪʝʥʮʽʡʥʦ ʩʭʠʣʴʥʝ ʜʦ ʣʶʜʩʴʢʠʭ 

ʧʦʤʠʣʦʢ, ʱʦ ʚʧʣʠʚʘʻ ʥʘ ʰʚʠʜʢʽʩʪʴ ʽ ʷʢʽʩʪʴ ʦʙʩʣʫʛʦʚʫʚʘʥʥʷ ʟʘʤʦʚʣʝʥʴ. 

ʈʦʙʦʪʠʟʦʚʘʥʽ ʨʫʢʠ (ʤʘʥʽʧʫʣʷʪʦʨʠ), ʦʩʥʘʱʝʥʽ ʩʫʯʘʩʥʠʤʠ ʩʝʥʩʦʨʥʠʤʠ ʩʠʩʪʝʤʘʤʠ, ʟʜʘʪʥʽ 

ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʮʽ ʧʨʦʮʝʩʠ. ʆʜʥʘʢ ʾʭ ʝʬʝʢʪʠʚʥʽʩʪʴ ʟʥʘʯʥʦʶ ʤʽʨʦʶ ʟʘʣʝʞʠʪʴ ʚʽʜ ʷʢʦʩʪʽ 

ʘʣʛʦʨʠʪʤʽʚ ʫʧʨʘʚʣʽʥʥʷ ʪʘ ʘʜʘʧʪʠʚʥʦʩʪʽ ʜʦ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʦʙôʻʢʪʽʚ ʪʘ ʟʤʽʥʥʠʭ ʫʤʦʚ ʩʝʨʝʜʦʚʠʱʘ. 

ʊʨʘʜʠʮʽʡʥʽ ʘʣʛʦʨʠʪʤʠ ʯʘʩʪʦ ʧʦʪʨʝʙʫʶʪʴ ʩʢʣʘʜʥʦʛʦ ʨʫʯʥʦʛʦ ʥʘʣʘʰʪʫʚʘʥʥʷ ʽ ʥʝ ʟʘʚʞʜʠ 

ʚʠʪʨʠʤʫʶʪʴ ʚʘʨʽʘʪʠʚʥʽʩʪʴ, ʭʘʨʘʢʪʝʨʥʫ ʜʣʷ ʨʝʘʣʴʥʠʭ ʩʢʣʘʜʽʚ. 

ʋ ʮʴʦʤʫ ʢʦʥʪʝʢʩʪʽ ʤʝʪʦʜʠ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʦʩʦʙʣʠʚʦ ʛʣʠʙʦʢʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʪʘ 

ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ, ʧʨʦʧʦʥʫʶʪʴ ʧʝʨʩʧʝʢʪʠʚʥʠʡ ʧʽʜʭʽʜ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʮʠʭ ʧʨʦʙʣʝʤ. 

ɺʦʥʠ ʤʦʞʫʪʴ ʥʘʚʯʘʪʠʩʷ ʦʧʪʠʤʘʣʴʥʽʡ ʧʦʚʝʜʽʥʮʽ ʥʘ ʦʩʥʦʚʽ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʧʨʠʢʣʘʜʽʚ ʯʠ 

ʝʢʩʧʝʨʠʤʝʥʪʽʚ, ʱʦ ʟʥʘʯʥʦ ʟʥʠʞʫʻ ʧʦʪʨʝʙʫ ʚ ʨʫʯʥʽʡ ʨʦʟʨʦʙʮʽ ʪʘ ʧʽʜʚʠʱʫʻ ʛʥʫʯʢʽʩʪʴ ʩʠʩʪʝʤ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ 

ʇʨʦʪʷʛʦʤ ʦʩʪʘʥʥʽʭ ʧôʷʪʠ ʨʦʢʽʚ ʫ ʩʚʽʪʽ ʟôʷʚʠʣʘʩʷ ʟʥʘʯʥʘ ʢʽʣʴʢʽʩʪʴ ʜʦʩʣʽʜʞʝʥʴ, 

ʧʨʠʩʚʷʯʝʥʠʭ ʚʠʢʦʨʠʩʪʘʥʥʶ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʫ ʩʬʝʨʽ ʩʢʣʘʜʩʴʢʦʾ ʨʦʙʦʪʦʪʝʭʥʽʢʠ. 

ʄʝʪʦʜʠ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʘʢʪʠʚʥʦ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ð ʢʣʘʩʠʬʽʢʘʮʽʾ, ʣʦʢʘʣʽʟʘʮʽʾ ʡ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ. ʊʘʢ, ʫ ʨʦʙʦʪʽ X. Liu 

ʪʘ ʽʥ. [1] ʤʦʜʝʣʴ ʟʛʦʨʪʢʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʚʠʢʦʨʠʩʪʘʥʦ ʜʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʨʦʮʝʩʽʚ 

ʢʦʤʧʣʝʢʪʫʚʘʥʥʷ ʪʦʚʘʨʽʚ ʥʘ ʩʢʣʘʜʽ. ɼʦʩʣʽʜʥʠʢʠ ʧʦʻʜʥʘʣʠ ʢʽʣʴʢʘ ʧʽʜʭʦʜʽʚ ʜʦ ʟʘʭʚʘʪʫ ʦʙôʻʢʪʽʚ 

ʟʘʣʝʞʥʦ ʚʽʜ ʾʭ ʪʠʧʫ, ʟʘʙʝʟʧʝʯʠʚʰʠ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʨʦʙʦʪʠ ʤʘʥʽʧʫʣʷʪʦʨʽʚ. 

ʄʝʪʦʜʠ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ (RL) ʜʝʜʘʣʽ ʯʘʩʪʽʰʝ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ 

ʫʧʨʘʚʣʽʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʠʤʠ ʤʘʥʽʧʫʣʷʪʦʨʘʤʠ. ɿʘʙʝʟʧʝʯʫʶʯʠ ʘʛʝʥʪʘ ʩʠʛʥʘʣʘʤʠ ʚʠʥʘʛʦʨʦʜʠ ʯʠ 

ʰʪʨʘʬʽʚ, RL ʜʦʟʚʦʣʷʻ ʥʘʚʯʘʪʠ ʩʠʩʪʝʤʫ ʨʦʟʧʽʟʥʘʚʘʪʠ ʦʙôʻʢʪʠ ʪʘ ʦʙʠʨʘʪʠ ʦʧʪʠʤʘʣʴʥʽ ʜʽʾ [2]. 

ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʚʽʚ ʩʚʦʶ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʧʨʦʤʠʩʣʦʚʽʡ ʨʦʙʦʪʦʪʝʭʥʽʮʽ, ʟʦʢʨʝʤʘ ʚ ʧʽʜʚʠʱʝʥʥʽ 

ʪʦʯʥʦʩʪʽ ʢʝʨʫʚʘʥʥʷ, ʦʧʝʨʘʮʽʡʥʦʾ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ ʟʤʝʥʰʝʥʥʽ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ [3]. 

ʇʘʨʘʣʝʣʴʥʽ ʤʝʪʦʜʠ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʟ ʧʽʜʢʨʽʧʣʝʥʥʷʤ ʪʘʢʦʞ ʜʝʤʦʥʩʪʨʫʶʪʴ ʟʥʘʯʥʠʡ 

ʧʦʪʝʥʮʽʘʣ ʚ ʝʥʝʨʛʦʟʙʝʨʝʞʝʥʥʽ ʪʘ ʤʘʩʰʪʘʙʦʚʘʥʦʩʪʽ, ʱʦ ʩʧʨʠʷʻ ʨʦʟʨʦʙʮʽ ʢʦʤʧʣʝʢʩʥʠʭ 

ʬʨʝʡʤʚʦʨʢʽʚ ʜʣʷ ʥʘʜʽʡʥʦʾ ʨʦʙʦʪʠ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ ʩʠʩʪʝʤ [4]. 

ʋ ʜʦʩʣʽʜʞʝʥʥʽ A. Iqdymat ʪʘ G. Stamatescu [5] ʧʦʢʘʟʘʥʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʘʣʛʦʨʠʪʤʫ Deep 

Deterministic Policy Gradient (DDPG) ʜʣʷ ʢʝʨʫʚʘʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʠʤ ʤʘʥʽʧʫʣʷʪʦʨʦʤ ʽʟ ʰʽʩʪʴʤʘ 

ʩʪʫʧʝʥʷʤʠ ʩʚʦʙʦʜʠ ʧʽʜ ʯʘʩ ʚʠʢʦʥʘʥʥʷ pick-and-place ʟʘʚʜʘʥʴ ʽʟ ʤʽʥʽʤʽʟʘʮʽʻʶ ʝʥʝʨʛʦʚʠʪʨʘʪ. J. 

Jiang ʪʘ ʽʥ. [6] ʟʘʧʨʦʧʦʥʫʚʘʣʠ ʧʽʜʭʽʜ ʜʦ ʚʠʢʦʥʘʥʥʷ ʘʥʘʣʦʛʽʯʥʠʭ ʟʘʜʘʯ, ʷʢʠʡ ʥʝ ʧʦʪʨʝʙʫʻ 

ʨʫʯʥʦʛʦ ʧʨʦʛʨʘʤʫʚʘʥʥʷ ʢʦʞʥʦʛʦ ʨʫʭʫ. ɸʚʪʦʨʠ ʨʦʟʨʦʙʠʣʠ ʤʝʪʨʠʢʫ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʟʘʭʦʧʣʝʥʥʷ 

ʥʘ ʦʩʥʦʚʽ ʛʝʦʤʝʪʨʠʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʦʙôʻʢʪʘ, ʘ ʪʘʢʦʞ ʚʠʢʦʨʠʩʪʘʣʠ ʘʨʭʽʪʝʢʪʫʨʫ ʘʚʪʦʢʦʜʝʨʘ 

ʜʣʷ ʦʮʽʥʢʠ ʜʦʩʷʞʥʦʩʪʽ ʪʘ ʷʢʦʩʪʽ ʟʘʭʚʘʪʫ ʥʘ ʨʽʚʥʽ ʧʽʢʩʝʣʴʥʠʭ ʜʘʥʠʭ. ʄʝʪʦʜ ʻ ʽʥʪʫʾʪʠʚʥʦ 

ʟʨʦʟʫʤʽʣʠʤ ʽ ʚʦʜʥʦʯʘʩ ʢʦʥʢʫʨʝʥʪʦʩʧʨʦʤʦʞʥʠʤ ʱʦʜʦ ʤʦʜʝʣʝʡ CNN. 

ʋ ʨʦʙʦʪʽ A. Mahmoudinazlou ʪʘ ʽʥ. [7] ʧʨʝʜʩʪʘʚʣʝʥʦ DRL-ʤʦʜʝʣʴ, ʦʨʽʻʥʪʦʚʘʥʫ ʥʘ 

ʜʠʥʘʤʽʯʥʝ ʢʦʤʧʣʝʢʪʫʚʘʥʥʷ ʟʘʤʦʚʣʝʥʴ ʚ ʦʜʥʦʙʣʦʯʥʦʤʫ ʩʢʣʘʜʽ ʟ ʘʚʪʦʥʦʤʥʠʤ ʦʙʣʘʜʥʘʥʥʷʤ. 

ɺʦʜʥʦʯʘʩ ɺ. Ai ʪʘ ʽʥ. [8] ʫʟʘʛʘʣʴʥʠʣʠ ʩʫʯʘʩʥʽ ʪʝʥʜʝʥʮʽʾ ʫ ʥʘʚʯʘʥʥʽ ʜʠʥʘʤʽʯʥʠʭ ʤʦʜʝʣʝʡ ʜʣʷ 

ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʤʘʥʽʧʫʣʷʪʦʨʽʚ, ʧʽʜʢʨʝʩʣʠʚʰʠ ʚʘʞʣʠʚʽʩʪʴ ʧʦʻʜʥʘʥʥʷ ʢʣʘʩʠʯʥʠʭ ʤʝʪʦʜʽʚ 

ʫʧʨʘʚʣʽʥʥʷ ʟ ʥʝʡʨʦʤʝʨʝʞʥʠʤʠ ʪʝʭʥʦʣʦʛʽʷʤʠ. 

ʇʽʜʢʨʝʩʣʝʥʥʷ ʥʝʚʠʨʽʰʝʥʠʭ ʯʘʩʪʠʥ ʧʨʦʙʣʝʤʠ 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʯʠʩʣʝʥʥʽ ʜʦʩʷʛʥʝʥʥʷ, ʻ ʧʠʪʘʥʥʷ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʧʦʜʘʣʴʰʦʛʦ 

ʜʦʩʣʽʜʞʝʥʥʷ: 

- ʧʝʨʝʥʦʩ ʥʘʚʯʝʥʠʭ ʤʦʜʝʣʝʡ ʽʟ ʩʠʤʫʣʷʮʽʾ ʫ ʨʝʘʣʴʥʝ ʩʝʨʝʜʦʚʠʱʝ (Sim-to-Real) ð  

ʙʽʣʴʰʽʩʪʴ ʤʦʜʝʣʝʡ ʥʘʚʯʘʶʪʴʩʷ ʚ ʽʜʝʘʣʽʟʦʚʘʥʠʭ ʩʠʤʫʣʷʪʦʨʘʭ, ʪʦʜʽ ʷʢ ʨʝʘʣʴʥʽ ʫʤʦʚʠ  ʟ ʾʭʥʽʤ 

ʰʫʤʦʤ ʩʝʥʩʦʨʽʚ ʪʘ ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʽʩʪʶ ʟʥʘʯʥʦ ʩʢʣʘʜʥʽʰʽ; 

- ʦʙʨʦʙʢʘ ʜʝʬʦʨʤʦʚʘʥʠʭ ʽ ʥʝʩʪʘʥʜʘʨʪʥʠʭ ʦʙôʻʢʪʽʚ ð  ʚʘʞʣʠʚʦ ʨʦʟʨʦʙʠʪʠ 

ʘʜʘʧʪʠʚʥʽ ʧʦʣʽʪʠʢʠ, ʷʢʽ ʟʜʘʪʥʽ ʚʨʘʭʦʚʫʚʘʪʠ ʬʽʟʠʯʥʽ ʚʣʘʩʪʠʚʦʩʪʽ ʤʘʪʝʨʽʘʣʽʚ ʪʘ ʟʤʽʥʠ ʬʦʨʤʠ ʧʽʜ 

ʯʘʩ ʟʘʭʚʘʪʫ; 
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- ʙʝʟʧʝʢʘ ʩʧʽʚʧʨʘʮʽ ʟ ʣʶʜʴʤʠ ð  ʥʘ ʩʢʣʘʜʽ ʯʘʩʪʦ ʧʨʠʩʫʪʥʽ ʣʶʜʠ, ʪʦʤʫ ʘʣʛʦʨʠʪʤʠ 

ʤʘʶʪʴ ʙʫʪʠ ʥʝ ʣʠʰʝ ʝʬʝʢʪʠʚʥʠʤʠ, ʘ ʡ ʙʝʟʧʝʯʥʠʤʠ, ʧʝʨʝʜʙʘʯʘʪʠ ʪʘ ʫʥʠʢʘʪʠ ʧʦʪʝʥʮʽʡʥʠʭ 

ʟʽʪʢʥʝʥʴ; 

- ʘʜʘʧʪʘʮʽʷ ʜʦ ʰʚʠʜʢʦ ʟʤʽʥʶʚʘʥʦʛʦ ʘʩʦʨʪʠʤʝʥʪʫ ð  ʚʘʞʣʠʚʦ ʟʘʙʝʟʧʝʯʠʪʠ 

ʛʥʫʯʢʽʩʪʴ ʩʠʩʪʝʤʠ ʧʨʠ ʜʦʜʘʚʘʥʥʽ ʥʦʚʠʭ ʪʦʚʘʨʽʚ ʙʝʟ ʥʝʦʙʭʽʜʥʦʩʪʽ ʪʨʠʚʘʣʦʛʦ ʧʦʚʪʦʨʥʦʛʦ 

ʥʘʚʯʘʥʥʷ; 

- ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʥʘ ʤʫʣʴʪʠ-ʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ ð  ʨʝʘʣʴʥʽ ʩʢʣʘʜʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ 

ʢʽʣʴʢʘ ʨʦʙʦʪʽʚ, ʷʢʽ ʤʘʶʪʴ ʢʦʦʨʜʠʥʫʚʘʪʠ ʩʚʦʾ ʜʽʾ, ʱʦ ʧʦʢʠ ʱʦ ʥʝʜʦʩʪʘʪʥʴʦ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʫ 

ʥʘʫʢʦʚʠʭ ʧʫʙʣʽʢʘʮʽʷʭ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʴ 

ʄʝʪʘ: ʩʠʩʪʝʤʘʪʠʟʫʚʘʪʠ ʥʝʡʨʦʤʝʨʝʞʥ ̔ʧʽʜʭʦʜʠ ʜʣʷ ʩʢʣʘʜʩʴʢʠʭ ʨʦʙʦʪʽʚ, ʟʘʧʨʦʧʦʥʫʚʘʪʠ 

ʘʨʭʽʪʝʢʪʫʨʫ ʘʜʘʧʪʠʚʥʦʾ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʦʶ ʨʫʢʦʶ, ʟʜʘʪʥʫ 

ʝʬʝʢʪʠʚʥʦ ʚʠʢʦʥʫʚʘʪʠ ʟʘʚʜʘʥʥʷ pick-and-place ʚ ʩʢʣʘʜʩʴʢʠʭ ʫʤʦʚʘʭ ʟ ʫʨʘʭʫʚʘʥʥʷʤ 

ʚʘʨʽʘʪʠʚʥʦʩʪʽ ʦʙôʻʢʪʽʚ ʽ ʫʤʦʚ ʨʦʙʦʪʠ. 

ɿʘʚʜʘʥʥʷ: 

1. ʅʘ ʧʽʜʩʪʘʚʽ ʘʥʘʣʽʟʫ ʣʽʪʝʨʘʪʫʨʥʠʭ ʜʞʝʨʝʣ ʟôʷʩʫʚʘʪʠ, ʷʢʽ ʩʧʦʩʦʙʠ ʥʘʚʯʘʥʥʷ 

ʩʢʣʘʜʩʴʢʠʭ ʨʦʙʦʪʽʚ ʜʘʶʪʴ ʤʘʢʩʠʤʘʣʴʥʠʡ ʝʬʝʢʪ 

2. ɿʘʧʨʦʧʦʥʫʚʘʪʠ ʘʨʭʽʪʝʢʪʫʨʫ ʛʣʠʙʦʢʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ, ʱʦ ʚʢʣʶʯʘʻ ʤʦʜʫʣʴ 

ʟʦʨʫ, DRL-ʧʦʣʽʪʠʢʫ ʪʘ ʩʠʤʫʣʷʮʽʶ, ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʮʽʥʢʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʽʚ ʟʘ 

ʚʭʽʜʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ.  

3. ʅʘʚʝʩʪʠ ʧʨʠʢʣʘʜ object-property map ʜʣʷ ʦʮʽʥʢʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʘ ʪʘ 

ʬʨʘʛʤʝʥʪ ʧʨʦʛʨʘʤʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʥʘ Python.  

ɺʠʢʣʘʜ ʦʩʥʦʚʥʦʛʦ ʤʘʪʝʨʽʘʣʫ ʜʦʩʣʽʜʞʝʥʥʷ 

ɻʣʠʙʦʢʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (DNN, CNN, DCNN) ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʦʙ'ʻʢʪʽʚ, ʧʣʘʥʫʚʘʥʥʷ ʟʘʭʚʘʪʫ ʪʘ ʫʧʨʘʚʣʽʥʥʷ ʨʫʭʦʤ ʤʘʥʽʧʫʣʷʪʦʨʽʚ. ʎʝ ʜʦʟʚʦʣʷʻ ʨʦʙʦʪʘʤ ʪʦʯʥʦ 

ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʪʘ ʟʘʭʦʧʣʶʚʘʪʠ ʨʽʟʥʦʤʘʥʽʪʥʽ ʧʨʝʜʤʝʪʠ, ʥʘʚʽʪʴ ʙʝʟ ʪʝʢʩʪʫʨʠ ʘʙʦ ʟ ʜʦʚʽʣʴʥʦʶ 

ʬʦʨʤʦʶ  [1, 7, 9]. 

ʇʽʜʢʨʽʧʣʶʚʘʣʴʥʝ ʥʘʚʯʘʥʥʷ (RL, DRL) ʜʦʟʚʦʣʷʻ ʨʦʙʦʪʠʟʦʚʘʥʠʤ ʨʫʢʘʤ ʩʘʤʦʩʪʽʡʥʦ 

ʥʘʚʯʘʪʠʩʷ ʦʧʪʠʤʘʣʴʥʠʤ ʩʪʨʘʪʝʛʽʷʤ ʟʘʭʚʘʪʫ, ʧʣʘʥʫʚʘʥʥʷ ʪʨʘʻʢʪʦʨʽʡ ʽ ʫʥʠʢʥʝʥʥʷ ʧʝʨʝʰʢʦʜ ʫ 

ʩʢʣʘʜʥʠʭ, ʜʠʥʘʤʽʯʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ ʩʢʣʘʜʫ  [7, 10, 11]. 

ɯʥʪʝʛʨʘʮʽʷ RL ʟ ʢʣʘʩʠʯʥʠʤʠ ʢʦʥʪʨʦʣʝʨʘʤʠ (ʥʘʧʨʠʢʣʘʜ, LQR) ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ 

ʧʦʟʠʮʽʦʥʫʚʘʥʥʷ (ʜʦ 2,14 ʤʤ), ʟʥʠʞʫʻ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ (ʥʘ 22,7%) ʽ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ 

ʥʘʜʽʡʥʽʩʪʴ (92,5% ʫʩʧʽʰʥʠʭ ʟʘʭʚʘʪʽʚ) [7]. 

ɿʘʩʪʦʩʫʚʘʥʥʷ ʫ ʩʢʣʘʜʩʴʢʠʭ ʫʤʦʚʘʭ. ɺʽʟʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʥʘ ʦʩʥʦʚʽ CNN ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʘʚʪʦʤʘʪʠʯʥʝ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʪʘ ʢʣʘʩʠʬʽʢʘʮʽʶ ʪʦʚʘʨʽʚ ʜʣʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʟʘʭʚʘʪʫ, ʱʦ 

ʜʦʟʚʦʣʷʻ ʨʦʙʦʪʘʤ ʧʨʘʮʶʚʘʪʠ ʟ ʨʽʟʥʠʤʠ ʪʠʧʘʤʠ ʚʘʥʪʘʞʽʚ ʽ ʧʽʜʪʨʠʤʫʚʘʪʠ ESG-ʮʽʣʽ 

(ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ, ʙʝʟʧʝʢʘ) [1]. 

ʄʫʣʴʪʠʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ ʟ ʛʣʠʙʦʢʠʤ ʥʘʚʯʘʥʥʷʤ ʜʦʟʚʦʣʷʶʪʴ ʢʽʣʴʢʦʤ ʨʦʙʦʪʘʤ 

ʢʦʦʨʜʠʥʫʚʘʪʠ ʜʽʾ ʜʣʷ ʩʧʽʣʴʥʦʛʦ ʪʨʘʥʩʧʦʨʪʫʚʘʥʥʷ ʚʘʞʢʠʭ ʘʙʦ ʛʘʙʘʨʠʪʥʠʭ ʧʨʝʜʤʝʪʽʚ, ʝʬʝʢʪʠʚʥʦ 

ʫʥʠʢʘʶʯʠ ʟʽʪʢʥʝʥʴ [12, 13]. 

ʆʧʪʠʤʽʟʘʮʽʷ ʧʣʘʥʫʚʘʥʥʷ ʰʣʷʭʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ DQN (Deep Q-Network) ʪʘ ʽʥʰʠʭ 

ʘʣʛʦʨʠʪʤʽʚ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʧʨʠʩʢʦʨʶʻ ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ ʽ ʧʽʜʚʠʱʫʻ ʝʬʝʢʪʠʚʥʽʩʪʴ ʨʦʙʦʪʠ 

ʩʢʣʘʜʫ [13]. 

ʇʦʨʽʚʥʷʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʧʽʜʭʦʜʽʚ ʜʣʷ ʩʢʣʘʜʩʴʢʠʭ ʨʦʙʦʪʽʚ ʥʘʚʝʜʝʥʦ ʫ ʊʘʙʣʠʮʽ 1. 

 

ʊʘʙʣʠʮʷ 1. ʇʦʨʽʚʥʷʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʧʽʜʭʦʜʽʚ ʜʣʷ ʩʢʣʘʜʩʴʢʠʭ ʨʦʙʦʪʽʚ 

ʊʝʭʥʦʣʦʛʽʷ ɿʘʚʜʘʥʥʷ ʇʝʨʝʚʘʛʠ ɼʞʝʨʝʣʘ 
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CNN/DCNN ʈʦʟʧʽʟʥʘʚʘʥʥʷ 

ʦʙ'ʻʢʪʽʚ 

ɺʠʩʦʢʘ ʪʦʯʥʽʩʪʴ, 

ʫʥʽʚʝʨʩʘʣʴʥʽʩʪʴ 

[1, 9] 

RL/DRL ʋʧʨʘʚʣʽʥʥʷ, 

ʧʣʘʥʫʚʘʥʥʷ 

ɸʜʘʧʪʠʚʥʽʩʪʴ, 

ʩʘʤʦʥʘʚʯʘʥʥʷ 

[5, 10, 11] 

ʄʫʣʴʪʠʘʛʝʥʪʥʽ 

ʤʝʨʝʞʽ 

ʂʦʦʨʜʠʥʘʮʽʷ 

ʨʦʙʦʪʽʚ 

ʄʘʩʰʪʘʙʦʚʘʥʽʩʪʴ, 

ʛʥʫʯʢʽʩʪʴ 

[12, 13] 

 

 

ɺʠʩʥʦʚʦʢ: ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʜʣʷ ʥʘʚʯʘʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʨʫʢ 

ʥʘ ʩʢʣʘʜʘʭ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ, ʝʥʝʨʛʦʝʬʝʢʪʠʚʥʽʩʪʴ, ʛʥʫʯʢʽʩʪʴ ʽ ʟʜʘʪʥʽʩʪʴ ʜʦ ʘʜʘʧʪʘʮʽʾ 

ʚ ʩʢʣʘʜʥʠʭ ʫʤʦʚʘʭ. ʅʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʤʠ ʻ ʧʦʻʜʥʘʥʥʷ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʚʽʟʫʘʣʴʥʦʛʦ 

ʘʥʘʣʽʟʫ ʪʘ ʧʽʜʢʨʽʧʣʶʚʘʣʴʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʫʧʨʘʚʣʽʥʥʷ ʡ ʧʣʘʥʫʚʘʥʥʷ ʜʽʡ.  

ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʦʶ ʨʫʢʦʶ (ʟʘʧʨʦʧʦʥʦʚʘʥʦ). ʉʠʩʪʝʤʘ 

ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʴʦʭ ʚʟʘʻʤʦʧʦʚôʷʟʘʥʠʭ ʤʦʜʫʣʽʚ: 

- ʤʦʜʫʣʴ ʚʽʟʫʘʣʴʥʦʛʦ ʩʧʨʠʡʥʷʪʪʷ ð  ʘʥʘʣʽʟʫʻ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ 

CNN, ʬʦʨʤʫʻ ʢʘʨʪʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʽʚ (graspability map, surface normals, segmentation); 

- ʤʦʜʫʣʴ ʧʦʣʽʪʠʢʠ ð DRL-ʘʛʝʥʪ ʥʘ ʦʩʥʦʚʽ PPO/DDPG ʧʨʠʡʤʘʻ ʨʽʰʝʥʥʷ ʱʦʜʦ 

ʧʦʟʠʮʽʶʚʘʥʥʷ ʨʫʢʠ, ʩʠʣʠ ʟʘʭʚʘʪʫ ʪʘ ʦʨʽʻʥʪʘʮʽʾ ʥʘ ʧʽʜʩʪʘʚʽ ʩʪʘʥʫ ʟ ʚʽʟʫʘʣʴʥʦʛʦ ʤʦʜʫʣʷ ʽ 

ʩʝʥʩʦʨʽʚ; 

- ʤʦʜʫʣʴ ʩʠʤʫʣʷʮʽʾ ʽ ʘʜʘʧʪʘʮʽʾ ð  ʟʘʙʝʟʧʝʯʫʻ ʪʨʝʥʫʚʘʥʥʷ ʘʛʝʥʪʘ ʚ ʚʽʨʪʫʘʣʴʥʦʤʫ 

ʩʝʨʝʜʦʚʠʱʽ ʟ ʚʘʨʽʘʮʽʷʤʠ ʧʘʨʘʤʝʪʨʽʚ ʜʣʷ ʫʟʘʛʘʣʴʥʝʥʥʷ ʥʘʚʠʯʦʢ (ʈʠʩʫʥʦʢ 1). 

 
ʈʠʩʫʥʦʢ 1. ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ ʥʘʚʯʘʥʥʷ ʨʦʙʦʪʠʟʦʚʘʥʦʾ ʨʫʢʠ 

 

ɸʥʘʣʽʟ ʢʘʨʪʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʘ, ʟʛʝʥʝʨʦʚʘʥʦʾ ʥʝʡʨʦʤʝʨʝʞʝʶ. ʆʜʥʠʤ ʽʟ 

ʢʣʶʯʦʚʠʭ ʝʪʘʧʽʚ ʨʦʙʦʪʠ ʩʠʩʪʝʤʠ ʻ ʬʦʨʤʫʚʘʥʥʷ ʢʘʨʪʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʘ (object-property 

map), ʷʢʘ ʧʦʜʘʻʪʴʩʷ ʥʘ ʚʭʽʜ DRL-ʘʛʝʥʪʫ ʷʢ ʩʪʨʫʢʪʫʨʦʚʘʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʩʮʝʥʠ. ʅʘ ʈʠʩʫʥʢʫ 2 

ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʪʘʢʦʾ ʢʘʨʪʠ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʴʦʭ ʚʟʘʻʤʦʜʦʧʦʚʥʶʶʯʠʭ ʨʽʚʥʽʚ ʘʥʘʣʽʟʫ. 

 

 
ʈʠʩʫʥʦʢ 2. ʇʨʠʢʣʘʜ ʢʘʨʪʠ ʚʣʘʩʪʠʚʦʩʪʝʡ ʦʙôʻʢʪʘ (object-property map), ʱʦ ʛʝʥʝʨʫʻʪʴʩʷ 

ʥʝʡʨʦʥʥʦʶ ʤʝʨʝʞʝʶ: ʧʦʚʝʨʭʥʽ ʟ ʚʠʩʦʢʦʶ ʢʨʠʚʠʟʥʦʶ, ʩʝʛʤʝʥʪʘʮʽʷ, ʨʝʛʽʦʥʠ, ʧʨʠʜʘʪʥʽ ʜʣʷ 

ʟʘʭʚʘʪʫ 
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ʈʠʩʫʥʦʢ 2 ʽʣʶʩʪʨʫʻ, ʷʢ ʤʦʜʫʣʴ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʧʝʨʝʪʚʦʨʶʻ ʜʘʥʽ ʢʘʤʝʨʠ (RGB-

ʟʦʙʨʘʞʝʥʥʷ, ʛʣʠʙʠʥʫ ʘʙʦ ʭʤʘʨʫ ʪʦʯʦʢ) ʫ ʜʝʢʽʣʴʢʘ ʚʠʩʦʢʦʨʽʚʥʝʚʠʭ ʢʘʨʪ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ 

ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ DRL-ʧʦʣʽʪʠʢʦʶ. 

High curvature surfaces (ʧʦʚʝʨʭʥʽ ʟ ʚʠʩʦʢʦʶ ʢʨʠʚʠʟʥʦʶ). ʇʝʨʰʘ ʢʘʨʪʘ ʚʽʜʦʙʨʘʞʘʻ 

ʜʽʣʷʥʢʠ ʦʙôʻʢʪʘ ʟ ʨʽʟʢʠʤʠ ʛʝʦʤʝʪʨʠʯʥʠʤʠ ʧʝʨʝʧʘʜʘʤʠ. ɸʣʛʦʨʠʪʤ (3D-CNN, U-Net ʘʙʦ 

PointNet++) ʦʙʯʠʩʣʶʻ ʣʦʢʘʣʴʥʫ ʢʨʠʚʠʟʥʫ. ʊʝʤʥʽʰʽ ʦʙʣʘʩʪʽ ʚʽʜʧʦʚʽʜʘʶʪʴ ʚʠʩʦʢʽʡ ʢʨʠʚʠʟʥʽ ð 

ʪʘʢʠʤ ʜʽʣʷʥʢʘʤ ʧʨʠʪʘʤʘʥʥʘ ʥʠʟʴʢʘ ʩʪʘʙʽʣʴʥʽʩʪʴ ʜʣʷ ʟʘʭʚʘʪʫ, ʪʦʤʫ ʚʦʥʠ ʤʘʩʢʫʶʪʴʩʷ ʧʽʜ ʯʘʩ 

ʧʣʘʥʫʚʘʥʥʷ ʜʽʾ. 

Segmentation (ʩʝʛʤʝʥʪʘʮʽʷ ʦʙôʻʢʪʘ). ɼʨʫʛʘ ʢʘʨʪʘ ʜʝʤʦʥʩʪʨʫʻ ʩʪʨʫʢʪʫʨʥʫ ʩʝʛʤʝʥʪʘʮʽʶ ð 

ʦʙôʻʢʪ ʨʦʟʜʽʣʝʥʠʡ ʥʘ ʨʝʛʽʦʥʠ ʟʘʣʝʞʥʦ ʚʽʜ ʬʦʨʤʠ, ʤʝʭʘʥʽʯʥʦʾ ʩʪʽʡʢʦʩʪʽ, ʤʘʪʝʨʽʘʣʫ ʘʙʦ 

ʪʝʢʩʪʫʨʥʠʭ ʦʟʥʘʢ. ʉʝʛʤʝʥʪʘʮʽʷ ʜʘʻ ʟʤʦʛʫ ʩʠʩʪʝʤʽ çʨʦʟʫʤʽʪʠè ʩʪʨʫʢʪʫʨʫ ʦʙôʻʢʪʘ ʪʘ ʘʜʘʧʪʫʚʘʪʠ 

ʩʪʨʘʪʝʛʽʶ ʟʘʭʚʘʪʫ ʜʦ ʢʦʞʥʦʾ ʡʦʛʦ ʯʘʩʪʠʥʠ. 

Graspable regions (ʧʨʠʜʘʪʥʽ ʜʣʷ ʟʘʭʚʘʪʫ ʦʙʣʘʩʪʽ). ʊʨʝʪʷ ʢʘʨʪʘ ʻ ʽʥʪʝʛʨʘʣʴʥʠʤ ʧʨʦʛʥʦʟʦʤ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʱʦʜʦ ʥʘʡʙʽʣʴʰ ʦʧʪʠʤʘʣʴʥʠʭ ʤʽʩʮʴ ʜʣʷ ʟʘʭʚʘʪʫ. ʊʝʤʥʽ ʨʝʛʽʦʥʠ ʧʦʟʥʘʯʘʶʪʴ 

ʜʽʣʷʥʢʠ ʟ ʤʘʢʩʠʤʘʣʴʥʦʶ ʩʪʘʙʽʣʴʥʽʩʪʶ, ʜʦʩʪʫʧʥʽʩʪʶ ʪʘ ʥʠʟʴʢʦʶ ʢʨʠʚʠʟʥʦʶ. ʎʷ ʽʥʬʦʨʤʘʮʽʷ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʢʽʥʮʝʚʠʡ ʚʭʽʜ ʫ DRL-ʧʦʣʽʪʠʢʫ ʜʣʷ ʛʝʥʝʨʘʮʽʾ ʜʽʾ ʨʦʙʦʨʫʢʠ. 

ʊʘʢʠʤ ʯʠʥʦʤ, object-property map ʟʘʙʝʟʧʝʯʫʻ ʬʦʨʤʫʚʘʥʥʷ ʽʥʬʦʨʤʘʪʠʚʥʦʛʦ ʡ 

ʢʦʤʧʘʢʪʥʦʛʦ ʦʧʠʩʫ ʦʙôʻʢʪʘ, ʱʦ ʟʥʘʯʥʦ ʧʦʢʨʘʱʫʻ ʷʢʽʩʪʴ ʥʘʚʯʘʥʥʷ ʪʘ ʧʽʜʚʠʱʫʻ ʫʩʧʽʰʥʽʩʪʴ 

ʚʠʢʦʥʘʥʥʷ ʩʢʣʘʜʩʴʢʠʭ ʤʘʥʽʧʫʣʷʮʽʡ. 

ɼʝʤʦʥʩʪʨʘʮʽʡʥʠʡ ʧʨʠʢʣʘʜ ʨʝʘʣʽʟʘʮʽʾ (ʧʨʠʢʣʘʜ ʢʦʜʫ Python) 

ʅʠʞʯʝ ð ʩʧʨʦʱʝʥʠʡ ʧʨʠʢʣʘʜ, ʷʢ ʤʦʞʥʘ ʧʦʯʘʪʠ ʪʨʝʥʫʚʘʥʥʷ ʘʛʝʥʪʘ DRL ʟ ʩʝʨʝʜʦʚʠʱʝʤ 

PyBullet ʪʘ ʧʨʦʩʪʠʤ ʧʦʣʽʪʠʢʦʚʠʤ ʥʘʚʯʘʥʥʷʤ: 
 

python 

import pybullet as p 

import pybullet_data 

import numpy as np 

import gym 

from gym import spaces 

import torch 

import torch.nn as nn 

import torch.optim as optim 

 

# --- 1. ɺʠʟʥʘʯʠʤʦ ʧʨʦʩʪʝ ʩʝʨʝʜʦʚʠʱʝ pick-and-place --- 

class SimplePickEnv(gym.Env): 

    def __init__(self): 

        super().__init__() 

        # ʧʨʦʩʪʠʡ ʩʪʘʥ: ʧʦʟʠʮʽʷ ʭʚʘʪʘ (x,y,z), ʦʨʽʻʥʪʘʮʽʷ, ʘ ʪʘʢʦʞ ʚʣʘʩʪʠʚʦʩʪʽ ʦʙ'ʻʢʪʘ 

        self.observation_space = spaces.Box(low=-1.0, high=1.0, shape=(10,), dtype=np.float32) 

        # ʜʽʷ: ʟʤʽʥʘ ʢʦʦʨʜʠʥʘʪ + ʩʠʣʘ ʟʘʭʚʘʪʫ 

        self.action_space = spaces.Box(low=-0.1, high=0.1, shape=(4,), dtype=np.float32) 

 

        # ʇʽʜʥʽʤʘʻʤʦ ʩʠʤʫʣʷʮʽʶ 

        p.connect(p.DIRECT) 

        p.setAdditionalSearchPath(pybullet_data.getDataPath()) 

        self.reset() 

 

    def reset(self): 

        p.resetSimulation() 

        p.setGravity(0, 0, -9.8) 

        # ʟʘʚʘʥʪʘʞʠʪʠ ʤʘʥʽʧʫʣʷʪʦʨ, ʦʙôʻʢʪ 

        # (ʜʣʷ ʧʨʠʢʣʘʜʫ ð ʧʨʦʩʪʠʡ ʢʫʙ) 
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        self.obj = p.loadURDF("cube_small.urdf", basePosition=[0.5, 0, 0.1]) 

        # ʧʦʯʘʪʢʦʚʘ ʧʦʟʠʮʽʷ ʨʫʢʠ: 

        self.hand_pos = np.array([0.4, 0, 0.2]) 

        # ʽʥʰʽ ʧʦʯʘʪʢʦʚʽ ʫʤʦʚʠ 

        state = np.zeros(self.observation_space.shape) 

        return state 

 

    def step(self, action): 

        # action: dx, dy, dz, grip_force 

        dx, dy, dz, grip = action 

        self.hand_pos += np.array([dx, dy, dz]) 

        # ʪʫʪ ʤʦʞʥʘ ʜʦʜʘʪʠ ʫʧʨʘʚʣʽʥʥʷ ʛʨʠʧʝʨʦʤ ð ʩʧʨʦʱʝʥʦ 

        # ʦʙʯʠʩʣʶʻʤʦ ʥʦʚʠʡ ʩʪʘʥ 

        state = np.concatenate([self.hand_pos, np.array([grip]), np.zeros(6)]) 

        # ʧʨʦʩʪʠʡ ʚʠʥʘʛʦʨʦʜʥʠʡ ʤʝʭʘʥʽʟʤ: 

        obj_pos, _ = p.getBasePositionAndOrientation(self.obj) 

        dist = np.linalg.norm(self.hand_pos - np.array(obj_pos)) 

        reward = -dist  # ʯʠʤ ʙʣʠʞʯʝ ð ʪʠʤ ʢʨʘʱʝ 

        done = False 

        if dist < 0.05: 

            reward += 10.0  # ʙʦʥʫʩ ʟʘ ʟʘʭʚʘʪ 

            done = True 

        return state, reward, done, {} 

 

    def render(self, mode='human'): 

        pass 

 

# --- 2. ʇʦʣʽʪʠʢʘ (ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ) --- 

class PolicyNetwork(nn.Module): 

    def __init__(self, input_dim, output_dim): 

        super().__init__() 

        self.fc = nn.Sequential( 

            nn.Linear(input_dim, 256), 

            nn.ReLU(), 

            nn.Linear(256, 256), 

            nn.ReLU(), 

            nn.Linear(256, output_dim), 

            nn.Tanh() 

        ) 

 

    def forward(self, x): 

        return self.fc(x) 

 

# --- 3. ʊʨʝʥʫʚʘʥʥʷ ʘʛʝʥʪʘ (ʩʧʨʦʱʝʥʠʡ, ʙʝʟ replay buffer) --- 

env = SimplePickEnv() 

policy = PolicyNetwork(env.observation_space.shape[0], env.action_space.shape[0]) 

optimizer = optim.Adam(policy.parameters(), lr=1e-3) 

 

for episode in range(1000): 

    state = env.reset() 

    ep_reward = 0 

    for t in range(100): 
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        state_tensor = torch.FloatTensor(state).unsqueeze(0) 

        action = policy(state_tensor).detach().numpy()[0] 

        next_state, reward, done, _ = env.step(action) 

        ep_reward += reward 

 

        # ʩʧʨʦʱʝʥʠʡ policy gradient (REINFORCE) 

        loss = -torch.log(policy(state_tensor)) * reward  # ʋʚʘʛʘ: ʮʝ ʧʩʝʚʜʦʢʦʜ 

        optimizer.zero_grad() 

        loss.mean().backward() 

        optimizer.step() 

 

        state = next_state 

        if done: 

            break 

    if episode % 100 == 0: 

        print(f"Episode {episode}, reward = {ep_reward:.2f}") 

 

ʇʦʷʩʥʝʥʥʷ: ʮʝʡ ʢʦʜ ð ʩʧʨʦʱʝʥʘ ʜʝʤʦʥʩʪʨʘʮʽʷ. ʉʣʽʜ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʙʫʬʝʨ ʧʦʚʪʦʨʥʦʛʦ 

ʚʽʜʪʚʦʨʝʥʥʷ (replay buffer), ʮʽʣʴʦʚʽ ʤʝʨʝʞʽ (target networks), ʥʦʨʤʘʣʽʟʘʮʽʶ ʚʠʥʘʛʦʨʦʜʠ, 

ʩʢʣʘʜʥʽʰʫ ʘʨʭʽʪʝʢʪʫʨʫ ʤʝʨʝʞʽ, ʽ, ʙʘʞʘʥʦ, ʩʝʨʝʜʦʚʠʱʝ ʟ ʨʝʘʣʴʥʠʤʠ ʬʽʟʠʯʥʠʤʠ ʚʣʘʩʪʠʚʦʩʪʷʤʠ 

ʦʙôʻʢʪʽʚ. 

ɺʀʉʅʆɺʂʀ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʫ ʥʘʚʯʘʥʥʽ ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʨʫʢ ʜʣʷ ʩʢʣʘʜʩʴʢʦʾ 

ʣʦʛʽʩʪʠʢʠ ʜʦʟʚʦʣʷʻ ʟʥʘʯʥʦ ʧʽʜʚʠʱʠʪʠ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʽ ʛʥʫʯʢʽʩʪʴ ʩʠʩʪʝʤ, ʟʤʝʥʰʫʶʯʠ ʧʦʪʨʝʙʫ 

ʚ ʨʫʯʥʦʤʫ ʧʨʦʛʨʘʤʫʚʘʥʥʽ. ʇʦʜʘʣʴʰʽ ʜʦʩʣʽʜʞʝʥʥʷ ʤʘʶʪʴ ʟʦʩʝʨʝʜʠʪʠʩʷ ʥʘ ʟʘʙʝʟʧʝʯʝʥʥʽ 

ʨʝʘʣʽʩʪʠʯʥʦʩʪʽ ʩʠʤʫʣʷʮʽʾ, ʙʝʟʧʝʢʠ ʚʟʘʻʤʦʜʽʾ ʟ ʣʶʜʴʤʠ, ʘʜʘʧʪʠʚʥʦʩʪʽ ʜʦ ʥʦʚʠʭ ʫʤʦʚ ʪʘ 

ʤʘʩʰʪʘʙʫʚʘʥʥʽ ʥʘ ʤʫʣʴʪʠ-ʘʛʝʥʪʥʽ ʩʠʩʪʝʤʠ. 
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GAN-BASED INVERSE DESIGN OF SOFT MORPHING COMPOSITE BEAMS.  

 

Abstract. Designing soft morphing composite beams involves complex nonlinear mechanics, a vast 

design space, and multiple fabrication strategies, making inverse design highly challenging. This paper 

presents a generative adversarial network (GAN)ïbased framework that predicts fabrication parameters 

enabling composite beams to morph into predefined shapes. The method relies on passiveïactive layered 

composites where strain mismatches cause autonomous shape transformation, driven by non-uniform 

geometry, material properties, and thermo-mechanical actuation. To accelerate parameter exploration, a 

simplified mechanical ñtoy modelò is developed, replacing thermal actuation with controlled mechanical 

stretching of elastic layers. The GAN architecture integrates three components: a generator that outputs 

design parameters from target shapes; a critic that enforces feasibility by comparing generated outputs to 

valid samples; and a pre-trained simulator that predicts resulting shapes for further refinement of the 

generator. Thousands of simulated and experimentally validated samples are used for training. Results show 

excellent agreement between predicted and fabricated shapes across diverse geometries, including spirals, 

waves, and line-art patterns. The framework is extended to temperature-actuated morphing, enabling 

reversible or multi-stage shape transitions. This approach provides a robust, fast, and scalable solution for 
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inverse design problems in soft robotics, deployable structures, and smart materials, outperforming traditional 

optimization-based methods.  

Keywords: inverse design; composite beams; GAN; morphing structures; strain mismatch; active 

layers; soft robotics; deployable structures. 

ɸʥʦʪʘʮʽʷ. ʇʨʦʻʢʪʫʚʘʥʥʷ ʤôʷʢʠʭ ʢʦʤʧʦʟʠʪʥʠʭ ʙʘʣʦʢ, ʟʜʘʪʥʠʭ ʜʦ ʤʦʨʬʽʥʛʫ, ʻ ʩʢʣʘʜʥʦʶ 

ʟʘʜʘʯʝʶ ʯʝʨʝʟ ʥʝʣʽʥʽʡʥʫ ʤʝʭʘʥʽʢʫ, ʚʝʣʠʢʠʡ ʧʨʦʩʪʽʨ ʧʘʨʘʤʝʪʨʽʚ ʽ ʤʥʦʞʠʥʥʽʩʪʴ ʤʦʞʣʠʚʠʭ 

ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʨʽʰʝʥʴ. ʋ ʨʦʙʦʪʽ ʧʦʜʘʥʦ ʽʥʚʝʨʩʥʠʡ ʧʽʜʭʽʜ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻ ʛʝʥʝʨʘʪʠʚʥʦ-ʟʤʘʛʘʣʴʥʫ 

ʤʝʨʝʞʫ (GAN) ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ ʚʠʛʦʪʦʚʣʝʥʥʷ, ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʝʨʝʭʽʜ ʙʘʣʢʠ ʫ 

ʟʘʟʜʘʣʝʛʽʜʴ ʚʠʟʥʘʯʝʥʫ ʬʦʨʤʫ. ʄʝʪʦʜ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʧʘʩʠʚʥʦ-ʘʢʪʠʚʥʠʭ ʢʦʤʧʦʟʠʪʘʭ, ʜʝ ʤʦʨʬʽʥʛ 

ʩʧʨʠʯʠʥʝʥʠʡ ʥʝʚʽʜʧʦʚʽʜʥʽʩʪʶ ʜʝʬʦʨʤʘʮʽʡ, ʟʫʤʦʚʣʝʥʦʶ ʥʝʦʜʥʦʨʽʜʥʠʤʠ ʛʝʦʤʝʪʨʠʯʥʠʤʠ ʪʘ 

ʤʘʪʝʨʽʘʣʴʥʠʤʠ ʚʣʘʩʪʠʚʦʩʪʷʤʠ ʨʘʟʦʤ ʽʟ ʪʝʨʤʦʤʝʭʘʥʽʯʥʦʶ ʘʢʪʠʚʘʮʽʻʶ. ɼʣʷ ʰʚʠʜʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ 

ʧʘʨʘʤʝʪʨʠʯʥʦʛʦ ʧʨʦʩʪʦʨʫ ʨʦʟʨʦʙʣʝʥʦ ʩʧʨʦʱʝʥʠʡ ʤʝʭʘʥʽʯʥʠʡ ʘʥʘʣʦʛ ð çtoy modelè, ʫ ʷʢʦʤʫ ʪʝʧʣʦʚʫ 

ʘʢʪʠʚʘʮʽʶ ʟʘʤʽʥʝʥʦ ʢʦʥʪʨʦʣʴʦʚʘʥʠʤ ʤʝʭʘʥʽʯʥʠʤ ʨʦʟʪʷʛʫʚʘʥʥʷʤ ʝʣʘʩʪʠʯʥʠʭ ʰʘʨʽʚ. ɸʨʭʽʪʝʢʪʫʨʘ GAN 

ʚʢʣʶʯʘʻ ʪʨʠ ʤʝʨʝʞʽ: ʛʝʥʝʨʘʪʦʨ, ʱʦ ʬʦʨʤʫʻ ʧʘʨʘʤʝʪʨʠ ʢʦʥʩʪʨʫʢʮʽʾ ʟ ʮʽʣʴʦʚʦʾ ʬʦʨʤʠ; ʢʨʠʪʠʢ, ʷʢʠʡ 

ʦʮʽʥʶʻ ʾʭʥʶ ʬʽʟʠʯʥʫ ʟʜʽʡʩʥʝʥʥʽʩʪʴ; ʪʘ ʧʦʧʝʨʝʜʥʴʦ ʥʘʚʯʝʥʠʡ ʩʠʤʫʣʷʪʦʨ, ʱʦ ʧʨʦʛʥʦʟʫʻ ʦʯʽʢʫʚʘʥʫ ʬʦʨʤʫ 

ʽ ʢʦʨʠʛʫʻ ʥʘʚʯʘʥʥʷ ʛʝʥʝʨʘʪʦʨʘ. ʅʘʚʯʘʥʥʷ ʟʜʽʡʩʥʝʥʦ ʥʘ ʪʠʩʷʯʘʭ ʩʠʤʫʣʴʦʚʘʥʠʭ ʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ 

ʧʽʜʪʚʝʨʜʞʝʥʠʭ ʧʨʠʢʣʘʜʽʚ. ʈʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ ʚʠʩʦʢʫ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʤʽʞ ʟʛʝʥʝʨʦʚʘʥʠʤʠ ʪʘ 

ʚʠʛʦʪʦʚʣʝʥʠʤʠ ʬʦʨʤʘʤʠ ʜʣʷ ʨʽʟʥʠʭ ʢʦʥʬʽʛʫʨʘʮʽʡ (ʩʧʽʨʘʣʝʡ, ʭʚʠʣʴ, ʣʽʥʽʡʥʠʭ ʤʦʪʠʚʽʚ). ɿʘʧʨʦʧʦʥʦʚʘʥʫ 

ʤʝʪʦʜʠʢʫ ʧʦʰʠʨʝʥʦ ʥʘ ʪʝʤʧʝʨʘʪʫʨʥʦ-ʘʢʪʠʚʦʚʘʥʽ ʤʦʨʬʽʥʛʦʚʽ ʩʠʩʪʝʤʠ ʟ ʤʦʞʣʠʚʽʩʪʶ ʨʝʚʝʨʩʠʚʥʠʭ ʘʙʦ 

ʙʘʛʘʪʦʩʪʫʧʝʥʝʚʠʭ ʜʝʬʦʨʤʘʮʽʡ. ʇʽʜʭʽʜ ʻ ʰʚʠʜʢʠʤ, ʤʘʩʰʪʘʙʦʚʘʥʠʤ ʽ ʪʦʯʥʠʤ ʨʽʰʝʥʥʷʤ ʽʥʚʝʨʩʥʦʾ ʟʘʜʘʯʽ 

ʧʨʦʻʢʪʫʚʘʥʥʷ ʚ ʤôʷʢʽʡ ʨʦʙʦʪʦʪʝʭʥʽʮʽ, ʘʜʘʧʪʠʚʥʠʭ ʪʘ ʨʦʟʛʦʨʪʥʠʭ ʩʪʨʫʢʪʫʨʘʭ, ʧʝʨʝʚʘʞʘʶʯʠ 

ʪʨʘʜʠʮʽʡʥʽ ʦʧʪʠʤʽʟʘʮʽʡʥʽ ʤʝʪʦʜʠ. (184 ʩʣʦʚʘ).  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʽʥʚʝʨʩʥʠʡ ʜʠʟʘʡʥ; ʢʦʤʧʦʟʠʪʥʽ ʙʘʣʢʠ; GAN; ʤʦʨʬʽʥʛʦʚʽ ʩʪʨʫʢʪʫʨʠ; 

ʥʝʚʽʜʧʦʚʽʜʥʽʩʪʴ ʜʝʬʦʨʤʘʮʽʡ; ʘʢʪʠʚʥʽ ʰʘʨʠ; ʤôʷʢʘ ʨʦʙʦʪʦʪʝʭʥʽʢʘ; ʨʦʟʛʦʨʪʥʽ ʩʠʩʪʝʤʠ. 

 

1. Introduction 

Reverse engineering of shape-changing frameworks represents a complex engineering 

challenge: the final configuration is known, yet the manufacturing specifications ensuring its 

achievement remain unknown. Although various materials, geometries, and activation methods can 

be utilized for shape-changing layered structures, their performance exhibits substantial nonlinearities 

due to large deformations. Conventional optimization techniques are time-consuming, demanding 

regarding initial assumptions, and frequently yield local solutions. In response, a machine learning-

oriented methodology is proposed, utilizing GAN for direct conversion of configuration into 

manufacturing specifications. 

2. Passive-Active Composites and Mechanical Analogue 

The composite comprises a foundation layer and one or several pre-extended responsive 

layers. Their interaction generates deformation following system releaseðeither during thermal 

activation. To accelerate testing, a "simplified model" is developed: instead of heat, the responsive 

layer undergoes mechanical extension, providing rapid validation of models and specifications. 

3. GAN Framework for Reverse Engineering 

3.1. Production Network 

Receives normalized target curve and noise, outputting 5 engineering specifications (layer 

dimensions, stiffness, magnitude of pre-extension). 

3.2. Evaluator 

Assesses viability, comparing against library of acceptable designs. 
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3.3. Prediction Model 

Forecasts configuration based on specifications; operates as inverted version of production 

network. Enables penalizing production network for imprecision. 

4. Training Data and Optimization Process 

Dataset contains thousands of pairs "specifications Ÿ configuration," obtained through 

numerical modeling and experiments. During training, production network and evaluator updates 

alternate, ensuring balanced convergence. GAN produces specifications within fractions of seconds, 

orders of magnitude faster than evolutionary algorithms. 

5. Outcomes 

5.1. Recreation of Target Configurations 

Manufactured structures accurately replicate helixes, undulations, and intricate curves. Minor 

deviations stem from manual operations (trimming, adhesion). 

5.2. Creative Configurations 

Model successfully produces specifications for figures created from sketch-based art and 

handwritten contours. 

5.3. Comparison with Simulations 

Curvatures of produced and manufactured structures align with prediction model. Difference 

is minimal, confirming correctness of approximation. 

6. Transformation with Temperature Activation 

An extension of the model is proposed, where pre-extension parameter is replaced with 

thermal expansion coefficient. This enables creating structures that alter configuration depending on 

temperature. Examples of two-stage and smooth temperature transitions are demonstrated. 

7. Conclusions 

GAN-oriented reverse engineering provides: 

¶ Rapid acquisition of manufacturing specifications 

¶ Elimination of need for manual adjustment 

¶ Accurate recreation of target configurations 

¶ Capability for extension to more complex activation mechanisms 

¶ Prospects for expandable systems, compliant robotics, and adaptive materials 
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(BAM), Berlin, Germany).  

 

ELASTIC CONSTANTS FROM ULTRASONIC DISPERSION IMAGES VIA NEURAL 

NETWORKS. 

 
Abstract. This paper presents a machine learningïbased framework for determining isotropic elastic 

constants of plate-like structures using dispersion images derived from ultrasonic guided waves (UGWs). Two 

neural network architectures are evaluated: a convolutional model with transfer learning based on 

EfficientNetB7, and a Vision Transformerïinspired model adapted for multi-output regression. To train these 

models, 20,000 simulated dispersion images are generated using the Scaled Boundary Finite Element Method 
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(SBFEM), providing normalized representations of UGW behavior across a wide parameter space. 

Measurement-specific artifactsðsuch as noise, spectral leakage, local distortions, and resolution limitsðare 

incorporated through on-the-fly data augmentation to bridge the domain gap between simulated and real data. 

Experimental validation is conducted using dispersion images recorded with a Verasonics Vantage 64 system 

on seven different material samples. Results show that both architectures accurately predict isotropic elastic 

constants without requiring initial estimates or manual feature extraction. The Vision Transformer exhibits 

superior robustness to image perturbations, while EfficientNetB7 converges faster but is more sensitive to 

noise. A novel image-to-regression visualization technique is introduced to explain model decisions. Overall, 

the study demonstrates that neural networks can reliably extract elastic constants from dispersion images, 

independent of the measurement setup.  

Keywords: ultrasonic guided waves; dispersion images; neural networks; isotropic elastic constants; 

EfficientNet; Vision Transformer; material characterization; SBFEM. 

ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ML-ʦʨʽʻʥʪʦʚʘʥʠʡ ʧʽʜʭʽʜ ʜʦ ʚʠʟʥʘʯʝʥʥʷ ʽʟʦʪʨʦʧʥʠʭ 

ʧʨʫʞʥʠʭ ʢʦʥʩʪʘʥʪ ʧʣʘʩʪʠʥʯʘʩʪʠʭ ʤʘʪʝʨʽʘʣʽʚ ʥʘ ʦʩʥʦʚʽ ʜʠʩʧʝʨʩʽʡʥʠʭ ʟʦʙʨʘʞʝʥʴ ʫʣʴʪʨʘʟʚʫʢʦʚʠʭ 

ʢʝʨʦʚʘʥʠʭ ʭʚʠʣʴ (UGW). ʈʦʟʛʣʷʥʫʪʦ ʜʚʽ ʘʨʭʽʪʝʢʪʫʨʠ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ: ʟʛʦʨʪʢʦʚʫ ʤʦʜʝʣʴ ʟ 

ʪʨʘʥʩʬʝʨʥʠʤ ʥʘʚʯʘʥʥʷʤ ʥʘ EfficientNetB7 ʪʘ ʤʦʜʝʣʴ, ʥʘʪʭʥʝʥʥʫ Vision Transformer, ʘʜʘʧʪʦʚʘʥʫ ʜʦ 

ʟʘʜʘʯʽ ʙʘʛʘʪʦʚʠʭʽʜʥʦʾ ʨʝʛʨʝʩʽʾ. ɼʣʷ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ ʟʛʝʥʝʨʦʚʘʥʦ 20 000 ʩʠʤʫʣʴʦʚʘʥʠʭ ʜʠʩʧʝʨʩʽʡʥʠʭ 

ʟʦʙʨʘʞʝʥʴ ʟʘ ʜʦʧʦʤʦʛʦʶ Scaled Boundary Finite Element Method (SBFEM), ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʥʦʨʤʘʣʽʟʦʚʘʥʽ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ UGW ʫ ʰʠʨʦʢʦʤʫ ʜʽʘʧʘʟʦʥʽ ʧʘʨʘʤʝʪʨʽʚ. ʇʽʜ ʯʘʩ ʪʨʝʥʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʘʥʦ ʩʧʝʮʽʘʣʴʥʽ 

ʟʘʩʦʙʠ ʘʫʛʤʝʥʪʘʮʽʾ, ʷʢʽ ʚʚʦʜʷʪʴ ʫ ʩʠʤʫʣʴʦʚʘʥʽ ʜʘʥʽ ʭʘʨʘʢʪʝʨʥʽ ʜʣʷ ʚʠʤʽʨʶʚʘʥʴ ʘʨʪʝʬʘʢʪʠ ð ʰʫʤ, 

ʩʧʝʢʪʨʘʣʴʥʽ ʚʠʢʨʠʚʣʝʥʥʷ, ʧʨʦʧʫʩʢʠ ʪʘ ʦʙʤʝʞʝʥʥʷ ʧʨʦʩʪʦʨʦʚʦʾ ʨʦʟʜʽʣʴʥʦʩʪʽ ð ʱʦ ʧʦʢʨʘʱʫʻ 

ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʝʡ. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘ ʧʝʨʝʚʽʨʢʘ ʚʠʢʦʥʘʥʘ ʥʘ ʜʠʩʧʝʨʩʽʡʥʠʭ 

ʟʦʙʨʘʞʝʥʥʷʭ ʩʝʤʠ ʤʘʪʝʨʽʘʣʽʚ, ʦʪʨʠʤʘʥʠʭ ʩʠʩʪʝʤʦʶ Verasonics Vantage 64. ʈʝʟʫʣʴʪʘʪʠ 

ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʦʙʠʜʚʽ ʘʨʭʽʪʝʢʪʫʨʠ ʟʜʘʪʥʽ ʪʦʯʥʦ ʧʨʦʛʥʦʟʫʚʘʪʠ ʽʟʦʪʨʦʧʥʽ ʧʨʫʞʥʽ ʢʦʥʩʪʘʥʪʠ ʙʝʟ 

ʧʦʯʘʪʢʦʚʠʭ ʧʨʠʧʫʱʝʥʴ ʘʙʦ ʨʫʯʥʦʛʦ ʚʠʜʽʣʝʥʥʷ ʦʟʥʘʢ. ʄʦʜʝʣʴ Vision Transformer ʧʦʢʘʟʘʣʘ ʚʠʱʫ 

ʩʪʽʡʢʽʩʪʴ ʜʦ ʟʤʽʥ ʟʦʙʨʘʞʝʥʴ, ʪʦʜʽ ʷʢ EfficientNetB7 ʟʘʙʝʟʧʝʯʠʣʘ ʰʚʠʜʰʫ ʟʙʽʞʥʽʩʪʴ, ʘʣʝ ʙʫʣʘ 

ʯʫʪʣʠʚʽʰʦʶ ʜʦ ʰʫʤʫ. ɼʦʜʘʪʢʦʚʦ ʧʨʝʜʩʪʘʚʣʝʥʦ ʥʦʚʠʡ ʤʝʪʦʜ ʚʽʟʫʘʣʽʟʘʮʽʾ çimage-to-regressionè ʜʣʷ 

ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʨʽʰʝʥʴ ʤʦʜʝʣʝʡ. ɼʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʤʦʞʫʪʴ ʝʬʝʢʪʠʚʥʦ 

ʚʠʟʥʘʯʘʪʠ ʧʨʫʞʥʽ ʢʦʥʩʪʘʥʪʠ ʟʘ ʜʠʩʧʝʨʩʽʡʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ, ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʚʠʤʽʨʶʚʘʣʴʥʦʛʦ 

ʦʙʣʘʜʥʘʥʥʷ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʫʣʴʪʨʘʟʚʫʢʦʚʽ ʢʝʨʦʚʘʥʽ ʭʚʠʣʽ; ʜʠʩʧʝʨʩʽʡʥʽ ʟʦʙʨʘʞʝʥʥʷ; ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ; 

ʽʟʦʪʨʦʧʥʽ ʧʨʫʞʥʽ ʢʦʥʩʪʘʥʪʠ; EfficientNet; Vision Transformer; SBFEM; ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʤʘʪʝʨʽʘʣʽʚ. 

 

1. Introduction 

Identifying material stiffness parameters represents a fundamental phase in non-destructive 

evaluation and materials science. Acoustic guided waves exhibit frequency-dependent characteristics 

responsive to substance properties, rendering frequency-dependent imagery a valuable instrument for 

property identification. Conventional approaches require manual wave mode examination, 

preliminary assumptions, and intricate mathematical frameworks. Conversely, artificial neural 

networks possess the capability to autonomously extract patterns from imagery, positioning them as 

promising candidates for material stiffness determination. 

2. Materials and Methodology 

2.1. Production of Computer-Generated Frequency-Dependent Imagery 

Simulations were executed using SBFEM through solving eigenvalue problems for specified 

wavenumber values. Information was standardized relative to thickness, facilitating comparisons 

among different plate specimens. Within simulations, parameters Enorm = E/ɟ and Poisson's ratio 

were employed, ensuring uniform value distribution throughout the dataset. 

2.2. Experimental Measurement Information 

Experimental imagery was acquired using Verasonics Vantage 64 apparatus with 62.5 MHz 

sampling frequency on 300Ĭ300 mm plate specimens. Processing included: 

¶ Tukey windowing (Ŭ=0.3) 

¶ Zero-padding implementation 

¶ Two-dimensional Fast Fourier Transform 

¶ Standardization and filtering procedures 
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¶ Morphological operations (erosion/dilation) 

¶ Rescaling to 600Ĭ600 pixel dimensions 

2.3. Artificial Neural Network Architectures  

¶ EfficientNetB7: Convolutional architecture with knowledge transfer; rapid 

training convergence, yet sensitivity to interference. 

¶ Vision Transformer : Global dependency modeling; superior resilience to 

imperfections. 

TensorFlow-oriented enhancements were incorporated: interference, blurring, omissions, 

distortions. 

3. Findings 

3.1. Computer-Generated Dataset Performance 

Mean Absolute Percentage Error measured 2.94% (EfficientNetB7) and 2.13% (Vision 

Transformer), indicating substantial accuracy. 

3.2. Experimental Measurement Performance 

¶ Vision Transformer produces consistent forecasts regardless of interference 

and minor imperfections. 

¶ EfficientNetB7 demonstrates greater variability when encountering contrast 

modifications and localized distortions. 

¶ Both architectures accurately forecast parameters for seven substances without 

preliminary approximations. 

4. Discussion 

Comparison of the two architectures revealed that: 

¶ Convolutional networks concentrate on localized patterns, rendering them 

susceptible to localized imperfections. 

¶ Transformer architecture more effectively processes global structures, 

providing stability. 

¶ Dataset enhancements fulfill a crucial function in transferring models from 

simulation to experimentation. 

5. Conclusions 

The proposed methodology enables automatic identification of isotropic material stiffness 

parameters from frequency-dependent imagery without preliminary assumptions or manual 

processing. Method advantages include: 

¶ Complete automation 

¶ Resilience to interference 

¶ Independence from measurement apparatus configuration 

¶ Scalability potential for more complex substances 
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MACHINE LEARNING FOR NANOPARTICLE SIZING WITH BIOSENSOR ARRAYS.  

 
Abstract. Accurate nanoparticle sizing in liquid environments remains a significant challenge for 

modern biosensing systems, particularly when particle dimensions approach the spatial resolution limits of 

sensor arrays. This study presents a machine learning (ML)ïenhanced framework for interpreting 
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multifrequency capacitance data acquired from CMOS nanoelectrode array biosensors. By leveraging the 

analogy between multifrequency capacitance maps and multispectral images, several ML architecturesð

ranging from large, established convolutional neural networks to custom lightweight modelsðare evaluated 

for the task of estimating nanoparticle radii. High-fidelity finite element simulations, augmented with 

controlled noise models, are combined with a limited number of experimental measurements to generate robust 

training datasets. Two families of environments are analyzed: MilliQ water and phosphate-buffered saline 

(PBS), each introducing distinct noise and frequency-dependent effects. Results indicate that compact models 

such as the Simplest Net and SuperLite MobileNet achieve excellent accuracy, with median sizing errors 

remaining below 15% across all tested scenarios. The findings highlight the advantage of mixing simulated 

and real data to improve generalization, especially in conditions where measurements alone are insufficient 

due to variability and limited sample size. This work demonstrates that ML-augmented biosensor arrays can 

deliver real-time, label-free, and cost-effective nanoparticle metrology, enabling next-generation applications 

in environmental monitoring, nanoplastics detection, and biomedical diagnostics.  

Keywords: machine learning; biosensing; nanoelectrode arrays; capacitance maps; nanoparticle 

sizing; multispectral imaging; simulation-based training. 

ɸʥʦʪʘʮʽʷ. ʊʦʯʥʝ ʚʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʫ ʥʘʥʦʯʘʩʪʠʥʦʢ ʫ ʨʽʜʠʥʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ ʟʘʣʠʰʘʻʪʴʩʷ 

ʩʢʣʘʜʥʦʶ ʟʘʜʘʯʝʶ ʜʣʷ ʩʫʯʘʩʥʠʭ ʙʽʦʩʝʥʩʦʨʥʠʭ ʩʠʩʪʝʤ, ʦʩʦʙʣʠʚʦ ʢʦʣʠ ʾʭʥʽ ʨʦʟʤʽʨʠ ʥʘʙʣʠʞʘʶʪʴʩʷ ʜʦ 

ʤʝʞ ʧʨʦʩʪʦʨʦʚʦʾ ʨʦʟʜʽʣʴʥʦʩʪʽ ʩʝʥʩʦʨʥʠʭ ʤʘʩʠʚʽʚ. ʋ ʮʴʦʤʫ ʜʦʩʣʽʜʞʝʥʥʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ML-

ʦʨʽʻʥʪʦʚʘʥʠʡ ʧʽʜʭʽʜ ʜʦ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʙʘʛʘʪʦʯʘʩʪʦʪʥʠʭ ʻʤʥʽʩʥʠʭ ʜʘʥʠʭ, ʦʪʨʠʤʘʥʠʭ CMOS-

ʥʘʥʦʝʣʝʢʪʨʦʜʥʠʤʠ ʤʘʩʠʚʘʤʠ. ɺʠʢʦʨʠʩʪʦʚʫʶʯʠ ʩʪʨʫʢʪʫʨʥʫ ʧʦʜʽʙʥʽʩʪʴ ʤʽʞ ʻʤʥʽʩʥʠʤʠ ʢʘʨʪʘʤʠ ʪʘ 

ʤʫʣʴʪʠʩʧʝʢʪʨʘʣʴʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ, ʦʮʽʥʝʥʦ ʝʬʝʢʪʠʚʥʽʩʪʴ ʨʽʟʥʠʭ ʘʨʭʽʪʝʢʪʫʨ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

ð ʚʽʜ ʚʝʣʠʢʠʭ CNN-ʤʝʨʝʞ ʜʦ ʩʧʝʮʽʘʣʴʥʦ ʩʧʨʦʻʢʪʦʚʘʥʠʭ ʧʦʣʝʛʰʝʥʠʭ ʤʦʜʝʣʝʡ ð ʜʣʷ ʦʮʽʥʢʠ ʨʘʜʽʫʩʘ 

ʥʘʥʦʯʘʩʪʠʥʦʢ. ɼʣʷ ʬʦʨʤʫʚʘʥʥʷ ʥʘʚʯʘʣʴʥʠʭ ʚʠʙʽʨʦʢ ʧʦʻʜʥʘʥʦ ʚʠʩʦʢʦʪʦʯʥʽ ʬʽʟʠʯʥʽ ʩʠʤʫʣʷʮʽʾ ʟ 

ʦʙʤʝʞʝʥʠʤ ʥʘʙʦʨʦʤ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʚʠʤʽʨʶʚʘʥʴ, ʜʦʧʦʚʥʝʥʠʭ ʢʝʨʦʚʘʥʠʤʠ ʰʫʤʦʚʠʤʠ ʤʦʜʝʣʷʤʠ. 

ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʜʚʘ ʩʝʨʝʜʦʚʠʱʘ ð MilliQ  ʪʘ PBS ð ʷʢʽ ʧʦ-ʨʽʟʥʦʤʫ ʚʧʣʠʚʘʶʪʴ ʥʘ ʬʦʨʤʫ ʩʠʛʥʘʣʫ ʪʘ 

ʨʽʚʝʥʴ ʰʫʤʫ. ʈʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ, ʱʦ ʢʦʤʧʘʢʪʥʽ ʤʦʜʝʣʽ, ʪʘʢʽ ʷʢ Simplest Net ʽ SuperLite 

MobileNet, ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ, ʫʪʨʠʤʫʶʯʠ ʤʝʜʽʘʥʥʫ ʧʦʤʠʣʢʫ ʥʠʞʯʝ 15% ʫ ʚʩʽʭ 

ʜʦʩʣʽʜʞʫʚʘʥʠʭ ʩʮʝʥʘʨʽʷʭ. ʈʦʙʦʪʘ ʧʽʜʢʨʝʩʣʶʻ ʧʝʨʝʚʘʛʠ ʧʦʻʜʥʘʥʥʷ ʩʠʤʫʣʷʮʽʡ ʽ ʚʠʤʽʨʶʚʘʥʴ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʫʟʘʛʘʣʴʥʶʚʘʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ, ʦʩʦʙʣʠʚʦ ʢʦʣʠ ʨʝʘʣʴʥʽ ʜʘʥʽ ʥʝʩʪʘʙʽʣʴʥʽ ʘʙʦ ʤʘʣʦʯʠʩʝʣʴʥʽ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʜʦʚʦʜʠʪʴ, ʱʦ ML-ʧʽʜʩʠʣʝʥʽ ʥʘʥʦʝʣʝʢʪʨʦʜʥʽ ʙʽʦʩʝʥʩʦʨʠ ʟʜʘʪʥʽ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʰʚʠʜʢʫ, 

ʙʝʟʤʽʪʢʦʚʫ ʪʘ ʝʢʦʥʦʤʽʯʥʦ ʝʬʝʢʪʠʚʥʫ ʤʝʪʨʦʣʦʛʽʶ ʥʘʥʦʯʘʩʪʠʥʦʢ, ʚʽʜʢʨʠʚʘʶʯʠ ʧʝʨʩʧʝʢʪʠʚʠ ʜʣʷ 

ʤʦʥʽʪʦʨʠʥʛʫ ʥʘʥʦʧʣʘʩʪʠʢʽʚ ʽ ʙʽʦʤʝʜʠʯʥʠʭ ʟʘʩʪʦʩʫʚʘʥʴ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ; ʙʽʦʩʝʥʩʦʨʠ; ʥʘʥʦʝʣʝʢʪʨʦʜʥʽ ʤʘʩʠʚʠ; ʻʤʥʽʩʥʽ ʢʘʨʪʠ; ʨʦʟʤʽʨ 

ʥʘʥʦʯʘʩʪʠʥʦʢ; ʤʫʣʴʪʠʩʧʝʢʪʨʘʣʴʥʽ ʟʦʙʨʘʞʝʥʥʷ; ʩʠʤʫʣʷʮʽʡʥʝ ʥʘʚʯʘʥʥʷ. 

 

1. Introduction 

Deep learning and computational intelligence techniques have profoundly influenced 

advancements in visual recognition, speech analysis, and complex system modeling. Nevertheless, 

their application within biosensing technologies remains restricted due to insufficient quality datasets, 

measurement sensitivity, and the complexity of physical phenomena in aqueous environments. 

CMOS nanoelectrode matrices constitute a promising instrument for marker-free detection of 

nanoscale entities, yet their effectiveness depends on the capability to accurately interpret multi-

frequency capacitive representations. This investigation examines how deep learning approaches can 

improve precision in determining nanoscale particle dimensions and overcome constraints of 

conventional methodologies. 

2. Measurement Methodology and Dataset Preparation 

The study employed a CMOS matrix for high-frequency impedance spectroscopy (HFIS) 

featuring 256Ĭ256 nanoelectrodes (90 nm radius), capable of generating localized capacitive 

representations. Laboratory measurements were conducted in deionized water and PBS utilizing 

polystyrene nanoscale particles (275 and 500 nm). Preprocessing involved selecting 7Ĭ7 electrode 

grids containing individual particles, standardization, and noise reduction. To simulate experimental 

conditions, a noise pattern derived from peripheral electrodes was applied. 

3. Computational Modeling 

Physical simulations were executed using ENBIOS, which solves Poisson-Boltzmann and 

Poisson-drift-diffusion equations. Frequency responses were modeled for particles of varying 
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dimensions (200-1500 nm) and positions. Datasets were supplemented with augmentation techniques 

(mirror reflections), enhancing model generalization capabilities. 

4. Deep Learning Architectures for Dimension Estimation 

For predicting particle dimensions, both established CNN architectures (MobileNet-V3Small, 

ResNet18) and simple custom designs (Two Blocks Net, Simplest Net) were utilized. To prevent 

overfitting, emphasis was placed on streamlined networks. Training employed Gaussian NLL Loss 

with Adamax optimizer, enabling models to estimate both mean dimension values and variance. 

5. Results 

5.1. Deionized Water 

¶ On computational datasets, Two Blocks Net and Simplest Net performed 

optimally (deviation <10%). 

¶ Larger architectures (MobileNet) exhibited overfitting and were rejected. 

¶ When tested on laboratory data, all models (except Tiny MoNet) correctly 

distinguished 275 and 500 nm particles. 

¶ Incorporating 10 empirical samples into training influenced only SuperLite 

MoNet performance. 

5.2. PBS 

¶ Compact architecture superiority was confirmed. 

¶ SuperLite MoNet demonstrated weak performance without empirical data but 

became most accurate after measurement addition. 

¶ Median deviation remained <15% across all scenarios. 

CONCLUSIONS. 

Merging computational modeling with limited laboratory measurements substantially 

improves deep learning model accuracy for nanoscale particle dimension estimation. Streamlined 

architectures ensure optimal generalization capacity, while extensive neural networks overfit due to 

dataset limitations. The presented methodology proves promising for developing high-throughput 

biosensors, including environmental monitoring and diagnostic applications. 
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INTELLIGENT MACHINES AND DEVICES IN FACTORIES: APPLYING MODERN 

TECHNOLOGIES WHILE ENSURING WORKER SAFETY AND ENVIRONMENTAL 

PROTECTION . 

 
Abstract. Modern manufacturing is undergoing a profound transformation driven by the rapid 

development of intelligent machines, automation systems, and data-driven industrial technologies. These 

advancements significantly increase productivity, precision, and operational efficiency, while simultaneously 

introducing new challenges regarding worker safety and environmental sustainability. This paper provides a 

comprehensive analysis of intelligent machines and devices implemented in contemporary factories, including 

industrial robots, collaborative robots, CNC systems, additive manufacturing technologies, AGVs and AMRs, 

advanced sensor networks, machine-vision systems, and predictive maintenance platforms. Emphasis is placed 

on risk management strategies for ensuring occupational safety in automated environments, including 

ergonomic optimization, hazard detection technologies, safety interlocks, real-time monitoring, and operator 
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training supported by digital tools. The study also examines key principles of sustainable manufacturing, 

highlighting energy-efficient industrial processes, waste reduction strategies, circular-economy approaches, 

emission-control technologies, and integration of renewable energy resources. The results demonstrate that 

the synergy between intelligent machinery, safety protocols, and environmental management significantly 

enhances industrial performance while reducing ecological impact. The findings underscore the importance 

of a holistic approach in which technological innovation, human-centered safety, and sustainability contribute 

equally to building resilient, efficient, and environmentally responsible factories capable of addressing global 

industrial challenges. 

Keywords: intelligent machines; automation; worker safety; environmental protection; sustainable 

manufacturing; industrial technology; smart factories. 

ɸʥʦʪʘʮʽʷ. ʉʫʯʘʩʥʽ ʚʠʨʦʙʥʠʯʽ ʩʠʩʪʝʤʠ ʟʘʟʥʘʶʪʴ ʽʥʪʝʥʩʠʚʥʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʧʽʜ ʚʧʣʠʚʦʤ 

ʰʚʠʜʢʦʛʦ ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʘʰʠʥ, ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʢʦʤʧʣʝʢʩʽʚ ʪʘ ʪʝʭʥʦʣʦʛʽʡ, ʟʘʩʥʦʚʘʥʠʭ 

ʥʘ ʘʥʘʣʽʟʽ ʜʘʥʠʭ. ʊʘʢʽ ʩʠʩʪʝʤʠ ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ, ʪʦʯʥʦʩʪʽ ʪʘ 

ʝʬʝʢʪʠʚʥʦʩʪʽ, ʘʣʝ ʚʦʜʥʦʯʘʩ ʩʪʘʚʣʷʪʴ ʥʦʚʽ ʚʠʤʦʛʠ ʜʦ ʛʘʨʘʥʪʫʚʘʥʥʷ ʙʝʟʧʝʢʠ ʧʨʘʮʽʚʥʠʢʽʚ ʽ ʟʘʭʠʩʪʫ 

ʜʦʚʢʽʣʣʷ. ʋ ʨʦʙʦʪʽ ʧʨʦʚʝʜʝʥʦ ʚʩʝʙʽʯʥʠʡ ʘʥʘʣʽʟ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʘʰʠʥ ʽ ʧʨʠʩʪʨʦʾʚ, ʱʦ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʘ ʩʫʯʘʩʥʠʭ ʟʘʚʦʜʘʭ, ʟʦʢʨʝʤʘ ʧʨʦʤʠʩʣʦʚʠʭ ʨʦʙʦʪʽʚ, ʢʦʣʘʙʦʨʘʪʠʚʥʠʭ ʨʦʙʦʪʽʚ, 

ʩʠʩʪʝʤ ʏʇʂ, ʘʜʠʪʠʚʥʠʭ ʪʝʭʥʦʣʦʛʽʡ, ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʪʨʘʥʩʧʦʨʪʥʠʭ ʧʣʘʪʬʦʨʤ, ʩʝʥʩʦʨʥʠʭ ʤʝʨʝʞ, 

ʩʠʩʪʝʤ ʤʘʰʠʥʥʦʛʦ ʟʦʨʫ ʪʘ ʪʝʭʥʦʣʦʛʽʡ ʧʨʦʛʥʦʟʥʦʛʦ ʪʝʭʥʽʯʥʦʛʦ ʦʙʩʣʫʛʦʚʫʚʘʥʥʷ. ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ 

ʧʨʠʜʽʣʝʥʦ ʩʪʨʘʪʝʛʽʷʤ ʫʧʨʘʚʣʽʥʥʷ ʨʠʟʠʢʘʤʠ ʫ ʨʦʙʦʪʠʟʦʚʘʥʠʭ ʪʘ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʫʤʦʚʘʭ, ʚʢʣʶʯʘʶʯʠ 

ʝʨʛʦʥʦʤʽʯʥʫ ʦʧʪʠʤʽʟʘʮʽʶ, ʚʠʷʚʣʝʥʥʷ ʥʝʙʝʟʧʝʯʥʠʭ ʩʠʪʫʘʮʽʡ, ʟʘʩʪʦʩʫʚʘʥʥʷ ʟʘʭʠʩʥʠʭ ʽʥʪʝʨʣʦʢʽʚ, ʩʠʩʪʝʤ 

ʦʧʝʨʘʪʠʚʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʮʠʬʨʦʚʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʧʽʜʛʦʪʦʚʢʠ ʧʝʨʩʦʥʘʣʫ. ʆʢʨʝʤʦ ʨʦʟʛʣʷʥʫʪʦ 

ʧʨʠʥʮʠʧʠ ʩʪʘʣʦʛʦ ʚʠʨʦʙʥʠʮʪʚʘ: ʝʥʝʨʛʦʦʱʘʜʥʽ ʪʝʭʥʦʣʦʛʽʾ, ʟʤʝʥʰʝʥʥʷ ʚʽʜʭʦʜʽʚ, ʧʽʜʭʦʜʠ ʮʠʨʢʫʣʷʨʥʦʾ 

ʝʢʦʥʦʤʽʢʠ, ʬʽʣʴʪʨʘʮʽʡʥʽ ʪʘ ʝʤʽʩʽʡʥʽ ʩʠʩʪʝʤʠ, ʘ ʪʘʢʦʞ ʽʥʪʝʛʨʘʮʽʶ ʚʽʜʥʦʚʣʶʚʘʥʠʭ ʜʞʝʨʝʣ ʝʥʝʨʛʽʾ. 

ʇʦʢʘʟʘʥʦ, ʱʦ ʧʦʻʜʥʘʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʤʘʰʠʥ, ʝʬʝʢʪʠʚʥʠʭ ʟʘʭʦʜʽʚ ʙʝʟʧʝʢʠ ʪʘ ʝʢʦʣʦʛʽʯʥʦʛʦ 

ʫʧʨʘʚʣʽʥʥʷ ʩʫʪʪʻʚʦ ʧʽʜʚʠʱʫʻ ʨʝʟʫʣʴʪʘʪʠʚʥʽʩʪʴ ʚʠʨʦʙʥʠʮʪʚʘ ʪʘ ʟʤʝʥʰʫʻ ʡʦʛʦ ʝʢʦʣʦʛʽʯʥʠʡ ʚʧʣʠʚ. 

ʈʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʥʝʦʙʭʽʜʥʽʩʪʴ ʢʦʤʧʣʝʢʩʥʦʛʦ ʧʽʜʭʦʜʫ, ʫ ʤʝʞʘʭ ʷʢʦʛʦ ʪʝʭʥʦʣʦʛʽʯʥʽ 

ʽʥʥʦʚʘʮʽʾ, ʙʝʟʧʝʢʘ ʧʨʘʮʽʚʥʠʢʽʚ ʽ ʩʪʘʣʠʡ ʨʦʟʚʠʪʦʢ ʬʦʨʤʫʶʪʴ ʦʩʥʦʚʫ ʚʽʜʧʦʚʽʜʘʣʴʥʦʛʦ ʪʘ ʝʬʝʢʪʠʚʥʦʛʦ 

ʩʫʯʘʩʥʦʛʦ ʚʠʨʦʙʥʠʮʪʚʘ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʤʘʰʠʥʠ; ʘʚʪʦʤʘʪʠʟʘʮʽʷ; ʙʝʟʧʝʢʘ ʧʨʘʮʽʚʥʠʢʽʚ; ʝʢʦʣʦʛʽʯʥʠʡ 

ʟʘʭʠʩʪ; ʩʪʘʣʠʡ ʨʦʟʚʠʪʦʢ; ʧʨʦʤʠʩʣʦʚʘ ʪʝʭʥʦʣʦʛʽʷ; ʨʦʟʫʤʥʽ ʬʘʙʨʠʢʠ. 

 

1. INTRODUCTION  

The rapid development of intelligent machines and devices has transformed modern 

manufacturing, introducing unprecedented levels of automation, precision, and efficiency. Factories 

equipped with intelligent machinery benefit from advanced control systems, real-time data 

monitoring, and adaptive algorithms that optimize production processes, reduce operational errors, 

and enhance overall productivity. These technological advancements not only allow manufacturers 

to meet increasing market demands but also improve the quality of products while minimizing 

material waste and energy consumption. However, the integration of intelligent machines into 

industrial environments also raises critical concerns regarding worker safety and environmental 

sustainability. As machinery becomes more complex and autonomous, the potential risks to human 

operators, including mechanical hazards, exposure to harmful substances, and operational errors, 

must be systematically addressed. Ensuring comprehensive safety protocols, emergency response 

mechanisms, and proper training programs for workers is essential to mitigate these risks. In parallel, 

the environmental impact of industrial operations, such as emissions, energy usage, and disposal of 

hazardous by-products, requires careful consideration to comply with regulations and promote 

sustainable manufacturing practices. Modern intelligent devices are designed not only to increase 

efficiency but also to support safer and greener production processes. Sensors, automation controls, 

and predictive maintenance systems contribute to preventing accidents and equipment failures, 

thereby reducing downtime and the likelihood of workplace injuries. Additionally, these systems can 

monitor environmental parameters, optimize energy consumption, and minimize harmful emissions, 

directly supporting factory sustainability goals. The synergy between intelligent technology, 

occupational safety, and environmental protection establishes a foundation for responsible industrial 
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innovation that benefits both workers and the broader community. This work aims to explore the role 

of intelligent machines and devices in contemporary factories, focusing on their technological 

capabilities, applications, and the measures required to ensure worker safety and environmental 

protection. Through an in-depth analysis of intelligent manufacturing systems, this study will 

highlight how modern technologies can be effectively harnessed to achieve sustainable, safe, and 

efficient industrial production. The integration of safety standards and environmental management 

practices alongside technological innovation represents a key strategy for advancing the future of 

smart factories. The adoption of intelligent machines allows factories to implement predictive 

analytics, enabling early detection of potential equipment failures and preventing accidents before 

they occur. These systems can collect and analyze vast amounts of operational data, providing 

insights that enhance both productivity and safety standards. Collaborative robots, or cobots, are 

increasingly used to work alongside human operators, combining human flexibility with machine 

precision while reducing physical strain on workers. Moreover, advanced automation reduces the 

need for manual handling of hazardous materials, thereby decreasing occupational exposure and 

potential health risks. From an environmental perspective, intelligent devices facilitate the 

optimization of energy consumption, reducing unnecessary waste and lowering carbon footprints. 

Manufacturing processes can be fine-tuned to minimize the release of pollutants and ensure 

compliance with environmental regulations. Waste management systems integrated with smart 

machinery allow for the recycling and proper disposal of industrial by-products, contributing to 

circular economy practices. Furthermore, the use of sensors and IoT devices enables continuous 

monitoring of air quality, noise levels, and emissions within factory premises. Implementing such 

technologies supports corporate sustainability goals and strengthens public trust in industrial 

operations. Ultimately, intelligent machines not only enhance operational efficiency but also create 

safer, cleaner, and more responsible industrial environments, highlighting the essential balance 

between technological advancement, worker safety, and environmental stewardship. 

2. TYPES OF INTELLIGENT MACHINES AND DEVICES IN MODERN 

FACTORIES 

Modern factories rely on a wide array of intelligent machines and devices designed to optimize 

production processes, improve efficiency, and enhance product quality. One of the most common 

types of intelligent machines are industrial robots, which can perform repetitive, high-precision tasks 

such as welding, painting, assembly, and material handling. These robots are often equipped with 

advanced sensors, machine vision systems, and artificial intelligence algorithms, enabling them to 

adapt to changing production conditions, detect defects, and operate safely alongside human workers. 

Collaborative robots, or cobots, represent a newer generation of robots designed to work in close 

proximity with humans, combining human flexibility and decision-making with machine accuracy 

and strength. Cobots are often used in assembly lines, packaging, and inspection tasks, where their 

adaptability significantly enhances productivity. Another critical category is CNC (Computer 

Numerical Control) machines, which include milling machines, lathes, and cutting systems. CNC 

machines use precise computer instructions to execute complex operations with minimal human 

intervention. Modern CNC systems often integrate real-time monitoring and adaptive control, 

allowing for adjustments during operation to maintain quality standards and reduce waste. Additive 

manufacturing devices, commonly known as 3D printers, have also become integral in smart 

factories. These machines enable the creation of complex components with high accuracy, using 

various materials including metals, polymers, and composites. Intelligent additive manufacturing 

systems incorporate sensors and software that track production in real time, ensuring consistency, 

optimizing material usage, and minimizing errors. Automated guided vehicles (AGVs) and 

autonomous mobile robots (AMRs) are increasingly deployed in factories for logistics, transportation 

of materials, and inventory management. These devices use advanced navigation systems, including 

LiDAR, cameras, and GPS, to move safely around production floors without human intervention. 

AGVs follow predefined paths, whereas AMRs can dynamically navigate complex environments, 

making real-time decisions to avoid obstacles and optimize routes. Their integration reduces labor-
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intensive material handling, improves workflow efficiency, and enhances safety by minimizing 

collisions or human error. Intelligent sensor systems play a fundamental role in monitoring industrial 

processes. These include temperature, pressure, vibration, and optical sensors, which provide 

continuous feedback to production control systems. Data collected by these sensors can trigger 

automated adjustments, prevent equipment failures, and maintain optimal production parameters. In 

addition, machine vision systems enable automated inspection and quality control, detecting surface 

defects, assembly errors, or deviations in dimensions. These systems are particularly valuable in 

industries such as automotive manufacturing, electronics, and pharmaceuticals, where precision and 

consistency are critical. Artificial intelligence (AI) and machine learning systems are increasingly 

integrated into intelligent devices, allowing machines to learn from data, predict equipment 

maintenance needs, and optimize production schedules. For example, AI-powered predictive 

maintenance systems analyze sensor data to forecast machinery wear and prevent unexpected 

breakdowns, thereby reducing downtime and maintenance costs. Industrial Internet of Things (IIoT) 

devices also contribute significantly by connecting machines, sensors, and control systems over 

networks, enabling real-time monitoring, analytics, and remote management. Advanced human-

machine interfaces (HMIs) and augmented reality (AR) tools are enhancing the way operators interact 

with machines. These interfaces provide intuitive control panels, visualization of machine status, and 

interactive troubleshooting guidance. Workers can use AR glasses to overlay digital information onto 

physical equipment, improving maintenance, training, and assembly tasks. Emerging technologies 

such as exoskeletons, wearable devices, and smart safety systems are being incorporated into factories 

to further enhance worker performance and safety. Exoskeletons reduce physical strain during lifting 

or repetitive tasks, while wearable sensors monitor vital signs, fatigue levels, and exposure to 

hazardous conditions. Smart safety systems can automatically shut down machines in emergencies or 

alert workers to potential hazards, ensuring compliance with safety protocols. Modern factories 

employ a diverse ecosystem of intelligent machines and devices, ranging from industrial robots and 

CNC machines to AI-powered sensors, additive manufacturing systems, and autonomous vehicles. 

Each of these devices contributes to increased productivity, precision, and operational efficiency, 

while simultaneously supporting safety, sustainability, and data-driven decision-making. The 

integration of intelligent technologies not only transforms production capabilities but also establishes 

the foundation for smart, resilient, and future-oriented manufacturing environments. In addition to 

their operational capabilities, intelligent machines contribute significantly to the digitalization of 

factories, forming the backbone of smart manufacturing systems. Many devices are equipped with 

self-diagnostic features that continuously assess machine health and performance, allowing for 

proactive maintenance and minimizing the risk of unexpected failures. Integrated communication 

protocols enable seamless coordination between multiple machines, ensuring synchronized 

operations and optimized production flow. Advanced robotics can perform tasks that are dangerous 

or ergonomically challenging for human workers, thereby reducing workplace injuries. Intelligent 

devices are increasingly modular, allowing factories to adapt production lines quickly to changing 

product demands or new manufacturing processes. Energy-efficient designs are incorporated into 

many modern machines, reducing electricity consumption while maintaining high levels of 

productivity. Furthermore, these machines can collect and process large datasets, supporting real-

time analytics and enabling decision-makers to improve efficiency, quality, and sustainability. 

Intelligent systems also facilitate traceability of materials and products throughout the manufacturing 

process, which is essential for quality assurance and regulatory compliance. The integration of AI 

and machine learning allows machines to optimize themselves over time, learning from production 

patterns and improving performance without human intervention. Overall, the diverse capabilities of 

intelligent machines and devices enable factories to achieve higher productivity, operational safety, 

and environmental responsibility simultaneously, creating a holistic approach to modern industrial 

manufacturing. 
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3. WORKER SAFETY AND RISK MANAGEMENT IN AUTOMATED 

ENVI RONMENTS 

The increasing adoption of automation and intelligent machines in modern factories has 

significantly transformed the industrial workplace, introducing new dynamics in worker roles, 

responsibilities, and safety considerations. While automation enhances productivity, efficiency, and 

precision, it also creates complex safety challenges that require systematic risk management 

strategies. In automated environments, workers are often required to interact with sophisticated 

machines, robotics, and control systems, which can pose physical, chemical, and ergonomic hazards 

if not properly managed. Effective worker safety programs must therefore combine technology, 

training, and policy measures to ensure a safe and productive workplace. One of the primary concerns 

in automated environments is mechanical hazards, which arise from moving parts, robotic arms, 

conveyors, and CNC machines. Without proper safeguards, workers can experience injuries ranging 

from minor cuts and bruises to severe amputations or crush injuries. To mitigate these risks, factories 

implement physical barriers, safety interlocks, emergency stop mechanisms, and restricted access 

zones. Modern intelligent machines often come equipped with sensors and collision-detection 

systems that automatically halt operations when a human enters a danger zone, reducing the 

likelihood of accidents. Ergonomic hazards are also significant in automated factories. Even though 

automation reduces repetitive tasks, workers may still be required to monitor machines, perform 

maintenance, or handle materials. Poor workstation design, awkward postures, or improper lifting 

techniques can lead to musculoskeletal disorders over time. The integration of ergonomic design 

principles and assistive technologies, such as exoskeletons and adjustable workstations, helps to 

minimize strain and enhance worker comfort. Another critical aspect is chemical and environmental 

hazards, especially in industries where automated processes involve exposure to hazardous 

substances, fumes, or high temperatures. Intelligent ventilation systems, real-time air quality 

monitoring, and enclosed processing units are essential for protecting workers from harmful 

exposure. Safety protocols must also address fire risks, electrical hazards, and potential toxic 

emissions from equipment or materials. A key component of risk management in automated 

environments is training and education. Workers must be proficient in operating intelligent machines, 

understanding safety features, responding to emergencies, and following standard operating 

procedures. Regular safety drills, certification programs, and on-the-job training ensure that 

employees are aware of potential hazards and can act appropriately to prevent accidents. Supervisors 

and managers play a crucial role in fostering a culture of safety, ensuring that protocols are 

consistently followed, and that any near-misses or incidents are analyzed for improvement. 

Emergency preparedness and response systems are indispensable in automated factories. Automated 

environments often involve complex machinery that can malfunction unexpectedly, posing risks to 

workers. Facilities must have clear evacuation routes, alarm systems, and contingency plans for 

machine failures, fires, chemical spills, or other emergencies. Integration of intelligent monitoring 

systems allows for real-time alerts and rapid response, minimizing potential injuries and property 

damage. Furthermore, risk assessment and continuous improvement are central to worker safety 

management. By conducting thorough hazard analyses, identifying high-risk areas, and implementing 

corrective measures, factories can systematically reduce the likelihood of accidents. Modern 

industrial facilities often use predictive analytics to anticipate potential failures or unsafe conditions, 

allowing proactive interventions before incidents occur. Safety audits, regular inspections, and 

performance metrics provide feedback that supports ongoing improvement in both technology and 

human practices. The implementation of collaborative safety systems ensures that humans and 

machines can coexist safely. Collaborative robots, for example, are equipped with force-limiting 

features, vision systems, and AI-driven monitoring to prevent accidental contact with workers. Safety 

protocols are integrated directly into machine operation, creating a seamless interface between 

automation and human oversight. The holistic approach to worker safety in automated environments 

recognizes the interconnection between technology, human factors, and organizational policies. 

Safety is not only a matter of compliance but also a critical component of operational efficiency and 

employee well-being. Companies that prioritize safety achieve lower accident rates, higher employee 
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satisfaction, and improved productivity, while fostering a culture of accountability, responsibility, 

and continuous learning. Modern automated environments increasingly rely on digital monitoring 

systems to enhance worker protection. Real-time tracking of machinery, environmental conditions, 

and worker movements allows for immediate detection of unsafe situations. Wearable devices, such 

as smart helmets, wristbands, or vests, can monitor vital signs, fatigue levels, and exposure to 

hazardous substances, alerting both workers and supervisors when intervention is needed. These 

wearable technologies also provide valuable data for continuous improvement in workplace safety 

and risk management. Predictive safety analytics is another emerging approach that leverages data 

collected from intelligent machines and sensors to forecast potential hazards. By analyzing patterns 

in machine performance, production loads, and environmental conditions, factories can identify areas 

with increased risk and take preventative measures before accidents occur. This proactive approach 

shifts safety management from reactive to predictive, significantly reducing workplace injuries and 

downtime. Automation also introduces the challenge of human-machine interaction, where workers 

must remain alert and knowledgeable while operating alongside highly intelligent devices. Poor 

understanding or misuse of automated systems can lead to errors, accidents, or exposure to hazards. 

Therefore, comprehensive training programs are essential, covering operational procedures, 

emergency protocols, and best practices for collaboration with robots and automated systems. 

Continuous education ensures that employees stay up-to-date with evolving technologies and 

maintain a culture of safety. The design of safety zones and workstations in automated factories is 

critical for minimizing accidents. By strategically placing machines, sensors, and barriers, factories 

can prevent human workers from entering hazardous areas while still maintaining efficiency in 

production. Visual cues, warning lights, and audible alarms further enhance situational awareness, 

alerting workers to potential dangers. In some facilities, virtual safety systems use augmented reality 

(AR) to overlay hazard information in real time, guiding workers and preventing risky behavior. 

Maintenance and inspection protocols are equally important for ensuring worker safety. Intelligent 

machines often require specialized knowledge to maintain and repair, and neglecting proper 

procedures can result in malfunctions that threaten human operators. Scheduled maintenance, 

automated diagnostics, and remote monitoring systems ensure that machines operate safely and 

consistently. By combining technology-driven oversight with human expertise, factories can achieve 

a balance between efficiency and risk reduction. Organizational culture plays a vital role in supporting 

worker safety in automated environments. Safety policies must be integrated into every aspect of 

operations, from management to shop-floor workers. Encouraging open communication about near-

misses, hazards, and potential improvements fosters accountability and empowers employees to 

participate actively in risk management. Companies that prioritize safety not only comply with legal 

requirements but also create a productive and resilient workforce. Worker safety in automated 

environments is inseparable from overall industrial sustainability and operational excellence. Safer 

workplaces lead to fewer interruptions, reduced liability, and increased morale, while promoting the 

long-term viability of automated production systems. Integrating advanced safety technologies, 

continuous training, and proactive risk management ensures that the benefits of automationð

efficiency, productivity, and precisionðare fully realized without compromising the well-being of 

human operators. Another important aspect of safety management in automated factories is the 

integration of emergency shutdown systems. These systems are designed to immediately halt 

machinery in the event of a malfunction, fire, or other hazardous conditions, preventing injuries and 

minimizing damage. Modern intelligent machines are often equipped with automated shutdown 

features that respond in milliseconds to unsafe conditions, ensuring rapid intervention without relying 

solely on human reaction. Robotic safety cages and barriers are widely used to physically separate 

human operators from high-risk machinery. These structures prevent accidental contact with moving 

parts while still allowing access for maintenance or monitoring when machines are deactivated. 

Safety interlocks further ensure that machines cannot operate unless all protective barriers are in 

place, creating multiple layers of protection for workers. Collaborative robots have introduced new 

safety paradigms, as they are designed to work alongside humans rather than replace them. These 

robots incorporate force-limiting technology, meaning that if a collision with a human occurs, the 
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robot stops immediately or reduces force to prevent injury. Combined with vision systems and 

proximity sensors, collaborative robots provide flexibility in production while maintaining stringent 

safety standards. Environmental monitoring systems are also a critical component of risk 

management. Intelligent factories often use sensors to continuously measure air quality, temperature, 

humidity, and noise levels. Alerts are generated when conditions exceed safe thresholds, allowing 

workers to evacuate or adjust processes as needed. This approach not only protects worker health but 

also supports compliance with occupational safety and environmental regulations. Training 

simulations and virtual reality (VR) are increasingly employed to prepare employees for operating in 

automated environments. Workers can experience realistic scenarios without exposure to actual 

hazards, learning how to handle emergencies, operate machines correctly, and recognize potential 

risks. Such immersive training enhances safety awareness and improves response times during real 

incidents. Safety audits and risk assessments are regularly conducted to identify potential hazards and 

implement corrective measures. Factories adopt standardized protocols such as ISO 45001 to ensure 

that occupational health and safety management systems are consistent, measurable, and continuously 

improved. Combining audit results with real-time data from intelligent machines allows companies 

to proactively address safety concerns before they escalate into accidents. Wearable safety devices 

are becoming more common, including smart helmets, gloves, and vests that monitor worker location, 

vital signs, and exposure to hazardous conditions. These devices can send alerts to supervisors if a 

worker enters a dangerous zone or shows signs of fatigue or stress. Integration with factory 

management systems ensures immediate intervention and enhances overall risk management. Human 

factors engineering is another critical consideration. The design of control panels, interfaces, and 

workspaces must prioritize usability and minimize cognitive overload. Poorly designed interfaces or 

complex procedures can lead to errors and accidents, even in highly automated environments. 

Ergonomic assessments and human-centered design principles ensure that machines are not only 

efficient but also safe for operators to use. Preventive maintenance programs complement safety 

measures by reducing the likelihood of equipment malfunctions that could harm workers. Predictive 

analytics, powered by AI and IoT devices, enables facilities to schedule maintenance precisely when 

needed, preventing breakdowns while avoiding unnecessary downtime. This predictive approach 

ensures that machines operate reliably and safely over their entire lifecycle. The combination of 

technological safeguards, organizational policies, and worker engagement creates a culture of safety 

that is essential for successful automation. When workers are informed, trained, and empowered to 

participate in safety initiatives, automated environments become not only more productive but also 

more secure and resilient. By addressing mechanical, ergonomic, chemical, and environmental 

hazards comprehensively, modern factories can maximize the benefits of intelligent machinery 

without compromising worker well-being. 

4. ENVIRONMENTAL PROTECTION AND SUSTAINABLE MANUFACTURING 

PRACTICES 

 Environmental protection has become a central concern in modern manufacturing, as 

industrial activities contribute significantly to pollution, resource depletion, and greenhouse gas 

emissions. Sustainable manufacturing practices aim to minimize these impacts while maintaining 

productivity, efficiency, and profitability. Intelligent machines and automated systems play a crucial 

role in enabling environmentally responsible production by reducing waste, optimizing energy 

consumption, and improving material efficiency. Factories equipped with advanced monitoring and 

control systems can track resource usage in real time, identify inefficiencies, and implement 

corrective actions to reduce environmental harm. One of the primary areas where sustainability is 

applied is energy management. Modern manufacturing facilities utilize intelligent machines that 

optimize energy use, such as variable-speed drives, energy-efficient motors, and real-time energy 

monitoring systems. By analyzing energy consumption patterns, factories can reduce electricity use 

during non-peak periods, minimize standby power losses, and integrate renewable energy sources 

such as solar, wind, or biogas into their operations. These measures not only reduce greenhouse gas 

emissions but also lower operational costs, creating a strong incentive for sustainable practices. Waste 
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reduction and recycling are also integral components of sustainable manufacturing. Intelligent 

machines equipped with sensors and AI can detect defects or material inconsistencies during 

production, allowing for immediate adjustments and reducing scrap rates. Automated sorting systems 

help separate recyclable materials from waste streams, ensuring that valuable resources are reused 

rather than discarded. Closed-loop manufacturing, where materials are continuously recycled back 

into production, exemplifies the combination of technology and sustainability in modern factories. 

Water and chemical management is another critical aspect of environmental protection. Intelligent 

monitoring systems track water usage, detect leaks, and ensure proper treatment of wastewater before 

discharge. Automated dosing and containment systems prevent excessive use of chemicals and reduce 

the risk of contamination in industrial processes. By minimizing water and chemical consumption, 

factories protect local ecosystems and comply with environmental regulations. Air quality 

management in industrial facilities is facilitated by advanced sensors and filtration systems. These 

systems monitor emissions, particulates, and volatile organic compounds in real time, enabling 

factories to implement corrective measures immediately. Process optimization, combined with 

emission capture technologies, reduces pollutants released into the environment, contributing to 

healthier communities and compliance with environmental standards. Sustainable supply chain 

management is increasingly important in modern manufacturing. Factories are adopting intelligent 

logistics systems that optimize transportation routes, reduce fuel consumption, and lower emissions 

associated with material delivery. Using real-time data and predictive analytics, companies can plan 

inventory, minimize waste, and coordinate production schedules efficiently. Sustainability in the 

supply chain extends beyond the factory floor, encompassing material sourcing, packaging, and 

distribution practices. Life cycle assessment (LCA) tools are used to evaluate the environmental 

impact of products from raw material extraction to end-of-life disposal. By integrating LCA data into 

production planning, manufacturers can select materials and processes that minimize environmental 

footprints. Intelligent machines facilitate this approach by enabling precise control over material 

usage, energy input, and emissions, supporting the creation of environmentally friendly products. 

Circular economy principles are becoming an essential part of sustainable manufacturing. Factories 

are implementing systems that recover energy from waste streams, recycle materials, and design 

products for durability and recyclability. Intelligent automation supports circular economy strategies 

by providing the precision and data needed to close material loops and maximize resource efficiency. 

Worker engagement in environmental practices is also critical. Employees trained in sustainable 

manufacturing principles contribute to reducing resource use, identifying potential improvements, 

and ensuring compliance with environmental policies. Automated systems support these efforts by 

providing feedback and actionable insights, fostering a culture of sustainability within the factory. 

Integrating environmental protection with intelligent manufacturing technologies ensures that 

modern factories can achieve high efficiency while minimizing ecological impact. Sustainable 

practices not only benefit the environment but also enhance corporate reputation, reduce operational 

costs, and support long-term viability. By combining automation, data analytics, and proactive 

environmental management, factories are able to transition toward a model of manufacturing that is 

both productive and responsible, ensuring the well-being of the planet and future generations. Modern 

factories employ advanced pollution control technologies to reduce their environmental impact. 

These include electrostatic precipitators, scrubbers, and catalytic converters that capture harmful 

emissions before they are released into the atmosphere. By integrating these systems with intelligent 

process controls, factories can monitor emission levels in real time and adjust operations to stay 

within regulatory limits. Renewable energy integration is another key aspect of sustainable 

manufacturing. Solar panels, wind turbines, and biomass-based systems can be connected to factory 

grids, providing clean energy to power machinery and lighting. Intelligent energy management 

systems ensure that renewable sources are efficiently utilized, reducing reliance on fossil fuels and 

lowering carbon footprints. Material efficiency and waste minimization are enhanced through 

automation and real-time monitoring. Machines with precise control over cutting, molding, or 

assembly processes reduce material waste, while predictive maintenance prevents defects that could 

result in scrap products. Manufacturing processes can also be optimized to use alternative or recycled 
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materials, further contributing to sustainability. Green building practices complement environmental 

protection efforts within factories. Intelligent heating, ventilation, and air conditioning (HVAC) 

systems, combined with energy-efficient lighting and insulation, reduce energy consumption and 

improve indoor environmental quality. Smart building systems can adjust lighting, temperature, and 

ventilation based on occupancy and production schedules, further enhancing efficiency and 

sustainability. Digital twin technologies are increasingly used to simulate factory operations and 

assess environmental impacts before physical implementation. By modeling energy usage, emissions, 

and material flows, manufacturers can test different production scenarios and identify strategies to 

minimize environmental harm. This approach allows factories to implement sustainable practices 

with precision and foresight. Supply chain optimization also plays a critical role in sustainable 

manufacturing. By using data-driven logistics, companies can reduce transportation distances, 

optimize delivery routes, and consolidate shipments, thereby cutting fuel consumption and emissions. 

Tracking systems provide visibility throughout the supply chain, ensuring that sustainable practices 

are maintained from raw material sourcing to product delivery. Water conservation technologies 

further support environmental protection. Intelligent water recycling systems, leak detection sensors, 

and process optimization reduce water usage in cooling, cleaning, and production operations. 

Factories can also treat wastewater on-site, ensuring that discharged water meets environmental 

standards and can be safely returned to the ecosystem. Employee involvement and training remain 

essential for sustainable manufacturing. Workers must understand environmental policies, proper 

handling of materials, and best practices for energy and resource conservation. Training programs 

combined with intelligent monitoring systems ensure that employees actively contribute to 

sustainability goals and adopt environmentally responsible behaviors. Lifecycle assessment and eco-

design strategies are used to evaluate the environmental impact of products throughout their entire 

life cycle. Intelligent machines enable precise control of material usage and production processes, 

allowing manufacturers to design products that are energy-efficient, recyclable, and have minimal 

ecological footprints. The integration of smart factory technologies with environmental management 

systems creates a holistic approach to sustainability. Factories can monitor, analyze, and improve 

operations in real time, balancing productivity with environmental responsibility. By implementing 

advanced automation, data analytics, and proactive sustainability measures, manufacturers achieve 

not only regulatory compliance but also economic benefits and long-term environmental stewardship. 

In modern manufacturing, industrial automation plays a key role in reducing environmental impact 

by minimizing human error and ensuring precise control over production processes. Automated 

systems can adjust energy usage, control emissions, and optimize material consumption in real time, 

leading to significant environmental benefits. Advanced sensors and IoT-enabled devices 

continuously monitor factory conditions, detecting inefficiencies and alerting operators to potential 

issues before they escalate. Smart energy management systems allow factories to dynamically adjust 

energy consumption based on production demand, time of day, and availability of renewable energy 

sources. This adaptive approach reduces energy waste, lowers operational costs, and decreases carbon 

emissions. Additionally, energy storage technologies, such as batteries and supercapacitors, can store 

excess renewable energy for later use, further enhancing sustainability. Waste heat recovery systems 

are increasingly used to capture and reuse thermal energy generated during manufacturing processes. 

This recovered energy can be redirected to heating, drying, or power generation within the facility, 

reducing reliance on fossil fuels and improving overall energy efficiency. Similarly, cogeneration 

systems enable simultaneous production of electricity and heat from the same energy source, 

maximizing efficiency and reducing environmental impact. Emission reduction strategies include the 

use of advanced filters, catalytic converters, and scrubbers to remove harmful pollutants from air 

streams. By integrating these systems with machine learning algorithms, factories can predict 

emission spikes and adjust operational parameters to remain within safe limits. Real-time monitoring 

of greenhouse gases and particulates ensures compliance with environmental regulations while 

safeguarding worker health. Circular manufacturing approaches emphasize the reuse and recycling 

of materials within the production cycle. Intelligent machines can sort, process, and reintroduce scrap 

materials into the production line, reducing raw material consumption and waste generation. Factories 
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adopting circular economy principles minimize landfill contributions and lower the environmental 

footprint of their operations. Sustainable material selection is another key practice, with 

manufacturers opting for renewable, recyclable, or biodegradable materials whenever possible. 

Advanced manufacturing technologies, such as additive manufacturing (3D printing), allow precise 

use of materials, reducing excess waste and lowering energy requirements. Material choices also 

influence the product life cycle, facilitating recycling and environmentally friendly disposal at the 

end of use. Advanced water management systems help factories conserve water through recirculation, 

treatment, and efficient use in production processes. Water-saving devices, leak detection systems, 

and automated process control ensure that water consumption is minimized without affecting 

productivity. Sustainable water management protects local water resources and reduces the 

environmental impact of industrial operations. Green logistics and transportation within the 

manufacturing supply chain further contribute to sustainability. Optimized delivery routes, fuel-

efficient vehicles, and load consolidation reduce emissions from transportation. Integration of real-

time tracking systems and intelligent fleet management ensures that material movement is both 

efficient and environmentally responsible. Employee engagement in environmental programs ensures 

that sustainability is embedded in the organizational culture. Continuous training, awareness 

campaigns, and involvement in eco-initiatives motivate workers to adopt environmentally friendly 

practices in daily operations. Employees can also provide feedback on potential improvements, 

enhancing the effectiveness of sustainability programs. Integrating environmental management with 

production planning creates a holistic approach to sustainable manufacturing. Factories can 

simultaneously optimize efficiency, minimize resource use, and reduce emissions, demonstrating that 

environmental protection and economic performance are complementary goals. By combining 

intelligent machines, advanced monitoring systems, and sustainable practices, modern factories can 

achieve a high level of environmental stewardship while maintaining competitiveness in a global 

market. Modern factories are increasingly adopting eco-friendly production technologies that 

minimize the use of hazardous substances. Solvent-free coatings, water-based adhesives, and non-

toxic cleaning agents reduce environmental contamination while maintaining product quality. 

Automated dosing systems ensure precise chemical application, preventing overuse and minimizing 

waste. Energy-efficient lighting and HVAC systems contribute significantly to reducing the 

environmental footprint of industrial facilities. LED lighting, motion sensors, and smart climate 

control systems optimize energy usage according to occupancy and production schedules. Combined 

with intelligent factory management software, these systems provide real-time feedback and 

recommendations to reduce energy consumption. Predictive maintenance programs not only improve 

machine reliability but also contribute to environmental sustainability. By identifying potential 

failures before they occur, factories avoid unplanned shutdowns, reduce waste from defective 

products, and minimize energy losses from inefficient machinery. IoT sensors and AI-driven analytics 

allow continuous monitoring of machine performance and environmental conditions simultaneously. 

Additive manufacturing and 3D printing offer further opportunities for sustainability. These 

technologies allow precise material deposition, reducing scrap and waste. Additionally, 3D printing 

enables the use of recycled or bio-based materials, contributing to a circular economy. By reducing 

transport requirements and enabling localized production, additive manufacturing also lowers carbon 

emissions associated with logistics. Automation in material handling reduces the environmental 

impact of production by optimizing the use of conveyors, robotic arms, and automated guided 

vehicles. These systems decrease unnecessary movement, reduce energy consumption, and improve 

workplace safety. By carefully coordinating production flows, factories achieve higher efficiency 

while minimizing waste and emissions. Air pollution control is enhanced through the use of intelligent 

filtration and ventilation systems. Factories employ HEPA filters, electrostatic precipitators, and 

activated carbon units to remove airborne pollutants and particulates. Real-time monitoring systems 

detect emission spikes, automatically adjusting processes to maintain compliance and protect worker 

health. Green certifications and standards, such as ISO 14001, guide factories in implementing 

environmental management systems. These frameworks provide a structured approach to reducing 

environmental impact, monitoring performance, and continuously improving processes. Integration 
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of certification requirements into automated control systems ensures compliance while streamlining 

production. Water recycling and treatment systems help factories reuse water multiple times within 

production processes. Reverse osmosis, filtration, and biological treatment systems treat wastewater 

for reuse, reducing freshwater consumption and environmental discharge. Intelligent control of water 

flows and treatment cycles maximizes efficiency and sustainability. Renewable energy integration is 

further enhanced by intelligent energy management systems that balance production demand with 

energy supply. Solar panels, wind turbines, and biomass systems can be coordinated with factory 

operations to ensure optimal use of renewable energy while reducing reliance on fossil fuels. Energy 

storage solutions such as batteries or thermal storage help stabilize supply and improve efficiency. 

Life cycle thinking encourages factories to evaluate environmental impacts from raw material 

sourcing to product disposal. By combining intelligent machines, process analytics, and sustainable 

design principles, manufacturers reduce energy use, waste, and emissions across the entire product 

life cycle. This approach not only meets regulatory requirements but also supports corporate 

sustainability goals. 

Employee involvement and awareness remain essential in driving sustainable manufacturing 

practices. Workers participate in energy-saving initiatives, waste reduction programs, and 

environmental monitoring activities. Training programs ensure that employees understand the impact 

of their actions on sustainability objectives and are empowered to contribute to improvements. 

Circular economy principles are increasingly integrated into manufacturing processes. Factories 

design products for reuse, remanufacturing, and recycling, closing material loops. Intelligent sorting, 

disassembly, and material processing systems ensure that valuable resources are recovered 

efficiently, reducing environmental impact. Smart factory platforms unify environmental, 

operational, and safety management. These systems collect data from multiple sources, analyze 

performance, and provide actionable insights to optimize energy usage, reduce waste, and maintain 

environmental compliance. Decision-making becomes data-driven, allowing factories to balance 

productivity with sustainability. Waste-to-energy systems convert residual industrial waste into 

electricity or heat, minimizing landfill disposal and reducing fossil fuel consumption. Technologies 

such as anaerobic digesters, gasification, and pyrolysis are integrated into modern factories, providing 

renewable energy and reducing overall environmental impact. Environmental monitoring dashboards 

provide operators and managers with real-time insights into energy, water, emissions, and waste 

metrics. These dashboards enable quick decision-making and highlight areas for improvement, 

ensuring continuous adherence to sustainability goals. Advanced process optimization reduces the 

environmental impact of manufacturing by minimizing energy-intensive operations, optimizing 

resource usage, and reducing scrap. Artificial intelligence and machine learning algorithms analyze 

production data, recommending adjustments that improve both efficiency and sustainability. Eco-

friendly packaging is becoming a standard in sustainable manufacturing. Intelligent machines are 

used to design and produce packaging that uses minimal materials, is recyclable, or is made from 

biodegradable substances. This reduces waste and supports corporate environmental initiatives. 

Integration of renewable raw materials, such as plant-based polymers and recycled metals, further 

decreases the environmental footprint of manufacturing. Intelligent production systems ensure 

consistent quality and efficient use of these materials, reducing reliance on virgin resources. Supply 

chain transparency and traceability allow factories to monitor the environmental performance of 

suppliers and transportation partners. Intelligent tracking systems ensure compliance with 

sustainability standards throughout the supply chain, enabling responsible sourcing and reduced 

environmental impact. Continuous improvement programs focus on iterative enhancements in 

production, energy efficiency, and waste reduction. Factories leverage performance data, 

environmental audits, and feedback loops to implement sustainable changes across all processes. This 

culture of ongoing improvement ensures that environmental protection becomes an integral part of 

manufacturing operations. Collaboration with stakeholders, including local communities, regulatory 

authorities, and environmental organizations, strengthens sustainable manufacturing efforts. 

Factories share knowledge, adopt best practices, and align operations with societal expectations for 

environmental stewardship. Digital twins of manufacturing systems provide virtual replicas to 
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simulate environmental impacts under different scenarios. This technology allows factories to test 

process changes, predict outcomes, and implement solutions that reduce energy use, waste, and 

emissions before making physical adjustments. Integration of artificial intelligence enhances 

predictive maintenance, process optimization, and environmental monitoring. AI algorithms analyze 

vast datasets to identify inefficiencies and recommend actions that improve sustainability metrics. By 

anticipating equipment failures and adjusting production parameters, AI reduces resource 

consumption and environmental impact. Benchmarking and performance metrics are used to track 

progress toward environmental goals. Key indicators such as energy intensity, water usage per unit 

produced, and waste generation rates are monitored and compared against industry standards to 

ensure continuous improvement. Environmental innovation is driven by research and development in 

materials, processes, and technologies. Intelligent machines facilitate experimentation with low-

impact production methods, renewable materials, and energy-saving techniques, supporting 

sustainable growth in manufacturing industries. Cross-functional integration ensures that 

environmental protection is not isolated but embedded into all aspects of manufacturing operations, 

including production planning, logistics, maintenance, and quality control. This holistic approach 

maximizes efficiency while reducing ecological impact. 

CONCLUSION. 

Environmental protection and sustainable manufacturing practices are essential components 

of modern industrial operations. The integration of intelligent machines, automation, and advanced 

monitoring systems enables factories to significantly reduce energy consumption, minimize waste, 

and control emissions, while maintaining high levels of productivity and quality. By optimizing 

resource usage, implementing renewable energy solutions, and adopting circular economy principles, 

manufacturers can lower their ecological footprint and contribute to global sustainability efforts. The 

use of smart energy management, water recycling, and pollution control technologies ensures that 

industrial processes remain environmentally responsible. Predictive maintenance, process 

optimization, and additive manufacturing further enhance efficiency and reduce resource wastage. 

Factories that incorporate lifecycle assessment, eco-design, and green supply chain practices can 

achieve a holistic approach to sustainability, addressing environmental impacts across production, 

distribution, and product end-of-life stages. Equally important is the role of employees and 

organizational culture in promoting environmental stewardship. Training, awareness programs, and 

active involvement in sustainability initiatives empower workers to contribute to resource efficiency, 

safe handling of materials, and adherence to environmental policies. Combined with digital twins, 

AI-driven analytics, and real-time environmental monitoring, human engagement ensures that 

sustainability is consistently implemented and improved over time. Sustainable manufacturing 

practices are not merely regulatory obligations but strategic advantages. They enable companies to 

reduce operational costs, comply with environmental standards, enhance corporate reputation, and 

foster long-term resilience. By integrating intelligent technology with environmental responsibility, 

modern factories can create a balance between economic growth and ecological preservation, 

ultimately contributing to the well-being of both society and the planet. The path toward sustainable 

manufacturing requires continuous innovation, investment in green technologies, and a commitment 

to reducing environmental impact at every stage of production. Intelligent and automated factories 

provide the necessary tools and frameworks to achieve these goals, ensuring that industrial 

development aligns with the principles of environmental protection, resource efficiency, and long-

term sustainability. 
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DEEP LEARNING FOR PARTIAL DI SCHARGE DETECTION IN ELECTRICAL 

MACHINES.  

 
Abstract. Partial discharge (PD) detection represents a critical quality-assurance step in the 

production of automotive traction machines, as insulation defects are a major cause of premature failures. 

This study investigates deep learning (DL) approaches for accurate differentiation of PD events from 

background noise under surge-voltage excitation, outperforming conventional amplitude-threshold techniques 

widely used in industrial settings. A complete workflow is proposed, including systematic data extraction, 

labeling, preprocessing, and extensive augmentation, enabling the identification of low-amplitude PD pulses 

with highly reduced signal-to-noise ratios. Thirteen neural network architecturesðconvolutional, recurrent, 

and fully connectedðare evaluated using multiple time-frequency input representations such as STFT, CWT, 

FFT, and SWT. For each architecture, hyperparameters related to input transformation, network depth, kernel 

configuration, and optimization algorithms are tuned to ensure a fair comparison. The results show that a two-

dimensional convolutional neural network (2D-CNN) combined with continuous wavelet transform achieves 

the highest accuracy of 99.76% on previously unseen stator measurements. Even for barely detectable PD 

pulses, the best model reaches a detection rate of approximately 95%, while all DL models significantly 

outperform traditional threshold-based PD classifiers. The presented framework demonstrates strong 

generalization and robustness across stator types, insulation levels, antenna systems, and varying noise 

conditions, highlighting its suitability for integration into industrial production lines.  

Keywords: partial discharges; deep learning; data augmentation; convolutional neural networks; 

timeïfrequency transforms; surge testing; signal-to-noise ratio; electrical machines. 

ɸʥʦʪʘʮʽʷ. ɺʠʷʚʣʝʥʥʷ ʯʘʩʪʢʦʚʠʭ ʨʦʟʨʷʜʽʚ (ʏʈ) ʻ ʢʣʶʯʦʚʠʤ ʝʪʘʧʦʤ ʢʦʥʪʨʦʣʶ ʷʢʦʩʪʽ ʧʽʜ ʯʘʩ 

ʚʠʛʦʪʦʚʣʝʥʥʷ ʪʷʛʦʚʠʭ ʝʣʝʢʪʨʠʯʥʠʭ ʤʘʰʠʥ, ʦʩʢʽʣʴʢʠ ʜʝʬʝʢʪʠ ʽʟʦʣʷʮʽʾ ʻ ʦʩʥʦʚʥʦʶ ʧʨʠʯʠʥʦʶ 

ʧʝʨʝʜʯʘʩʥʠʭ ʚʽʜʤʦʚ. ʋ ʨʦʙʦʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʧʽʜʭʽʜ ʥʘ ʦʩʥʦʚʽ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ (DL) ʜʣʷ ʥʘʜʽʡʥʦʛʦ 

ʨʦʟʨʽʟʥʝʥʥʷ ʏʈ-ʩʠʛʥʘʣʽʚ ʽ ʬʦʥʦʚʠʭ ʰʫʤʽʚ ʫ ʨʝʞʠʤʽ ʽʤʧʫʣʴʩʥʦʛʦ ʥʘʧʨʫʞʝʥʥʷ, ʱʦ ʧʝʨʝʚʝʨʰʫʻ 

ʪʨʘʜʠʮʽʡʥʽ ʧʦʨʦʛʦʚʽ ʤʝʪʦʜʠ, ʧʦʰʠʨʝʥʽ ʚ ʧʨʦʤʠʩʣʦʚʠʭ ʫʤʦʚʘʭ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʧʦʚʥʠʡ ʢʦʥʚʝʻʨ ʦʙʨʦʙʢʠ 

ʜʘʥʠʭ: ʩʠʩʪʝʤʘʪʠʯʥʝ ʚʠʣʫʯʝʥʥʷ ʪʘ ʤʘʨʢʫʚʘʥʥʷ ʩʠʛʥʘʣʽʚ, ʧʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ, ʥʦʨʤʫʚʘʥʥʷ ʪʘ 
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ʨʦʟʰʠʨʝʥʝ ʘʫʛʤʝʥʪʫʚʘʥʥʷ, ʷʢʝ ʜʘʻ ʟʤʦʛʫ ʝʬʝʢʪʠʚʥʦ ʚʠʷʚʣʷʪʠ ʥʠʟʴʢʦʘʤʧʣʽʪʫʜʥʽ ʏʈ-ʽʤʧʫʣʴʩʠ ʟ ʤʘʣʠʤ 

ʚʽʜʥʦʰʝʥʥʷʤ ʩʠʛʥʘʣ/ʰʫʤ. ʆʮʽʥʝʥʦ 13 ʘʨʭʽʪʝʢʪʫʨ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ð ʟʛʦʨʪʢʦʚʠʭ, ʨʝʢʫʨʝʥʪʥʠʭ ʪʘ 

ʧʦʚʥʦʟʚôʷʟʥʠʭ ð ʫ ʧʦʻʜʥʘʥʥʽ ʟ ʨʽʟʥʠʤʠ ʯʘʩʦʚʦ-ʯʘʩʪʦʪʥʠʤʠ ʧʨʝʜʩʪʘʚʣʝʥʥʷʤʠ (STFT, CWT, FFT, SWT). 

ɼʣʷ ʢʦʞʥʦʾ ʢʦʥʬʽʛʫʨʘʮʽʾ ʚʠʢʦʥʘʥʦ ʪʦʥʢʝ ʥʘʣʘʰʪʫʚʘʥʥʷ ʛʽʧʝʨʧʘʨʘʤʝʪʨʽʚ, ʚʢʣʶʯʥʦ ʟ ʛʣʠʙʠʥʦʶ ʤʝʨʝʞʽ, 

ʨʦʟʤʽʨʘʤʠ ʷʜʝʨ, ʧʘʨʘʤʝʪʨʘʤʠ ʦʧʪʠʤʽʟʘʪʦʨʽʚ ʪʘ ʤʝʪʦʜʘʤʠ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʚʭʽʜʥʠʭ ʜʘʥʠʭ. ʅʘʡʚʠʱʫ 

ʪʦʯʥʽʩʪʴ ð 99.76% ð ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ ʜʚʦʚʠʤʽʨʥʘ ʟʛʦʨʪʢʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ (2D-CNN) ʽʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʙʝʟʧʝʨʝʨʚʥʦʛʦ ʚʝʡʚʣʝʪ-ʧʝʨʝʪʚʦʨʝʥʥʷ (CWT) ʥʘ ʜʘʥʠʭ ʽʟ ʥʦʚʠʭ, ʨʘʥʽʰʝ ʥʝ 

ʧʨʦʪʝʩʪʦʚʘʥʠʭ ʩʪʘʪʦʨʽʚ. ʅʘʚʽʪʴ ʜʣʷ ʏʈ-ʽʤʧʫʣʴʩʽʚ ʥʘ ʤʝʞʽ ʰʫʤʫ ʤʦʜʝʣʴ ʜʦʩʷʛʘʻ ʙʣʠʟʴʢʦ 95% 

ʚʠʷʚʣʝʥʥʷ, ʘ ʚʩʽ DL-ʘʨʭʽʪʝʢʪʫʨʠ ʟʥʘʯʥʦ ʧʝʨʝʚʝʨʰʫʶʪʴ ʪʨʘʜʠʮʽʡʥʽ ʧʦʨʦʛʦʚʽ ʧʽʜʭʦʜʠ. ɿʘʧʨʦʧʦʥʦʚʘʥʘ 

ʤʝʪʦʜʠʢʘ ʜʝʤʦʥʩʪʨʫʻ ʚʠʩʦʢʫ ʟʜʘʪʥʽʩʪʴ ʜʦ ʫʟʘʛʘʣʴʥʝʥʥʷ ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʪʠʧʫ ʩʪʘʪʦʨʘ, ʨʽʚʥʷ ʽʟʦʣʷʮʽʾ, 

ʩʝʥʩʦʨʽʚ ʪʘ ʰʫʤʦʚʠʭ ʫʤʦʚ, ʱʦ ʨʦʙʠʪʴ ʾʾ ʧʨʠʜʘʪʥʦʶ ʜʣʷ ʽʥʪʝʛʨʘʮʽʾ ʫ ʚʠʨʦʙʥʠʯʽ ʣʽʥʽʾ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʯʘʩʪʢʦʚʽ ʨʦʟʨʷʜʠ; ʛʣʠʙʠʥʥʝ ʥʘʚʯʘʥʥʷ; ʘʫʛʤʝʥʪʘʮʽʷ ʜʘʥʠʭ; ʟʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ 

ʤʝʨʝʞʽ; ʯʘʩʦʚʦ-ʯʘʩʪʦʪʥʠʡ ʘʥʘʣʽʟ; ʽʤʧʫʣʴʩʥʽ ʚʠʧʨʦʙʫʚʘʥʥʷ; SNR; ʝʣʝʢʪʨʠʯʥʽ ʤʘʰʠʥʠ. 

 

1. Introduction 

The reliability of insulation systems within traction electric motors proves critical for 

operational longevity. Partial discharges, triggered by microscopic imperfections, accelerate 

deterioration and result in stator malfunctions. Manufacturing processes extensively utilize impulse 

voltage testing procedures; however, conventional threshold-based analysis techniques frequently fail 

to distinguish weak PD signals from background interference. Consequently, neural network 

methodologies, capable of automatically extracting signal characteristics, demonstrate substantial 

promise for enhancing accuracy and minimizing false rejection rates. 

2. Experimental Configuration and Measurement Equipment 

The investigation employs three-phase hairpin stators (12 specimens) with varying insulation 

specifications. Impulse voltage generation utilizes an ST3810 device with 10 nF capacitance. PD 

signals are captured using broadband UHF antennas (horn-type and log-periodic configurations), 

supplemented by high-frequency filtering components. Data acquisition employs a 12-bit 

oscilloscope operating at 10 GHz sampling frequency. Procedures conform to DIN IEC/TS 61934 

specifications. The standardized approach ensures high-quality foundations for machine learning 

applications. 

3. Signal Processing and Dataset Formation 

3.1. Signal Conditioning 

¶ Elimination of clipped waveforms 

¶ Chebyshev IIR high-pass filtering (>200 MHz) 

¶ Normalization to noise floor levels 

¶ Generation of pure noise segments preceding impulses 

3.2. PD Event Detection and Extraction 

PD occurrences are identified using SNR > 4 criteria. For each event, windows are created 

with randomized temporal shifts, enhancing model robustness. 

3.3. Data Augmentation 

Weak PD signals are scaled to various SNR levels (0.9ï4) and superimposed onto noise 

segments. This substantially improves network capability for recognizing minimal discharge events. 

3.4. Time-Frequency Representations 

FFT, STFT, CWT, and SWT transformations are utilized, increasing the information content 

of input features. 

4. Neural Network Topologies 

Thirteen configurations were evaluated: 
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¶ CNN (1D/2D variants) 

¶ RNN (LSTM, BiLSTM, GRU implementations) 

¶ FCNN (fully-connected architectures) 

For each topology, optimization included: batch dimensions, optimization algorithms 

(SGDM, ADAM), layer depth, and filter configurations. 

5. Findings 

5.1. Model Comparison 

¶ Superior performance: 2D-CNN + CWT Ÿ 99.76% accuracy 

¶ High effectiveness also observed in GRU, BiLSTM, and 1D-CNN variants 

¶ FFT-based approaches showed somewhat reduced accuracy Ÿ transformation 

selection proves significant 

5.2. Weak PD Recognition 

¶ With augmentation: approaching 95% TPR at SNRå1 

¶ Without augmentation: models cannot reliably identify weak discharges 

5.3. Advantages Over Threshold Methods 

¶ Neural network models achieve TPR > 99.5% and FPR < 0.14% 

¶ Traditional threshold approaches significantly underperform at diminished 

SNR levels 

6. Discussion 

Neural network methodologies demonstrate generalization capabilities for novel stators and 

diverse interference conditions. Primary advantages include: 

¶ Robust noise immunity 

¶ Automatic feature extraction 

¶ Scalability potential 

¶ Suitability for real-time manufacturing line integration 

7. Conclusions 

The 2D-CNN model combined with CWT delivers optimal accuracy and identifies PD 

phenomena even at noise-floor levels. Neural network approaches substantially outperform 

traditional methodologies and represent a promising solution for industrial quality control of traction 

electric motors. 
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ɹʘʙʘʰ ɸ.ɺ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-ʊʝʨʥʦʧʽʣʴ, 

ʋʢʨʘʾʥʘ). 

 

ɺʀʂʆʈʀʉʊɸʅʅʗ ʄʆɼɽʃɯ YOLO  ɼʃʗ ʈʆɿʇɯɿʅɸɺɸʅʅʗ ʆɹôɭʂʊɯɺ 

ʅɸɺʂʆʃʀʐʅʔʆɻʆ ʉɺɯʊʋ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ YOLO ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘʚʢʦʣʠʰʥʴʦʛʦ ʩʝʨʝʜʦʚʠʱʘ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. ɺʠʩʚʽʪʣʝʥʦ 

ʢʣʶʯʦʚʽ ʦʩʦʙʣʠʚʦʩʪʽ ʘʨʭʽʪʝʢʪʫʨʠ YOLO, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʩʦʢʫ ʰʚʠʜʢʦʜʽʶ ʪʘ ʪʦʯʥʽʩʪʴ ʧʨʠ ʨʦʙʦʪʽ 
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ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ʆʢʨʝʤʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʟʘʩʪʦʩʫʚʘʥʥʶ ʩʝʨʝʜʦʚʠʱʘ Google Colab ʷʢ 

ʽʥʩʪʨʫʤʝʥʪʫ ʜʣʷ ʥʘʚʯʘʥʥʷ ʪʘ ʪʝʩʪʫʚʘʥʥʷ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʙʝʟ ʥʝʦʙʭʽʜʥʦʩʪʽ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʣʦʢʘʣʴʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʨʝʩʫʨʩʽʚ. ʅʘʚʝʜʝʥʦ ʦʧʠʩ ʤʝʪʦʜʠʢʠ ʚʩʪʘʥʦʚʣʝʥʥʷ ʥʝʦʙʭʽʜʥʠʭ 

ʙʽʙʣʽʦʪʝʢ, ʧʽʜʛʦʪʦʚʢʠ ʜʘʥʠʭ ʪʘ ʟʘʧʫʩʢʫ ʧʨʦʮʝʩʫ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ ʧʦʧʝʨʝʜʥʴʦ 

ʥʘʚʯʝʥʦʾ ʤʦʜʝʣʽ YOLOv8. ʇʨʦʜʝʤʦʥʩʪʨʦʚʘʥʦ ʨʝʟʫʣʴʪʘʪʠ ʪʝʩʪʫʚʘʥʥʷ ʤʦʜʝʣʽ ʥʘ ʧʨʠʢʣʘʜʘʭ ʟʦʙʨʘʞʝʥʴ, 

ʟʘʚʘʥʪʘʞʝʥʠʭ ʜʦ ʧʨʦʝʢʪʫ Google Colab. ʆʪʨʠʤʘʥʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʜʘʥʽ ʧʽʜʪʚʝʨʜʞʫʶʪʴ 

ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʚʠʟʥʘʯʘʪʠ ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ ʦʙôʻʢʪʽʚ ʪʘ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʚʠʩʦʢʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʥʘʚʽʪʴ ʫ ʩʢʣʘʜʥʠʭ ʫʤʦʚʘʭ. ʈʦʟʛʣʷʥʫʪʽ ʧʽʜʭʦʜʠ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʜʣʷ ʨʦʟʨʦʙʢʠ ʩʠʩʪʝʤ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʫ ʤʦʙʽʣʴʥʠʭ ʜʦʜʘʪʢʘʭ, ʨʦʙʦʪʦʪʝʭʥʽʮʽ, ʩʠʩʪʝʤʘʭ ʚʽʜʝʦʩʧʦʩʪʝʨʝʞʝʥʥʷ ʪʘ ʽʥʰʠʭ 

ʩʬʝʨʘʭ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʦʧʝʨʘʪʠʚʥʦʛʦ ʘʥʘʣʽʟʫ ʚʽʟʫʘʣʴʥʦʾ ʽʥʬʦʨʤʘʮʽʾ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, YOLO, Google Colab, ʢʦʤʧôʶʪʝʨʥʠʡ ʟʽʨ, 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ, Python. 

Abstract. The article presents the results of a study on the capabilities of the YOLO machine learning 

model for recognizing real-world objects in images. The key features of the YOLO architecture that ensure 

high speed and accuracy in real-time operation are highlighted. Special attention is paid to the use of the 

Google Colab environment as a tool for training and testing machine learning models without the need for 

local computing resources. The methodology for installing the required libraries, preparing the data, and 

launching the object detection process using a pre-trained YOLOv8 model is described. The results of testing 

the model on example images uploaded to the Google Colab project are demonstrated. The obtained 

experimental data confirm the modelôs ability to identify a wide range of objects and provide high-quality 

classification even under challenging conditions. The discussed approaches can be applied in the development 

of computer vision systems for mobile applications, robotics, video surveillance systems, and other areas 

requiring real-time visual information processing.  

Keywords: machine learning model, YOLO, Google Colab, computer vision, object detection, Python. 

 

ɺʉʊʋʇ 

ʉʪʘʥʦʤ ʥʘ ʩʴʦʛʦʜʥʽ ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʜʦʟʚʦʣʷʻ ʚʠʨʽʰʠʪʠ ʙʘʛʘʪʦ ʨʽʟʥʠʭ ʟʘʜʘʯ. 

ʅʘʧʨʠʢʣʘʜ, ʤʦʞʥʘ ʨʦʟʧʽʟʥʘʚʘʪʠ ʦʙôʻʢʪʠ ʟʽ ʩʪʘʪʠʯʥʠʭ ʬʦʪʦʛʨʘʬʽʡ ʘʙʦ ʚʽʜʝʦ ʧʦʪʦʢʫ, ʛʝʥʝʨʫʚʘʪʠ 

ʤʫʟʠʢʫ ʪʘ ʧʽʩʥʽ ʟʘ ʪʝʢʩʪʦʚʠʤ ʦʧʠʩʦʤ ʪʘ ʽʥ. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʜʦʟʚʦʣʷʻ ʥʘʚʽʪʴ ʛʝʥʝʨʫʚʘʪʠ 

ʧʨʦʛʨʘʤʥʠʡ ʢʦʜ ʟʘ ʟʘʧʠʪʦʤ. 

ʆʜʥʽʻʶ ʟ ʥʘʡʧʦʧʫʣʷʨʥʽʰʠʭ ʥʝʡʨʦʤʝʨʝʞ ʻ YOLO (ʟ ʘʥʛʣ. You only look once) [1], ʷʢʘ 

ʨʦʟʧʽʟʥʘʻ ʦʙôʻʢʪʠ ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ ʪʘ ʚʽʜʩʪʝʞʫʻ ʾʭ ʧʝʨʝʤʽʱʝʥʥʷ. YOLO ʚʠʨʽʟʥʷʻʪʴʩʷ 

ʪʠʤ, ʱʦ ʤʘʻ ʚʠʩʦʢʠʡ ʩʪʫʧʽʥʴ ʪʦʯʥʦʩʪʽ ʽ ʤʦʞʝ ʧʨʘʮʶʚʘʪʠ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ.  

ɺʠʷʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ ʟʘ ʤʦʜʝʣʣʶ YOLO ʤʘʻ ʨʷʜ ʧʝʨʝʚʘʛ ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ ʽʥʰʠʤʠ ʧʽʜʭʦʜʘʤʠ 

ʜʦ ʚʠʷʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ [2]:  

-ʧ̔ ʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʪʘ ʪʝʩʪʫʚʘʥʥʷ YOLO ʙʘʯʠʪʴ ʧʦʚʥʝ ʟʦʙʨʘʞʝʥʥʷ; 

-ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ YOLO ʚʠʧʝʨʝʜʞʘʻ ʽʥʰʽ ʧʽʜʭʦʜʠ ʜʦ ʚʠʷʚʣʝʥʥʷ ʪʦʧʽʚ ʧʨʠ ʥʘʚʯʘʥʥʽ 

ʥʘ ʧʨʠʨʦʜʥʠʭ ʬʦʪʦʛʨʘʬʽʷʭ; 

-ɸɯ-ʤʦʜʝʣʴ YOLO ʧʨʘʮʶʻ ʟʥʘʯʥʦ ʰʚʠʜʰʝ, ʥʽʞ ʽʥʰʽ ʤʝʪʦʜʠ ʚʠʷʚʣʝʥʥʷ. 

ʄʝʪʘ ʨʦʙʦʪʠ ï ʘʥʘʣʽʟ, ʜʦʩʣʽʜʞʝʥʥʷ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

YOLO ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘʚʢʦʣʠʰʥʴʦʛʦ ʩʚʽʪʫ.  

ɿʘʜʘʯʽ ʜʦʩʣʽʜʞʝʥʥʷ: 

-ʚʠʚʯʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ YOLO ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʦʙôʻʢʪʽʚ ʟ ʟʦʙʨʘʞʝʥʴ; 

-ʚʠʚʯʝʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʤʦʚʠ ʧʨʦʛʨʘʤʫʚʘʥʥʷ Python ʪʘ ʩʝʨʝʜʦʚʠʱʘ Google Colab [3] 

ʜʣʷ ʨʦʙʦʪʠ ʟ ʤʦʜʝʣʷʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO; 

-ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʟ 

ʟʦʙʨʘʞʝʥʴ. 

ʆʙ'ʻʢʪ ʜʦʩʣʽʜʞʝʥʥʷ ï ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO.  

ʇʨʝʜʤʝʪ ʜʦʩʣʽʜʞʝʥʥʷ ï ʘʥʘʣʽʟ, ʜʦʩʣʽʜʞʝʥʥʷ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ YOLO ʫ ʧʨʦʝʢʪʽ 

Android ʜʦʜʘʪʢʫ ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʝʨʝʜʦʚʠʱʘ ʨʦʟʨʦʙʢʠ Google 

Colab. 

ʆʇʀʉ ʄʆɾʃʀɺʆʉʊɽʁ ʉɽʈɽɼʆɺʀʑɸ GOOGLE COLAB  ʊɸ ʄʆɺʀ 

ʇʈʆɻʈɸʄʋɺɸʅʅʗ PYTHON ɼʃʗ ʈʆɹʆʊʀ ɿ ʄʆɼɽʃʃʖ YOLO    
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ʉʝʨʝʜʦʚʠʱʝ Google Colab ʜʦʟʚʦʣʷʻ ʨʦʟʨʦʙʣʶʚʘʪʠ ʧʨʦʛʨʘʤʠ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʦʚʠ 

ʧʨʦʛʨʘʤʫʚʘʥʥʷ Python. ɿ ʜʘʥʠʤ ʩʝʨʝʜʦʚʠʱʝʤ ʤʦʞʥʘ ʧʨʘʮʶʚʘʪʠ ʦʥʣʘʡʥ ʧʨʦʩʪʦ ʟ ʙʨʘʫʟʝʨʘ. 

ɺʦʥʦ ʻ ʜʫʞʝ ʟʨʫʯʥʠʤ ʜʣʷ ʨʦʙʦʪʠ ʟ ʤʦʜʝʣʷʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO. Google Colab ʧʦ ʩʫʪʽ 

ʥʘʜʘʻ ʚʽʨʪʫʘʣʴʥʫ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʤʘʰʠʥʫ ʥʘ ʦʩʥʦʚʽ Linux.  

ɼʣʷ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʟʥʘʯʥʽ ʨʝʩʫʨʩʠ ʧʝʨʩʦʥʘʣʴʥʦʛʦ ʢʦʤʧôʶʪʝʨʘ. 

ɸʣʝ, ʟʘʚʜʷʢʠ Google Colab ʤʦʞʥʘ ʥʘʚʯʘʪʠ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʧʦ 

ʩʫʪʽ ʦʙʣʘʜʥʘʥʥʷ ʢʦʤʧʘʥʽʾ Google. ʇʨʠ ʮʴʦʤʫ, ʢʦʨʠʩʪʫʚʘʯ ʣʠʰʝ ʧʠʰʝ ʢʦʜ ʚ ʙʨʘʫʟʝʨʽ. ɺʩʷ 

ʨʦʙʦʪʘ ʧʦ ʥʘʚʯʘʥʥʶ ʤʦʜʝʣʝʡ ʪʘ ʽʥ. ʚʠʢʦʥʫʻʪʴʩʷ ʥʘ ʩʝʨʚʝʨʘʭ Google. 

ɼʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO ʫ ʧʨʦʝʢʪʽ Google Colab ʥʝʦʙʭʽʜʥʦ 

ʚʩʪʘʥʦʚʠʪʠ ʙʽʙʣʽʦʪʝʢʫ ultralytics (!pip install ultralytics). ɼʘʣʽ ʪʨʝʙʘ ʽʤʧʦʨʪʫʚʘʪʠ YOLO. ʇʦʪʽʤ 

ʧʝʨʝʢʣʶʯʠʪʠʩʷ ʥʘ ʢʦʨʝʥʝʚʠʡ ʢʘʪʘʣʦʛ (%cd /content/). ʇʽʩʣʷ ʥʝʦʙʭʽʜʥʦ ʧʨʦʩʪʦ ʟʘʧʫʩʪʠʪʠ ʩʢʨʠʧʪ 

ʽ ʚʩʽ ʥʝʦʙʭʽʜʥʽ ʙʽʙʣʽʦʪʝʢʠ ʙʫʜʫʪʴ ʩʢʘʯʘʥʽ ʪʘ ʚʩʪʘʥʦʚʣʝʥʽ ʘʚʪʦʤʘʪʠʯʥʦ (ʨʠʩʫʥʦʢ 1). 

 

 
ʈʠʩʫʥʦʢ 1 ï ɺʩʪʘʥʦʚʣʝʥʥʷ ʪʘ ʩʢʘʯʫʚʘʥʥʷ ʥʝʦʙʭʽʜʥʠʭ ʙʽʙʣʽʦʪʝʢ ʜʣʷ ʨʦʙʦʪʠ ʟ YOLO 

 

ʇʽʩʣʷ ʚʩʪʘʥʦʚʣʝʥʥʷ ʥʝʦʙʭʽʜʥʠʭ ʙʽʙʣʽʦʪʝʢ ʙʫʜʝ ʚʠʚʝʜʝʥʦ ʥʘʩʪʫʧʥʝ ʧʦʚʽʜʦʤʣʝʥʥʷ ʧʨʦ 

ʫʩʧʽʰʥʝ ʚʩʪʘʥʦʚʣʝʥʥʷ ʪʘ ʩʢʘʯʫʚʘʥʥʷ (ʨʠʩʫʥʦʢ 2) 

 

 
ʈʠʩʫʥʦʢ 2 ï ʇʦʚʽʜʦʤʣʝʥʥʷ ʧʨʦ ʫʩʧʽʰʥʝ ʚʩʪʘʥʦʚʣʝʥʥʷ ʙʽʙʣʽʦʪʝʢ 

 

ɿʦʙʨʘʞʝʥʥʷ ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ ʨʦʙʦʪʠ ʟʘʟʜʘʣʝʛʽʜʴ ʥʘʚʯʝʥʦʾ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

YOLO ʤʦʞʥʘ ʜʦʜʘʪʠ ʜʦ ʧʨʦʝʢʪʫ ʙʫʜʴ-ʷʢʠʤ ʟʨʫʯʥʠʤ ʩʧʦʩʦʙʦʤ. ʅʘʧʨʠʢʣʘʜ ʧʨʦʩʪʠʤ 

ʧʝʨʝʪʘʩʢʫʚʘʥʥʷʤ Drag and Drop (ʨʠʩʫʥʦʢ 3). 
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ʈʠʩʫʥʦʢ 3 ï ɼʦʜʘʥʽ ʜʦ ʧʨʦʝʢʪʫ ʟʦʙʨʘʞʝʥʥʷ ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ ʨʦʙʦʪʠ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ YOLO 

 

ʊɽʉʊʋɺɸʅʅʗ ʈʆɹʆʊʀ ʄʆɼɽʃɯ ʄɸʐʀʅʅʆɻʆ ʅɸɺʏɸʅʅʗ YOLO  ʇʈʀ 

ʈʆɿʇɯɿʅɸɺɸʅʅɯ ʆɹôɭʂʊɯɺ ʅɸ ɿʆɹʈɸɾɽʅʅʗʍ  

ɼʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ YOLO ʥʝʦʙʭʽʜʥʦ ʚʠʢʦʥʘʪʠ ʫ Google Colab ʥʘʩʪʫʧʥʫ ʢʦʤʘʥʜʫ: !yolo task=detect 

mode=predict model=yolov8s.pt source="p1.jpg" show=True (ʨʠʩʫʥʦʢ 4).  

 

 
ʈʠʩʫʥʦʢ 4 ï ʌʨʘʛʤʝʥʪ ʧʨʦʛʨʘʤʥʦʛʦ ʢʦʜʫ ʜʣʷ ʟʘʧʫʩʢʫ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ 

 

ɼʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʚʠʢʦʨʠʩʪʘʥʘ ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ yolov8s (ʚʝʨʩʽʷ 8). ʇʽʩʣʷ 

ʟʘʧʫʩʢʫ ʩʢʨʠʧʪʘ (ʨʠʩʫʥʢʘ 4), ʜʘʥʘ ʤʦʜʝʣʴ ʟʘʚʘʥʪʘʞʫʻʪʴʩʷ ʚ ʢʦʨʝʥʝʚʠʡ ʢʘʪʘʣʦʛ ʧʨʦʝʢʪʫ. ʊʘʢʦʞ 

ʦʪʨʠʤʘʥʦ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ (ʨʠʩʫʥʦʢ 5). 
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ʈʠʩʫʥʦʢ 5 ï ʆʧʠʩ ʦʙôʻʢʪʽʚ, ̫ ʢʽ ʤʦʞʝ ʨʦʟʧʽʟʥʘʚʘʪʠ ʤʦʜʝʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

 

ʈʝʟʫʣʴʪʘʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩʫʥʢʫ 6. 

  

 
 

ʈʠʩʫʥʦʢ 6 ï ʈʝʟʫʣʴʪʘʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʟ ʦʪʨʠʤʘʥʠʭ ʟ ʢʘʤʝʨʠ ʤʦʙʽʣʴʥʦʛʦ ʧʨʠʩʪʨʦʶ ʫ 

ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ 

 

ɺʀʉʅʆɺʂʀ. 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʚʠʢʦʥʘʥʦʾ ʨʦʙʦʪʠ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʧʨʦʝʢʪ ʫ ʩʝʨʝʜʦʚʠʱʽ Google Colab ʜʣʷ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘʚʢʦʣʠʰʥʴʦʛʦ ʩʚʽʪʫ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ.  

ʇʨʦʜʝʤʦʥʩʪʨʦʚʘʥʦ ʨʦʙʦʪʫ ʟʘʟʜʘʣʝʛʽʜʴ ʥʘʚʯʝʥʦʾ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ YOLO ʜʣʷ 

ʚʠʟʥʘʯʝʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. ʊʘʢʦʞ ʥʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙôʻʢʪʽʚ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ. 
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ɹʽʣʦʩʪʝʯʥʠʡ ɺ.ʆ., ʉʘʚʫʣʷʢ ɺ.ɺ. (ɺʽʥʥʠʮʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʪʝʭʥʽʯʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ, ɺʽʥʥʠʮʷ, 

ʋʢʨʘʾʥʘ).  

 

ʅɽʁʈʆʄɽʈɽɾʅɽ ʇʈʆɻʅʆɿʋɺɸʅʅʗ ʊɸ ʄʆɼɽʃʖɺɸʅʅʗ ʇʈʆʎɽʉʋ 

ʍʆʃʆɼʅʆɰ ʇʃɸʉʊʀʏʅʆɰ ɼɽʌʆʈʄɸʎɯɰ ʌʃɸʅʎɽɺʀʍ ɼɽʊɸʃɽʁ ɿ ʃʀʉʊʆɺʆɰ 

ʉʊɸʃɯ AISI  304. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʧʦʜʘʥʦ ʨʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʮʝʩʫ ʭʦʣʦʜʥʦʾ ʧʣʘʩʪʠʯʥʦʾ 

ʜʝʬʦʨʤʘʮʽʾ (ʍʇɼ) ʬʣʘʥʮʝʚʠʭ ʜʝʪʘʣʝʡ ʽʟ ʣʠʩʪʦʚʦʾ ʢʦʨʦʟʽʡʥʦʩʪʽʡʢʦʾ ʩʪʘʣʽ AISI 304 ʫ ʜʽʘʧʘʟʦʥʽ ʪʦʚʱʠʥ 

1,5ï6,0 ʤʤ. ʇʨʦʮʝʩ ʬʦʨʤʦʫʪʚʦʨʝʥʥʷ ʪʘʢʠʭ ʜʝʪʘʣʝʡ ʭʘʨʘʢʪʝʨʠʟʫʻʪʴʩʷ ʚʠʩʦʢʦʶ ʯʫʪʣʠʚʽʩʪʶ ʜʦ 

ʨʝʞʠʤʽʚ ʜʝʬʦʨʤʫʚʘʥʥʷ, ʚʣʘʩʪʠʚʦʩʪʝʡ ʤʘʪʝʨʽʘʣʫ, ʣʦʢʘʣʴʥʠʭ ʧʦʣʽʚ ʥʘʧʨʫʞʝʥʴ ʪʘ ʰʚʠʜʢʦʩʪʽ 

ʜʝʬʦʨʤʘʮʽʾ, ʱʦ ʚʠʟʥʘʯʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʦʟʨʦʙʣʝʥʥʷ ʜʦʩʪʦʚʽʨʥʦʾ ʤʘʪʝʤʘʪʠʯʥʦʾ ʤʦʜʝʣʽ. ʄʝʪʦʶ ʨʦʙʦʪʠ 

ʻ ʩʪʚʦʨʝʥʥʷ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʧʨʦʮʝʩʫ ʍʇɼ ʬʣʘʥʮʷ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʧʨʦʛʥʦʟʫʚʘʪʠ ʧʘʨʘʤʝʪʨʠ 

ʜʝʬʦʨʤʘʮʽʾ, ʧʦʷʚʫ ʜʝʬʝʢʪʽʚ ʪʘ ʦʮʽʥʶʚʘʪʠ ʷʢʽʩʪʴ ʛʦʪʦʚʦʛʦ ʚʠʨʦʙʫ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʧʨʫʞʥʦʧʣʘʩʪʠʯʥʫ 

ʤʦʜʝʣʴ ʧʦʚʝʜʽʥʢʠ ʩʪʘʣʽ AISI 304 ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʧʦʢʘʟʥʠʢʽʚ ʟʤʽʮʥʝʥʥʷ, ʘ ʪʘʢʦʞ ʨʦʟʨʦʙʣʝʥʦ FEM-ʤʦʜʝʣʴ 

ʟ ʽʥʪʝʛʨʘʮʽʻʶ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ DIC-ʜʘʥʠʭ. ɿʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʤʦʜʝʣʶʚʘʥʥʷ ʚʠʟʥʘʯʝʥʦ ʢʨʠʪʠʯʥʽ 

ʨʝʞʠʤʠ ʚʪʨʘʪʠ ʩʪʽʡʢʦʩʪʽ, ʫʤʦʚʠ ʚʠʥʠʢʥʝʥʥʷ ʭʚʠʣʷʩʪʦʩʪʽ ʢʨʦʤʢʠ ʪʘ ʧʘʨʘʤʝʪʨʠ, ʱʦ ʚʧʣʠʚʘʶʪʴ ʥʘ 

ʥʝʨʽʚʥʦʤʽʨʥʽʩʪʴ ʪʦʚʱʠʥʠ. ʆʧʪʠʤʽʟʘʮʽʡʥʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʠʚ ʟʤʝʥʰʠʪʠ ʟʤʽʥʫ ʪʦʚʱʠʥʠ ʟ 9,1% ʜʦ 4,7%. 

ʉʬʦʨʤʦʚʘʥʦ ʪʝʭʥʦʣʦʛʽʯʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʚʠʙʦʨʫ ʰʚʠʜʢʦʩʪʽ ʜʝʬʦʨʤʘʮʽʾ, ʢʦʝʬʽʮʽʻʥʪʘ ʪʝʨʪʷ, 

ʨʝʞʠʤʽʚ ʤʘʩʪʠʣ ʪʘ ʤʝʪʦʜʽʚ ʟʥʠʞʝʥʥʷ ʥʘʢʣʝʧʫ. ʆʪʨʠʤʘʥʘ ʤʦʜʝʣʴ ʤʦʞʝ ʙʫʪʠ ʦʩʥʦʚʦʶ ʜʣʷ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʧʨʦʤʠʩʣʦʚʠʭ ʧʨʦʮʝʩʽʚ ʚʠʛʦʪʦʚʣʝʥʥʷ ʬʣʘʥʮʝʚʠʭ ʜʝʪʘʣʝʡ ʽ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ 

ʢʦʤʧʣʝʢʩʥʦʛʦ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʦʧʝʨʘʮʽʾ ʍʇɼ.  

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʭʦʣʦʜʥʘ ʧʣʘʩʪʠʯʥʘ ʜʝʬʦʨʤʘʮʽʷ, ʬʣʘʥʮʝʚʽ ʜʝʪʘʣʽ, AISI 304, ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ, 

FEM, DIC, ʦʧʪʠʤʽʟʘʮʽʷ. 

Abstract. The paper presents the results of a study on the cold plastic deformation (CPD) of flange 

parts made of AISI 304 stainless sheet steel within a thickness range of 1.5ï6.0 mm. The forming process of 

such components is highly sensitive to deformation parameters, material properties, local stress fields, and 

strain-rate conditions, which necessitates the development of a reliable mathematical model. The aim of the 

work is to construct a digital twin of the CPD process allowing prediction of deformation parameters, defect 

formation, and final product quality. A constitutive elastoplastic model of AISI 304 with strain-hardening 

parameters is proposed, and an FEM model integrated with experimental DIC data is developed. The 

simulation results reveal critical instability regimes, conditions for edge waviness formation, and factors 

affecting thickness non-uniformity. The optimization framework enabled reduction of thickness variation from 

9.1% to 4.7%. Technological recommendations concerning strain-rate selection, friction coefficient, 

lubrication modes, and methods for reducing strain hardening are formulated. The developed model can serve 

as a basis for improving industrial manufacturing of flange components and advancing a comprehensive 

digital twin of the CPD operation. 

Keywords: cold plastic deformation, flange components, AISI 304, digital twin, FEM, DIC, 

optimization. 

 

ʊʝʭʥʦʣʦʛʽʾ ʭʦʣʦʜʥʦʾ ʧʣʘʩʪʠʯʥʦʾ ʜʝʬʦʨʤʘʮʽʾ (ʍʇɼ) ʪʦʥʢʦʣʠʩʪʦʚʦʾ ʢʦʨʦʟʽʡʥʦʩʪʽʡʢʦʾ ʩʪʘʣʽ 

AISI 304 h ʠʨʦʢʦ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʧʽʜ ʯʘʩ ʚʠʛʦʪʦʚʣʝʥʥʷ ʬʣʘʥʮʝʚʠʭ ʪʘ ʢʦʨʧʫʩʥʠʭ ʜʝʪʘʣʝʡ ʜʣʷ 

ʧʨʠʣʘʜʦʙʫʜʫʚʘʥʥʷ, ʭʘʨʯʦʚʦʛʦ ʦʙʣʘʜʥʘʥʥʷ ʪʘ ʤʘʰʠʥʦʙʫʜʽʚʥʠʭ ʢʦʥʩʪʨʫʢʮʽʡ, ʱʦ ʧʨʘʮʶʶʪʴ ʚ 

ʫʤʦʚʘʭ ʢʦʨʦʟʽʡʥʦʛʦ ʩʝʨʝʜʦʚʠʱʘ. ʇʦʧʨʠ ʟʦʚʥʽʰʥʶ ʧʨʦʩʪʦʪʫ ʦʧʝʨʘʮʽʾ ʬʦʨʤʦʫʪʚʦʨʝʥʥʷ ʬʣʘʥʮʷ, 

ʪʝʭʥʦʣʦʛʽʯʥʠʡ ʧʨʦʮʝʩ ʭʘʨʘʢʪʝʨʠʟʫʻʪʴʩʷ ʚʠʩʦʢʦʶ ʯʫʪʣʠʚʽʩʪʶ ʜʦ ʨʝʞʠʤʽʚ ʜʝʬʦʨʤʫʚʘʥʥʷ, 

ʚʣʘʩʪʠʚʦʩʪʝʡ ʤʘʪʝʨʽʘʣʫ, ʣʦʢʘʣʴʥʠʭ ʧʦʣʽʚ ʥʘʧʨʫʞʝʥʴ ̔  h ʚʠʜʢʦʩʪʝʡ ʜʝʬʦʨʤʘʮʽʾ. ʋ ʧʨʠʢʨʽʧʣʝʥʦʤʫ 

ʥʘʚʯʘʣʴʥʦʤʫ ʤʘʪʝʨʽʘʣʽ (ñʄʦʜʝʣʶʚʘʥʥʷ ʢʨʠʪʠʯʥʠʭ ʪʝʭʥʦʣʦʛʽʡéò) ʧʽʜʢʨʝʩʣʝʥʦ ʥʝʦʙʭʽʜʥʽʩʪʴ 

ʤʦʜʝʣʶʚʘʥʥʷ ʨʝʘʣʴʥʠʭ ʚʠʨʦʙʥʠʯʠʭ ʧʨʦʮʝʩʽʚ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ̫ ʢʦʩʪʽ ʚʠʨʦʙʽʚ . ʉʘʤʝ ʮ ̫ʣʦʛʽʢʘ 

ʩʪʘʣʘ ʧʽʜˇʨʫʥʪʷʤ ʜʣʷ ʧʨʦʚʝʜʝʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

ɿʘʚʜʘʥʥʷ, ʱʦ ʧʦʩʪʽʡʥʦ ʚʠʥʠʢʘʻ ʚ ʽʥʞʝʥʝʨʥʽʡ ʧʨʘʢʪʠʮʽ,ð ʟʤʝʥʰʝʥʥʷ ʥʝʨʽʚʥʦʤʽʨʥʦʩʪʽ 

ʪʦʚʱʠʥʠ ʬʣʘʥʮʷ, ʟʘʧʦʙʽʛʘʥʥʷ ʣʦʢʘʣʴʥʽʡ ʚʪʨʘʪʽ ʩʪʽʡʢʦʩʪʽ ʪʘ ʘʜʝʢʚʘʪʥʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʨʫʞʥʦʛʦ 
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ʚʽʜʧʨʫʞʠʥʝʥʥʷ. ɺʩʽ ʪʨʠ ʬʘʢʪʦʨʠ ʢʨʠʪʠʯʥʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʪʦʯʥʽʩʪʴ ʜʝʪʘʣʽ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʫ 

ʥʘʜʽʡʥʽʩʪʴ ʧʨʦʮʝʩʫ. 

ʄʝʪʘ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʫ ʩʪʚʦʨʝʥʥʽ ʤʘʪʝʤʘʪʠʯʥʦʾ ʪʘ ʩʪʨʫʢʪʫʨʥʦʾ ʤʦʜʝʣʽ ʧʨʦʮʝʩʫ ʍʇɼ 

ʬʣʘʥʮʝʚʦʾ ʜʝʪʘʣʽ ʟ ʣʠʩʪʦʚʦʾ ʩʪʘʣʽ AISI 304 ʫ ʜʽʘʧʘʟʦʥʽ ʪʦʚʱʠʥ 1,5ï6,0 ʤʤ, ʷʢʘ ʜʘʻ ʟʤʦʛʫ 

ʧʨʦʛʥʦʟʫʚʘʪʠ ʜʝʬʦʨʤʘʮʽʡʥʽ ʧʘʨʘʤʝʪʨʠ, ʧʦʷʚʫ ʜʝʬʝʢʪʽʚ ʪʘ ʟʘʙʝʟʧʝʯʠʪʠ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ 

ʬʣʘʥʮʝʚʠʭ ʚʠʨʦʙʽʚ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʤʝʪʠ ʩʬʦʨʤʫʣʴʦʚʘʥʦ ʟʘʚʜʘʥʥʷ: 

1. ʦʧʠʩʘʪʠ ʧʨʫʞʥʦʧʣʘʩʪʠʯʥʫ ʧʦʚʝʜʽʥʢʫ ʩʪʘʣʽ AISI 304 ʟʘ ʫʤʦʚ ʚʝʣʠʢʦʾ ʧʣʘʩʪʠʯʥʦʾ 

ʜʝʬʦʨʤʘʮʽʾ; 

2. ʚʠʟʥʘʯʠʪʠ ʢʨʠʪʠʯʥʽ ʨʝʞʠʤʠ ʚʪʨʘʪʠ ʩʪʽʡʢʦʩʪʽ ʬʣʘʥʮʷ; 

3. ʧʦʙʫʜʫʚʘʪʠ ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ ʧʨʦʮʝʩʫ ʥʘ ʦʩʥʦʚʽ ʧʦʻʜʥʘʥʥʷ FEM- ̔  DIC-ʧʽʜʭʦʜʽʚ; 

4. ʨʦʟʨʦʙʠʪʠ ʦʧʪʠʤʽʟʘʮʽʡʥʫ ʤʦʜʝʣʴ ʚʠʙʦʨʫ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ; 

5. ʦʮʽʥʠʪʠ ʘʜʝʢʚʘʪʥʽʩʪʴ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʪʘ ʚʠʟʥʘʯʠʪʠ ʤʝʞʽ ʤʦʜʝʣʽ. 

ʋ ʜʦʩʣʽʜʞʝʥʥʽ ʚʠʢʦʨʠʩʪʘʥʦ ʣʠʩʪʦʚʫ ʩʪʘʣʴ AISI 304 ʟ ʜʽʘʧʘʟʦʥʦʤ ʪʦʚʱʠʥ 1,5ï6,0 ʤʤ. 

ʎʝʡ ʜʽʘʧʘʟʦʥ  ̒ ʢʨʠʪʠʯʥʠʤ: ʪʦʥʢʽ ʣʠʩʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ ʧʽʜʚʠʱʝʥʠʡ ʨʠʟʠʢ ʣʦʢʘʣʴʥʠʭ 

ʤʽʢʨʦʪʨʽʱʠʥ, ʪʦʜʽ ʷʢ ʪʦʚʩʪʽ ð ʟʥʘʯʥʽ ʝʬʝʢʪʠ ʧʨʫʞʥʦʛʦ ʚʽʜʧʨʫʞʠʥʝʥʥʷ. ʄʝʭʘʥʽʯʥʽ 
ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ AISI 304: 

ů0.2 å 210 ʄʇʘ, ůu å 520ï650 ʄʇʘ, 

K = 1480 ʄʇʘ, n = 0.45ï0.55. 

ʈʝʞʠʤʠ ʜʝʬʦʨʤʫʚʘʥʥʷ: 

Å ʰʚʠʜʢʽʩʪʴ ʜʝʬʦʨʤʘʮʽʾ ŮĘ = 0.1ï1.0 sī1; 

Å ʢʦʝʬʽʮʽʻʥʪ ʪʝʨʪʷ ɛ = 0.08ï0.12; 

Å ʢʦʥʪʘʢʪʥʠʡ ʪʠʩʢ ð ʜʦ 650 ʄʇʘ. 

ʄʘʪʝʤʘʪʠʯʥʘ ʤʦʜʝʣʴ ʧʣʦʩʢʦʧʨʫʞʥʦʾ ʧʣʘʩʪʠʯʥʦʾ ʜʝʬʦʨʤʘʮʽʾ ʧʨʝʜʩʪʘʚʣʝʥʘ ʥʘʩʪʫʧʥʠʤ 

ʯʠʥʦʤ. ʇʨʫʞʥʦʧʣʘʩʪʠʯʥʘ ʧʦʚʝʜʽʥʢʘ ʦʧʠʩʫʚʘʣʘʩʷ ʟʘʣʝʞʥʦʩʪʷʤʠ: 

ůij= Cijkl  (Ůkl ī Ů
pl 

), 

ů = KŮn. 

ʄʦʜʝʣʴ ʜʝʬʦʨʤʫʚʘʥʥʷ ʬʣʘʥʮʷ ʚʢʣʶʯʘʣʘ ʚʠʟʥʘʯʝʥʥʷ ʣʦʢʘʣʴʥʦʾ ʪʦʚʱʠʥʠ: 

t(ɗ) = t0 ī ȹt(ɗ), 

ʜʝ ɗ ð ʧʦʣʷʨʥʠʡ ʢʫʪ. 

ʈʝʟʫʣʴʪʘʪʠ ʩʚʽʜʯʘʪʴ, ɦ ʦ ʤʘʢʩʠʤʘʣʴʥʽ ʛʨʘʜʽʻʥʪʠ ʪʦʚʱʠʥʠ ʚʠʥʠʢʘʶʪʴ ʫ ʟʦʥʽ ʧʝʨʝʭʦʜʫ 

ñʩʪʽʥʢʘï ʬʣʘʥʝʮʴò, ʜʝ ʜʝʬʦʨʤʘʮʽʷ ʩʪʘʻ ʙʣʠʟʴʢʦʶ ʜʦ ʧʣʦʱʠʥʥʦʾ. 

ʌʦʨʤʫʚʘʥʥʷ ʭʚʠʣʷʩʪʦʩʪʽ ʢʨʦʤʢʠ ʬʣʘʥʮʷ ʪʘ ʣʦʢʘʣʴʥʠʭ ʟʦʥ ʚʠʪʦʥʯʝʥʥʷ ʦʮʽʥʶʚʘʣʦʩʷ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʨʠʪʝʨʽʶ ʍʽʣʣʘ: 

F (ů1, ů2) = 1, 
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ʜʝ ů1, ů2 ð ʛʦʣʦʚʥʽ ʥʘʧʨʫʞʝʥʥʷ. 

ʄʦʜʝʣʶʚʘʥʥʷ ʧʦʢʘʟʘʣʦ: 

ñ ʜʣʷ ʪʦʚʱʠʥ 1,5ï2 ʤʤ ʢʨʠʪʠʯʥʘ h ʚʠʜʢʽʩʪʴ ʜʝʬʦʨʤʘʮʽʾ ʩʪʘʥʦʚʠʪʴ ŮĘ å 0.4 sī1; 

ñ ʭʚʠʣʷʩʪʽʩʪʴ ʟôʷʚʣʷʻʪʴʩʷ ʧʨʠ ʟʙʽʣʴʰʝʥʥʽ ɛ ʧʦʥʘʜ 0.11; 

ñ ʜʣʷ ʪʦʚʱʠʥ 5ï6 ʤʤ ʢʣʶʯʦʚʫ ʨʦʣʴ ʚʽʜʽʛʨʘʻ ʤʦʜʫʣʴ ʧʨʫʞʥʦʩʪʽðʧʨʫʞʥʝ 

ʚʽʜʧʨʫʞʠʥʝʥʥʷ ʚʠʟʥʘʯʘʻ ʢʽʥʮʝʚʫ ʛʝʦʤʝʪʨʽʶ ʬʣʘʥʮʷ. 

ɼʣʷ ʧʦʙʫʜʦʚʠ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʧʨʦʮʝʩʫ ʍʇɼ ʩʪʚʦʨʝʥʦ ʙʘʟʦʚʫ ʚʝʨʩʽʶ ʮʠʬʨʦʚʦʛʦ 

ʜʚʽʡʥʠʢʘ, ̫ ʢʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ: 

1. FEM-ʤʦʜʝʣʽ (ʨʦʟʨʘʭʫʥʦʢ ʧʦʣʽʚ ʥʘʧʨʫʞʝʥʴ ̔  ʪʦʚʱʠʥʠ); 

2. DIC-ʢʘʨʪ ʜʝʬʦʨʤʘʮʽʡ, ʦʪʨʠʤʘʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ; 

3. ʦʧʪʠʤʽʟʘʮʽʡʥʦʛʦ ʙʣʦʢʫ, ɦ ʦ ʧʽʜʙʠʨʘʻ ʨʝʞʠʤ 

ʜʝʬʦʨʤʫʚʘʥʥʷ. ɿʽʩʪʘʚʣʝʥʥʷ FEM ʪʘ DIC ʜʘʣʦ 

ʨʦʟʙʽʞʥʽʩʪʴ: 

ŭ = 6ï8%. 

ʎʝ ʧʨʠʡʥʷʪʥʘ ʧʦʭʠʙʢʘ ʜʣʷ ʧʨʦʤʽʞʥʦʛʦ ʝʪʘʧʫ ʅɼʈ, ʘʣʝ ʦʧʦʥʝʥʪ ʩʣʫʰʥʦ ʚʢʘʟʘʚ ʥʘ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʦʟʰʠʨʝʥʥʷ ʤʦʜʝʣʽ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʪʝʤʧʝʨʘʪʫʨʥʠʭ ʝʬʝʢʪʽʚ ʪʘ ʛʽʩʪʝʨʝʟʠʩʫ 
ʜʝʬʦʨʤʘʮʽʾ. ɼʽʡʩʥʦ, ʩʪʘʣʴ AISI 304 ʜʝʤʦʥʩʪʨʫʻ ʧʽʜʚʠʱʝʥʫ ʯʫʪʣʠʚʽʩʪʴ ʜʦ ʣʦʢʘʣʴʥʦʛʦ ʨʦʟʽʛʨʽʚʫ 

ʧʨʠ ʚʠʩʦʢʠʭ ʰʚʠʜʢʦʩʪʷʭ ʜʝʬʦʨʤʘʮʽʾ, ɦ ʦ ʚ ʩʧʨʦʱʝʥʽʡ ʤʦʜʝʣʽ ʥʝ ʚʨʘʭʦʚʘʥʦ. 

ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʬʫʥʢʮʽʦʥʘʣ ʦʧʪʠʤʽʟʘʮʽʾ ʷʢʦʩʪʽ 

ʬʣʘʥʮʷ: 

 

ʐʣʷʭʦʤ ʚʘʨʽʶʚʘʥʥʷ ŮĘʪʘ ɛ ʦʪʨʠʤʘʥʦ ʟʤʝʥʰʝʥʥʷ ʥʝʨʽʚʥʦʤʽʨʥʦʩʪʽ ʪʦʚʱʠʥʠ ʟ 9,1% ʜʦ 4,7%, 

ʱʦ ʚʽʜʧʦʚʽʜʘʻ ʧʽʜʚʠʱʝʥʥʶ ʩʪʘʙʽʣʴʥʦʩʪʽ ʧʨʦʮʝʩʫ ʬʦʨʤʦʫʪʚʦʨʝʥʥʷ. 

ʊʝʭʥʦʣʦʛʽʯʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʤʦʜʝʣʶʚʘʥʥʷ. 

1. ɺʠʢʦʨʠʩʪʘʥʥʷ ʤʘʩʪʠʣʴʥʠʭ ʤʘʪʝʨʽʘʣʽʚ, ̫ ʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ɛ = 0.08ï0.10, ʤʽʥʽʤʽʟʫʻ 

ʢʨʠʪʠʯʥʽ ʛʨʘʜʽʻʥʪʠ ʜʝʬʦʨʤʘʮʽʾ. 

2. ɿʘʩʪʦʩʫʚʘʥʥʷ ʙʘʛʘʪʦʢʨʦʢʦʚʦʾ ʚʠʪʷʞʢʠ ʟ ʣʦʢʘʣʴʥʠʤ ʟʤʝʥʰʝʥʥʷʤ h ʚʠʜʢʦʩʪʽ ʟʥʠʞʫʻ 
ʨʠʟʠʢ ʤʽʢʨʦʪʨʽʱʠʥ ʫ ʪʦʥʢʠʭ ʣʠʩʪʘʭ. 

3. ɼʣʷ ʪʦʚʱʠʥ ʧʦʥʘʜ 5 ʤʤ ʥʝʦʙʭʽʜʥʦ ʧʝʨʝʜʙʘʯʘʪʠ ʢʦʤʧʝʥʩʘʮʽʡʥʠʡ ʧʨʠʧʫʩʢ ʥʘ 

ʧʨʫʞʥʝ ʚʽʜʧʨʫʞʠʥʝʥʥʷ (1,5ï2,3%). 

4. ɺʠʢʦʨʠʩʪʘʥʥʷ ʚʽʙʨʘʮʽʡʥʦʛʦ ʧʝʨʝʜʥʘʚʘʥʪʘʞʝʥʥʷ ʜʘʻ ʟʥʠʞʝʥʥʷ ʥʘʢʣʝʧʫ ʥʘ 8ï12%. 

 

ɺʥʘʩʣʽʜʦʢ ʩʬʦʨʤʦʚʘʥʦ ʮʽʣʽʩʥʝ ʫʷʚʣʝʥʥʷ ʧʨʦ ʧʦʚʝʜʽʥʢʫ ʬʣʘʥʮʝʚʠʭ ʜʝʪʘʣʝʡ ʟʽ ʩʪʘʣʽ AISI 

304 ʫ ʧʨʦʮʝʩʽ ʭʦʣʦʜʥʦʾ ʧʣʘʩʪʠʯʥʦʾ ʜʝʬʦʨʤʘʮʽʾ ʚ ʜʽʘʧʘʟʦʥʽ ʪʦʚʱʠʥ ʚʽʜ 1,5 ʜʦ 6 ʤʤ. ʇʦʙʫʜʦʚʘʥʘ 

ʤʘʪʝʤʘʪʠʯʥʘ ʪʘ ʩʪʨʫʢʪʫʨʥʘ ʤʦʜʝʣʴ ʜʘʣʘ ʟʤʦʛʫ ʦʧʠʩʘʪʠ ʢʣʶʯʦʚʽ ʜʝʬʦʨʤʘʮʽʡʥʽ ʤʝʭʘʥʽʟʤʠ ʡ 

ʦʮʽʥʠʪʠ ʚʧʣʠʚ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʥʘ ʬʦʨʤʦʫʪʚʦʨʝʥʥʷ. 

ɿʘʩʪʦʩʫʚʘʥʥʷ ʢʨʠʪʝʨʽʶ ʍʽʣʣʘ ʜʦʟʚʦʣʠʣʦ ʚʠʜʽʣʠʪʠ ʟʦʥʠ ʧʦʪʝʥʮʽʡʥʦʾ ʚʪʨʘʪʠ ʩʪʽʡʢʦʩʪʽ ʪʘ 

ʟʨʦʟʫʤʽʪʠ, ʷʢʽ ʨʝʞʠʤʠ ʥʘʡʙʽʣʴʰ ʩʭʠʣʴʥʽ ʜʦ ʚʠʥʠʢʥʝʥʥʷ ʭʚʠʣʷʩʪʦʩʪʽ ʢʨʦʤʢʠ. ʎʝ ʩʪʘʣʦ 

ʚʘʞʣʠʚʠʤ ʝʣʝʤʝʥʪʦʤ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ ʷʢʦʩʪʽ ʬʣʘʥʮʽʚ. ʉʪʚʦʨʝʥʠʡ ʮʠʬʨʦʚʠʡ ʜʚʽʡʥʠʢ ð 

ʧʦʻʜʥʘʥʥʷ FEM-ʤʦʜʝʣʶʚʘʥʥʷ ʟ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʤʠ DIC-ʚʠʤʽʨʶʚʘʥʥʷʤʠ ð ʧʽʜʪʚʝʨʜʠʚ 
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ʧʨʘʮʝʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʟ ʧʦʭʠʙʢʦʶ 6ï8%, ʱʦ ʻ ʧʨʠʡʥʷʪʥʠʤ ʧʦʢʘʟʥʠʢʦʤ ʜʣʷ ʧʨʦʤʽʞʥʦʛʦ ʝʪʘʧʫ 

ʨʦʙʦʪʠ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʦʧʪʠʤʽʟʘʮʽʡʥʦʛʦ ʧʽʜʭʦʜʫ ʧʦʢʘʟʘʣʦ, ʱʦ ʧʨʘʚʠʣʴʥʦ ʧʽʜʽʙʨʘʥʽ ʨʝʞʠʤʠ 

ʜʝʬʦʨʤʫʚʘʥʥʷ ʜʘʶʪʴ ʤʦʞʣʠʚʽʩʪʴ ʩʫʪʪʻʚʦ ʟʤʝʥʰʠʪʠ ʥʝʨʽʚʥʦʤʽʨʥʽʩʪʴ ʪʦʚʱʠʥʠ ʬʣʘʥʮʷ ð ʫ 

ʩʝʨʝʜʥʴʦʤʫ ʥʘ 23ï28%. ʅʘ ʦʩʥʦʚʽ ʮʴʦʛʦ ʩʬʦʨʤʫʣʴʦʚʘʥʦ ʥʠʟʢʫ ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʨʝʢʦʤʝʥʜʘʮʽʡ, 

ʩʧʨʷʤʦʚʘʥʠʭ ʥʘ ʧʽʜʚʠʱʝʥʥʷ ʩʪʘʙʽʣʴʥʦʩʪʽ ʪʘ ʧʝʨʝʜʙʘʯʫʚʘʥʦʩʪʽ ʧʨʦʮʝʩʫ ʍʇɼ ʫ ʚʠʨʦʙʥʠʯʠʭ 

ʫʤʦʚʘʭ. 

ʈʘʟʦʤ ʽʟ ʪʠʤ ʦʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʝ ʻ ʟʘʚʝʨʰʝʥʠʤʠ: ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʣʠʰʘʻʪʴʩʷ 

ʧʨʦʤʽʞʥʦʶ ʣʘʥʢʦʶ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʽ ʧʦʪʨʝʙʫʻ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʰʠʨʝʥʥʷ ʤʦʜʝʣʽ. 

ʇʝʨʝʜʫʩʽʤ ʮʝ ʩʪʦʩʫʻʪʴʩʷ ʚʨʘʭʫʚʘʥʥʷ ʙʘʛʘʪʦʬʽʟʠʯʥʠʭ ʝʬʝʢʪʽʚ ð ʪʝʤʧʝʨʘʪʫʨʥʠʭ ʛʨʘʜʽʻʥʪʽʚ, 

ʝʚʦʣʶʮʽʾ ʥʘʢʣʝʧʫ ʪʘ ʧʨʫʞʥʦʛʦ ʚʽʜʧʨʫʞʠʥʝʥʥʷ, ʷʢʽ ʚʽʜʽʛʨʘʶʪʴ ʩʫʪʪʻʚʫ ʨʦʣʴ ʫ ʨʝʘʣʴʥʠʭ 

ʪʝʭʥʦʣʦʛʽʯʥʠʭ ʧʨʦʮʝʩʘʭ. ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʮʠʭ ʥʘʧʨʷʤʽʚ ʜʦʟʚʦʣʠʪʴ ʧʝʨʝʡʪʠ ʚʽʜ ʩʧʨʦʱʝʥʦʾ 

ʤʦʜʝʣʽ ʜʦ ʧʦʚʥʦʮʽʥʥʦʛʦ ʮʠʬʨʦʚʦʛʦ ʜʚʽʡʥʠʢʘ ʪʝʭʥʦʣʦʛʽʯʥʦʾ ʦʧʝʨʘʮʽʾ. 
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ɻʽʪʽʩ ɺ.ɹ. (ɼʦʥʙʘʩʴʢʘ ʜʝʨʞʘʚʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʘ ʘʢʘʜʝʤʽʷ, ʤ. ʂʨʘʤʘʪʦʨʩʴʢ-ʊʝʨʥʦʧʽʣʴ, 

ʋʢʨʘʾʥʘ), ɻʽʪʽʩ ɯ.ɺ. (ʍʘʨʢʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʨʘʜʽʦʝʣʝʢʪʨʦʥʽʢʠ, ʍʘʨʢʽʚ, 

ʋʢʨʘʾʥʘ).  

 

ʈʆɿʈʆɹʂɸ ʅɽʁʈʆʄɽʈɽɾʅʆɰ ʉʀʉʊɽʄʀ ʌʆʈʄʋɺɸʅʅʗ ʉʊʈɸʊɽɻɯɰ 

ʇɽʈɽɻʆʅʆɺʆɰ ʂʆʄɸʅɼʀ. 

 
ɸʥʦʪʘʮʽʷ. ʉʪʘʪʪʶ ʧʨʠʩʚʷʯʝʥʦ ʨʦʟʨʦʙʣʝʥʥʶ ʥʝʡʨʦʤʝʨʝʞʥʦʾ ʩʠʩʪʝʤʠ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ 

ʨʽʰʝʥʴ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʩʪʨʘʪʝʛʽʾ ʘʚʪʦʤʦʙʽʣʴʥʠʭ ʧʝʨʝʛʦʥʽʚ ʩʝʨʽʾ çʌʦʨʤʫʣʘ-1è. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʢʣʶʯʦʚʽ 

ʬʘʢʪʦʨʠ, ʱʦ ʚʠʟʥʘʯʘʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʙʦʨʫ ʧʝʨʝʛʦʥʦʚʦʾ ʩʪʨʘʪʝʛʽʾ, ʟʦʢʨʝʤʘ ʟʥʦʩ ʽ ʜʝʛʨʘʜʘʮʽʶ ʰʠʥ, 

ʢʦʥʬʽʛʫʨʘʮʽʶ ʪʨʘʩʠ, ʩʪʠʣʴ ʚʦʜʽʥʥʷ ʧʽʣʦʪʘ, ʪʝʤʧʝʨʘʪʫʨʫ ʩʝʨʝʜʦʚʠʱʘ ʪʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ 

ʘʩʬʘʣʴʪʥʦʛʦ ʧʦʢʨʠʪʪʷ. ʅʘ ʦʩʥʦʚʽ ʚʠʟʥʘʯʝʥʠʭ ʯʠʥʥʠʢʽʚ ʩʬʦʨʤʦʚʘʥʦ ʚʠʭʽʜʥʠʡ ʧʨʦʩʪʽʨ ʽʟ 18 ʥʝʟʘʣʝʞʥʠʭ 

ʦʟʥʘʢ. ʄʝʪʦʜ ʛʦʣʦʚʥʠʭ ʢʦʤʧʦʥʝʥʪ ʟʘʩʪʦʩʦʚʘʥʦ ʜʣʷ ʚʠʙʦʨʫ ʥʘʡʙʽʣʴʰ ʨʝʣʝʚʘʥʪʥʠʭ ʘʪʨʠʙʫʪʽʚ, ʱʦ 

ʜʦʟʚʦʣʠʣʦ ʟʥʠʟʠʪʠ ʨʦʟʤʽʨʥʽʩʪʴ ʧʨʦʩʪʦʨʫ ʪʘ ʧʦʢʨʘʱʠʪʠ ʧʦʜʘʣʴʰʝ ʤʦʜʝʣʶʚʘʥʥʷ. ɿʘʧʨʦʧʦʥʦʚʘʥʦ 

ʘʨʭʽʪʝʢʪʫʨʫ ʩʠʩʪʝʤʠ, ʷʢʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʯʦʪʠʨʴʦʭ ʤʦʜʫʣʽʚ ð ʙʘʛʘʪʦʰʘʨʦʚʠʭ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʧʨʷʤʦʛʦ ʧʦʰʠʨʝʥʥʷ, ʢʦʞʥʘ ʟ ʷʢʠʭ ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʢʦʤʧʣʝʢʪʽʚ ʰʠʥ ʜʣʷ ʚʽʜʧʦʚʽʜʥʦʛʦ 

ʝʪʘʧʫ ʩʪʨʘʪʝʛʽʾ. ʆʧʪʠʤʘʣʴʥʽ ʧʘʨʘʤʝʪʨʠ ʥʘʚʯʘʥʥʷ ʚʠʟʥʘʯʝʥʦ ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʨʦʙʘʩʪʥʠʭ ʤʝʪʦʜʽʚ 

ʦʧʪʠʤʽʟʘʮʽʾ (AdaMax) ʪʘ ʬʫʥʢʮʽʾ ʚʪʨʘʪ ʍʴʶʙʝʨʘ. ʉʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʘ ʧʦʭʠʙʢʘ ʤʦʜʝʣʽ ʩʪʘʥʦʚʠʪʴ 

0,1, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʾʾ ʟʜʘʪʥʽʩʪʴ ʬʦʨʤʫʚʘʪʠ ʥʘʙʣʠʞʝʥʽ ʜʦ ʨʝʘʣʴʥʠʭ ʨʽʰʝʥʥʷ ʜʣʷ ʧʝʨʝʛʦʥʦʚʠʭ 

ʩʪʨʘʪʝʛʽʡ. ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʩʠʩʪʝʤʘ ʤʦʞʝ ʩʣʫʛʫʚʘʪʠ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʩʢʦʨʦʯʝʥʥʷ ʯʘʩʫ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʪʘ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʧʝʨʝʛʦʥʦʚʠʭ 

ʢʦʤʘʥʜ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʘʚʪʦʤʦʙʽʣʴʥʽ ʧʝʨʝʛʦʥʠ, ʩʪʨʘʪʝʛʽʷ, ʟʥʦʩ ʰʠʥ, ʰʪʫʯʥʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ, 

ʥʝʡʨʦʤʝʨʝʞʥʘ ʩʠʩʪʝʤʘ. 

Abstract. The paper presents the development of a neural-network-based decision support system for 

forming racing strategies in the Formula 1 series. Key factors influencing strategic effectiveness are analyzed, 

including tire wear and degradation, circuit configuration, driver behavior, ambient temperature, and track 

surface characteristics. Based on these factors, an initial feature space of 18 independent variables was 

formed. Principal Component Analysis was applied to identify the most relevant attributes and reduce 

dimensionality, thereby improving prediction performance. The proposed system architecture consists of four 

modules, each implemented as a multilayer feedforward artificial neural network responsible for predicting 

the tire compound to be used at a corresponding stage of the race strategy. Optimal network configurations 

were determined using robust optimization methods (AdaMax) and the Huber loss function. The resulting 
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system achieved a mean squared error of 0.1 on the test set, indicating high generalization capability and the 

ability to produce strategy recommendations close to real decisions made by Formula 1 teams. The developed 

approach demonstrates that the neural-network-based system can significantly reduce decision-making time 

and improve the effectiveness of racing strategy formation. 

Keywords: car racing, racing strategy, tire wear, artificial neural network, neural-network system. 

 

ɯʩʥʫʻ ʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʪʠʧʽʚ ʘʚʪʦʤʦʙʽʣʴʥʠʭ ʟʤʘʛʘʥʴ, ʷʢʽ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʟʘ ʪʠʧʘʤʠ ʪʨʘʩ, 

ʢʦʥʩʪʨʫʢʮʽʻʶ ʤʘʰʠʥ, ʦʩʦʙʣʠʚʦʩʪʷʤ ʪʝʭʥʽʢʠ ʚʦʜʽʥʥʷ ʪʘ ʽʥ. ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʚʽʜʤʽʥʥʦʩʪʽ, ʪʦʡ 

ʬʘʢʪ, ʱʦ ʥʘ ʢʽʥʮʝʚʠʡ ʨʝʟʫʣʴʪʘʪ ʚʧʣʠʚʘʻ ʙʘʛʘʪʦ ʪʝʭʥʽʯʥʠʭ ʬʘʢʪʦʨʽʚ, ʦʙôʻʜʥʫʻ ʾʭ.  
ʆʜʥʠʤ ʟ ʪʘʢʠʭ ʬʘʢʪʦʨʽʚ ʩʪʨʘʪʝʛʽʷ ʛʦʥʢʠ, ʷʢʘ ʧʦʣʷʛʘʻ ʫ ʚʠʟʥʘʯʝʥʥʽ ʦʧʪʠʤʘʣʴʥʠʭ 

ʪʝʭʥʽʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʘʚʪʦʤʦʙʽʣʶ. ɼʣʷ ʧʨʠʡʥʷʪʪʷ ʟʚʘʞʝʥʠʭ ʪʘ ʦʙô̒ ʢʪʠʚʥʠʭ ʨʽʰʝʥʴ ʫ ʧʨʦʮʝʩʽ 

ʬʦʨʤʫʚʘʥʥʷ ʩʪʨʘʪʝʛʽʾ ʥʝʦʙʭʽʜʥʦ ʘʥʘʣʽʟʫʚʘʪʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ ʜʘʥʠʭ, ʱʦ ʨʦʙʠʪʴ ʧʨʦʮʝʩ 

ʪʨʫʜʦʤʽʩʪʢʠʤ ʜʣʷ ʣʶʜʝʡ. ʊʦʤʫ ʚ ʪʘʢʠʭ ʫʤʦʚʘʭ ʚʢʨʘʡ ʘʢʪʫʘʣʴʥʠʤ ʻ ʚʧʨʦʚʘʜʞʝʥʥʷ ʤʝʭʘʥʽʟʤʫ, 

ʱʦ ʜʦʟʚʦʣʠʪʴ ʧʽʜʚʠʱʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʧʝʨʝʛʦʥʦʚʦʾ ʩʪʨʘʪʝʛʽʾ ʟʘ ʨʘʭʫʥʦʢ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʝʪʦʜʽʚ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. 

ʅʘʡʚʠʱʠʤ ʢʣʘʩʦʤ ʤʽʞʥʘʨʦʜʥʠʭ ʧʝʨʝʛʦʥʽʚ ʜʣʷ ʦʜʥʦʤʽʩʥʠʭ ʛʦʥʦʯʥʠʭ ʘʚʪʦʤʦʙʽʣʽʚ ʻ 

çʌʦʨʤʫʣʘ-1è. ɺʦʥʘ ʧʨʦʭʦʜʠʪʴ ʚ 24 ʝʪʘʧʠ, ʢʦʞʝʥ ʟ ʷʢʠʭ ʧʨʠʥʦʩʠʪʴ ʚʣʘʩʥʽ ʚʠʢʣʠʢʠ. 

ʆʜʥʠʤ ʟ ʪʘʢʠʭ ʚʠʢʣʠʢʽʚ ʻ ʢʦʥʬʽʛʫʨʘʮʽʷ ʪʨʘʩʠ. ʌʦʨʤʘ ʪʨʘʩʠ ʥʝ ʧʽʜʣʷʛʘʻ ʩʪʨʦʛʠʤ 

ʦʙʤʝʞʝʥʥʷʤ, ʱʦ ʨʦʙʠʪʴ ʢʦʞʥʫ ʟ ʥʠʭ ʫʥʽʢʘʣʴʥʦʶ. ʂʦʞʥʘ ʪʨʘʩʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʧʦʚʦʨʦʪʽʚ, ʧʨʷʤʠʭ 

ʪʘ ʟʦʥ, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʘʢʪʠʚʘʮʽʶ ʩʠʩʪʝʤʠ ʟʥʠʞʝʥʥʷ ʘʝʨʦʜʠʥʘʤʽʯʥʦʛʦ ʦʧʦʨʫ (DRS), ʱʦ ʥʘʜʘʻ 

ʩʫʪʪʻʚʫ ʧʨʠʙʘʚʢʫ ʚ ʰʚʠʜʢʦʩʪʽ ʘʚʪʦʤʦʙʽʣʶ. 

ɯʥʰʠʤʠ ʥʝʤʘʣʦʚʘʞʥʠʤʠ ʚʠʢʣʠʢʘʤʠ ʻ ʟʥʦʩ ʪʘ ʜʝʛʨʘʜʘʮʽʷ ʰʠʥ. ɿʥʦʩʦʤ ʥʘʟʠʚʘʶʪʴ 

ʧʦʩʪʫʧʦʚʝ ʧʦʛʽʨʰʝʥʥʷ ʩʪʘʥʫ ʧʨʦʪʝʢʪʦʨʘ ʰʠʥʠ ʫ ʭʦʜʽ ʾʾ ʚʠʢʦʨʠʩʪʘʥʥʷ. ɼʝʛʨʘʜʘʮʽʷ ʰʠʥ ï ʮʝ 

ʧʦʛʽʨʰʝʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʰʠʥʠ, ʚʠʢʣʠʢʘʥʝ ʥʘʜʤʽʨʥʠʤ ʟʥʦʩʦʤ ʪʘ ʪʝʤʧʝʨʘʪʫʨʥʠʤ 

ʜʠʩʙʘʣʘʥʩʦʤ. ʎʽ ʷʚʠʱʘ ʤʦʞʫʪʴ ʧʨʠʟʚʝʩʪʠ ʜʦ ʟʥʠʞʝʥʥʷ ʟʯʝʧʣʝʥʥʷ, ʩʪʽʡʢʦʩʪʽ ʪʘ ʰʚʠʜʢʦʩʪʽ 

ʛʦʥʦʯʥʦʛʦ ʘʚʪʦʤʦʙʽʣʷ, ʱʦ ʤʦʞʝ ʧʦʩʪʘʚʠʪʠ ʧʽʜ ʟʘʛʨʦʟʫ ʰʘʥʩʠ ʢʦʤʘʥʜʠ ʥʘ ʜʦʩʷʛʥʝʥʥʷ ʧʝʨʝʤʦʛʠ.  

ʉʝʨʝʜ ʯʠʥʥʠʢʽʚ, ʷʢʽ ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʽʚʝʥʴ ʟʥʦʩʫ ʪʘ ʜʝʛʨʘʜʘʮʽʾ, ʥʘʷʚʥʽ [1]: ʛʫʤʦʚʽ ʩʫʤʽʰʽ, 

ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʚʠʨʦʙʥʠʮʪʚʘ ʨʽʟʥʠʭ ʪʠʧʽʚ ʰʠʥ, ʪʝʤʧʝʨʘʪʫʨʘ ʥʘʚʢʦʣʠʰʥʴʦʛʦ 

ʩʝʨʝʜʦʚʠʱʘ ʪʘ ʘʩʬʘʣʴʪʥʦʛʦ ʧʦʢʨʠʪʪʷ, ʩʪʠʣʴ ʚʦʜʽʥʥʷ ʛʦʥʱʠʢʘ ʪʘ ʫʤʦʚʠ ʥʘ ʪʨʘʩʽ. 

ʋʤʦʚʠ ʥʘ ʪʨʘʩʽ ʻ ʚʠʟʥʘʯʘʣʴʥʠʤ ʬʘʢʪʦʨʦʤ ʪʦʛʦ, ʷʢ ʰʚʠʜʢʦ ʟʥʦʰʫʶʪʴʩʷ ʰʠʥʠ. ʂʦʞʥʘ 

ʪʨʘʩʘ ʤʘʻ ʥʠʟʢʫ ʭʘʨʘʢʪʝʨʠʩʪʠʢ, ʷʢʽ ʚʠʟʥʘʯʘʶʪʴ ʮʽ ʫʤʦʚʠ. ʉʝʨʝʜ ʥʠʭ ʚʠʦʢʨʝʤʣʶʶʪʴ [1]: 

ʟʯʝʧʣʝʥʥʷ, ʩʢʣʘʜʥʽʩʪʴ ʛʘʣʴʤʫʚʘʥʥʷ, ʚʧʣʠʚ ʙʽʯʥʠʭ ʩʠʣ, ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʰʠʥʠ, ʧʨʠʪʠʩʢʥʫ ʩʠʣʫ, 

ʘʙʨʘʟʠʚʥʽʩʪʴ, ʘʜʛʝʟʽʶ ʪʘ ʝʚʦʣʶʮʽʶ ʘʩʬʘʣʴʪʫ. 

ɿ ʤʝʪʦʶ ʟʘʧʦʙʽʛʘʥʥʷ ʩʫʪʪʻʚʽʡ ʪʘ ʧʝʨʝʜʯʘʩʥʽʡ ʜʝʛʨʘʜʘʮʽʾ ʛʫʤʠ, ʢʦʤʘʥʜʠ ʟʘʩʪʦʩʦʚʫʶʪʴ 

ʨʽʟʥʽ ʟʘʭʦʜʠ ʟ ʙʦʢʫ ʰʠʥ: ʧʽʜʪʨʠʤʘʥʥʷ ʦʧʪʠʤʘʣʴʥʦʛʦ ʪʠʩʢʫ ʚ ʰʠʥʘʭ, ʚʠʙʽʨ ʚʽʜʧʦʚʽʜʥʦʛʦ ʩʢʣʘʜʫ 

ʛʫʤʠ, ʧʦʧʝʨʝʜʥʽʡ ʨʦʟʽʛʨʽʚ ʰʠʥ ʪʘ ʥʘʣʘʰʪʫʚʘʥʥʷ ʤʘʢʩʠʤʘʣʴʥʦʛʦ ʣʽʤʽʪʫ ʢʫʪʘ ʨʦʟʚʘʣʫ ʢʦʣʝʩ ʚ 

ʢʽʥʮʽ ʧʨʷʤʦʾ. ʆʢʨʽʤ ʮʴʦʛʦ, ʙʦʨʦʪʴʙʘ ʟ ʥʘʜʣʠʰʢʦʚʠʤ ʟʥʦʩʦʤ ʪʘ ʜʝʛʨʘʜʘʮʽʻʶ ʰʠʥ ʚʢʣʶʯʘʻ 

ʟʥʘʭʦʜʞʝʥʥʷ ʦʧʪʠʤʘʣʴʥʦʛʦ ʩʪʠʣʶ ʚʦʜʽʥʥʷ, ʘʥʘʣʽʟ ʜʘʥʠʭ ʪʝʣʝʤʝʪʨʽʾ ʪʘ ʩʪʨʘʪʝʛʽʶ. 

ʉʪʨʘʪʝʛʽʷ ʫ çʌʦʨʤʫʣʽ-1è ʩʪʦʩʫʻʪʴʩʷ ʧʽʪ-ʩʪʦʧʽʚ ʪʘ ʨʦʙʦʪʠ ʟ ʰʠʥʘʤʠ: ʧʦʪʨʽʙʥʦ ʚʠʨʽʰʠʪʠ 

ʟʘʜʘʯʫ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʝʤʧʽʚ ʜʝʛʨʘʜʘʮʽʾ, ʥʝʦʙʭʽʜʥʦʛʦ ʤʦʤʝʥʪʫ ʜʣʷ ʟʫʧʠʥʢʠ ʪʘ ʚʠʟʥʘʯʝʥʥʷ, ʷʢʽ 

ʩʘʤʝ ʪʠʧʠ ʰʠʥ ʜʦʮʽʣʴʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʥʘ ʮʽʡ ʪʨʘʩʽ. 

ɿʛʽʜʥʦ ʟ ʧʨʘʚʠʣʘʤʠ, ʧʦ ʭʦʜʫ ʛʦʥʢʠ ʤʘʻ ʙʫʪʠ ʟʨʦʙʣʝʥʦ ʭʦʯʘ ʙ ʦʜʥʫ ʟʫʧʠʥʢʫ, ʘ ʪʘʢʦʞ 

ʚʠʢʦʨʠʩʪʘʥʦ ʷʢ ʤʽʥʽʤʫʤ ʜʚʘ ʨʽʟʥʽ ʪʠʧʠ ʰʠʥ [2]. ʆʜʠʥ ʢʦʤʧʣʝʢʪ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʛʦʥʱʠʢʦʤ 

ʜʣʷ ʩʪʘʨʪʫ, ʽʥʰʽ ï ʧʽʜ ʯʘʩ ʧʨʦʚʝʜʝʥʥʷ ʧʽʪ-ʩʪʦʧʽʚ. ʊʘʢʠʤ ʯʠʥʦʤ, ʪʠʧʠ ʰʠʥ, ʱʦ ʦʙʠʨʘʻ ʢʦʤʘʥʜʘ 

ʚʧʨʦʜʦʚʞ ʛʦʥʢʠ, ʟʘʣʝʞʘʪʴ ʦʜʠʥ ʚʽʜ ʦʜʥʦʛʦ. 

ɹʫʣʦ ʚʠʟʥʘʯʝʥʦ, ʱʦ ʟʘ ʚʽʜʩʫʪʥʦʩʪʽ ʬʦʨʩ-ʤʘʞʦʨʽʚ ʤʘʢʩʠʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʧʽʪ-ʩʪʦʧʽʚ 

ʟʘʟʚʠʯʘʡ ʩʢʣʘʜʘʻ 3. ʄʘʢʩʠʤʘʣʴʥʦ ʤʦʞʣʠʚʘ ʢʽʣʴʢʽʩʪʴ ʢʦʤʧʣʝʢʪʽʚ ʰʠʥ, ʷʢʫ ʛʦʥʱʠʢ ʚʠʢʦʨʠʩʪʦʚʫʻ 

ʟʘ ʛʦʥʢʫ, ʜʦʨʽʚʥʶʻ 4 ï ʦʜʠʥ ʩʪʘʨʪʦʚʠʡ ʪʘ ʪʨʠ ʚʩʪʘʥʦʚʣʝʥʽ ʧʽʜ ʯʘʩ ʧʽʪ-ʩʪʦʧʽʚ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʚʠʭʽʜʥʠʡ ʧʨʦʩʪʽʨ ʦʟʥʘʢ ʩʢʣʘʜʘʻ 18 ʥʝʟʘʣʝʞʥʠʭ ʟʤʽʥʥʠʭ, ʱʦ ʚʢʣʶʯʘʶʪʴʩʷ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʪʨʘʩʠ, ʫʤʦʚʠ ʥʘ ʪʨʘʩʽ, ʪʝʤʧʝʨʘʪʫʨʫ, ʧʦʨʫ ʨʦʢʫ ʪʘ ʥʘʣʘʰʪʫʚʘʥʥʷ ʤʘʰʠʥʠ, ʘ 

ʪʘʢʦʞ 4 ʟʘʣʝʞʥʽ ʟʤʽʥʥʽ ï ʢʦʤʧʣʝʢʪʠ ʰʠʥ, ʷʢʽ ʤʦʞʝ ʚʠʢʦʨʠʩʪʘʪʠ ʛʦʥʱʠʢ. 
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ɼʣʷ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʐʅʄ ʤʦʞʣʠʚʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʝʭʥʽʢ ʧʦʧʝʨʝʜʥʴʦʾ 

ʦʙʨʦʙʢʠ ʜʘʥʠʭ. ʆʜʥʠʤ ʽʟ ʪʘʢʠʭ ʤʝʪʦʜʽʚ ʻ ʤʝʪʦʜ ʛʦʣʦʚʥʠʭ ʢʦʤʧʦʥʝʥʪ (PCA), ʦʩʥʦʚʥʘ ʤʝʪʘ ʷʢʦʛʦ 

ʧʦʣʷʛʘʻ ʫ ʚʠʙʦʨʽ ʚʽʜʧʦʚʽʜʥʠʭ ʘʪʨʠʙʫʪʽʚ ʜʣʷ ʘʥʘʣʽʟʫ ʜʘʥʠʭ. 

ʄʝʪʦʜ ʛʦʣʦʚʥʠʭ ʢʦʤʧʦʥʝʥʪ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʨʝʣʝʚʘʥʪʥʠʭ ʘʪʨʠʙʫʪʽʚ. 

ʅʘ ʨʠʩʫʥʢʫ 1 ʥʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʚʠʟʥʘʯʝʥʥʷ ʧʦʪʫʞʥʦʩʪʽ ʜʣʷ ʢʦʞʥʦʾ ʦʟʥʘʢʠ ʫ ʚʠʭʽʜʥʦʤʫ 

ʧʨʦʩʪʦʨʽ. 

 

 
ʈʠʩʫʥʦʢ 1. ɺʽʟʫʘʣʽʟʘʮʽʷ ʟʥʘʯʫʱʦʩʪʽ ʦʟʥʘʢ 

 

ʄʦʞʥʘ ʧʦʙʘʯʠʪʠ, ʱʦ ʥʘʡʤʝʥʰ ʟʥʘʯʫʱʠʤʠ ʟʤʽʥʥʠʤʠ ʻ Season ʪʘ Temp. Ambient. ɰʭ 

ʟʥʘʯʝʥʥʷ ʧʦʪʫʞʥʦʩʪʽ ʻ ʙʣʠʟʴʢʠʤʠ ʜʦ 0.  

ʋ ʨʝʟʫʣʴʪʘʪʽ ʜʦʩʣʽʜʞʝʥʥʷ [3] ʙʫʣʦ ʟʨʦʙʣʝʥʦ ʚʠʩʥʦʚʦʢ, ʱʦ ʚʠʣʫʯʝʥʥʷ ʥʘʡʤʝʥʰ 

ʟʥʘʯʫʱʠʭ ʦʟʥʘʢ ʽʟ ʚʠʭʽʜʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʩʧʨʠʷʪʠʤʝ ʧʽʜʚʠʱʝʥʥʶ ʡʦʛʦ ʩʪʘʪʠʩʪʠʯʥʦʾ 

ʟʥʘʯʠʤʦʩʪʽ ʪʘ ʧʦʢʨʘʱʝʥʥʶ ʷʢʦʩʪʽ ʦʙʨʦʙʢʠ ʤʝʪʦʜʘʤʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʊʘʢʦʞ ʫ ʨʝʟʫʣʴʪʘʪʽ 

ʘʥʘʣʽʟʫ ʙʫʣʦ ʚʠʟʥʘʯʝʥʦ ʚʽʜʩʫʪʥʽʩʪʴ ʚʠʢʠʜʽʚ ʫ ʚʠʭʽʜʥʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ, ʧʨʦʪʝ ʧʨʠʩʫʪʥʽ ʥʝʟʥʘʯʥʽ 

ʚʽʜʭʠʣʝʥʥʷ. 

ʅʘʷʚʥʽʩʪʴ ʜʝʢʽʣʴʢʦʭ ʚʠʭʦʜʽʚ (ʥʝʦʙʭʽʜʥʽʩʪʴ ʬʦʨʤʫʚʘʥʥʷ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʢʦʤʧʣʝʢʪʽʚ ʰʠʥ, 

ʱʦ ʤʘʻ ʚʠʢʦʨʠʩʪʘʪʠ ʛʦʥʱʠʢ) ʦʜʥʦʯʘʩʥʦ ʤʦʞʝ ʟʥʘʯʥʦ ʫʧʦʚʽʣʴʥʠʪʠ ʧʨʦʮʝʩ ʥʘʚʯʘʥʥʷ, 

ʫʩʢʣʘʜʥʠʪʠ ʟʘʜʘʯʫ ʘʧʨʦʢʩʠʤʘʮʽʾ ʪʘ ʚʠʤʘʛʘʪʠ ʙʽʣʴʰʝ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʚʠʪʨʘʪ ʜʣʷ ʾʾ ʚʠʨʽʰʝʥʥʷ, 

ʥʽʞ ʜʣʷ ʩʠʩʪʝʤʠ ʟ ʦʜʥʠʤ ʚʠʭʦʜʦʤ. ʊʘʢʦʞ ʤʦʜʝʣʽ ʟ ʜʝʢʽʣʴʢʦʤʘ ʚʠʭʦʜʘʤʠ ʤʘʶʪʴ ʚʠʱʠʡ ʨʠʟʠʢ ʜʦ 

ʧʝʨʝʥʘʚʯʘʥʥʷ. 

ʆʢʨʽʤ ʦʧʠʩʘʥʠʭ ʚʠʱʝ ʥʝʜʦʣʽʢʽʚ, ʥʝʜʦʮʽʣʴʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ ʟ ʜʝʢʽʣʴʢʦʤʘ 

ʚʠʭʦʜʘʤʠ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʩʪʨʘʪʝʛʽʾ ʧʦʣʷʛʘʻ ʫ ʤʦʞʣʠʚʦʤʫ ʫʧʫʱʝʥʥʽ ʟʚô̫ ʟʢʫ ʤʽʞ ʢʦʤʧʣʝʢʪʘʤʠ 

ʰʠʥ, ʷʢʽ ʙʫʜʝ ʨʝʢʦʤʝʥʜʦʚʘʥʦ ʦʙʨʘʪʠ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʩʧʠʨʘʶʯʠʩʴ ʥʘ ʥʝʜʦʣʽʢʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʝʨʝʞ ʟ ʜʝʢʽʣʴʢʦʤʘ ʚʠʭʦʜʘʤʠ ʪʘ 

ʙʝʨʫʯʽ ʜʦ ʫʚʘʛʠ ʟʚô̫ ʟʦʢ ʤʽʞ ʟʤʽʥʥʠʤʠ, ʷʢʽ ʥʝʦʙʭʽʜʥʦ ʩʧʨʦʛʥʦʟʫʚʘʪʠ, ʫ ʨʦʙʦʪʽ [4] ʙʫʣʦ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʠʩʪʝʤʠ ʟ ʘʨʭʽʪʝʢʪʫʨʦʶ, ʧʨʝʜʩʪʘʚʣʝʥʦʶ ʥʘ ʨʠʩʫʥʢʫ 2. ʍ1 ï ʍ16 ï 

ʘʪʨʠʙʫʪʠ ʟ ʚʠʭʽʜʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ, ʅʄ1 ï ʅʄ4 ï ʥʝʡʨʦʤʝʨʝʞʥʽ ʤʦʜʫʣʽ ʩʠʩʪʝʤʠ, ʫ1 ï ʫ4 ï 

ʢʦʤʧʣʝʢʪʠ ʰʠʥ ʥʘ ʢʦʞʥʦʤʫ ʝʪʘʧʽ ʩʪʨʘʪʝʛʽʾ. 

 

 
ʈʠʩʫʥʦʢ 2. ʉʭʝʤʘ ʘʨʭʽʪʝʢʪʫʨʠ ʧʦʙʫʜʦʚʘʥʦʾ ʩʠʩʪʝʤʠ 
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ʄʦʜʫʣʽ ʅʄ1 ï ʅʄ4  ʙʫʣʦ ʨʝʘʣʽʟʦʚʘʥʦ ʫ ʚʠʛʣʷʜʽ ʙʘʛʘʪʦʰʘʨʦʚʦʾ ʰʪʫʯʥʦʾ ʥʝʡʨʦʥʥʦʾ 

ʤʝʨʝʞʽ ʧʨʷʤʦʛʦ ʧʦʰʠʨʝʥʥʷ. ʋ ʷʢʦʩʪʽ ʘʣʛʦʨʠʪʤʫ ʥʘʚʯʘʥʥʷ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʟʚʦʨʦʪʥʝ 

ʧʦʰʠʨʝʥʥʷ ʧʦʤʠʣʢʠ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ ʙʫʣʦ ʚʠʟʥʘʯʝʥʦ, ʱʦ ʥʘʷʚʥʽʩʪʴ ʜʚʦʭ ʧʨʠʭʦʚʘʥʠʭ ʰʘʨʽʚ ʫ ʢʦʞʥʦʤʫ 

ʚʠʟʥʘʯʝʥʦʤʫ ʤʦʜʫʣʽ ̒  ʦʧʪʠʤʘʣʴʥʦʶ. ʆʧʪʠʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʟʘʣʝʞʠʪʴ ʚʽʜ ʙʘʛʘʪʴʦʭ 

ʬʘʢʪʦʨʽʚ. ɼʣʷ ʩʧʨʦʱʝʥʥʷ ʧʨʦʮʝʩʫ ʚʠʙʦʨʫ ʘʨʭʽʪʝʢʪʫʨʠ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ, ʤʦʞʥʘ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʥʠʟʢʫ ʤʝʪʨʠʢ, ʷʢʽ ʜʦʟʚʦʣʷʪʴ ʦʮʽʥʠʪʠ ʚʠʨʽʰʫʚʘʥʫ ʟʘʜʘʯʫ ʪʘ ʦʪʨʠʤʘʪʠ 

ʦʨʽʻʥʪʦʚʥʝ ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ. 

ɿʛʽʜʥʦ ʜʦ ɹ. ʋʽʜʨʦʫ [5], ʚʠʟʥʘʯʠʪʠ ʥʝʦʙʭʽʜʥʫ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʤʦʞʥʘ ʟʘ ʥʝʨʽʚʥʽʩʪʶ 

ʜʣʷ ʦʮʽʥʢʠ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʫ ʰʪʫʯʥʽʡ ʥʝʡʨʦʥʥʽʡ ʤʝʨʝʞʽ, ʱʦ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʦʙô̒ ʤʽ 

ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ: 

 
ὔὔ

ρ ÌÏÇὔ
ὔ ὔ

ὔ

ὔ
ρ ὔ ὔ ρ ὔ, 1 

 

ʜʝ ὔ ï ʢʽʣʴʢʽʩʪʴ ʚʘʛ ʫ ʤʝʨʝʞʽ; ὔ ï ʢʽʣʴʢʽʩʪʴ ʝʢʟʝʤʧʣʷʨʽʚ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ; ὔ ʪʘ ὔ 
ï ʨʦʟʤʽʨʥʽʩʪʴ ʚʭʽʜʥʦʛʦ ʪʘ ʚʠʭʽʜʥʦʛʦ ʩʠʛʥʘʣʫ ʤʝʨʝʞʽ. 

ɯʟ ʮʴʦʛʦ ʚʠʧʣʠʚʘʻ, ʱʦ ʤʽʥʽʤʘʣʴʥʝ ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ ʫ ʰʪʫʯʥʽʡ ʥʝʡʨʦʥʥʽʡ ʤʝʨʝʞʽ ʜʦʨʽʚʥʶʻ 

 

ὔ̊
ὔ

ὔ ὔ
. 2 

 

ʇʽʜʩʪʘʚʠʚʰʠ ʫ ʬʦʨʤʫʣʫ (2) ʛʨʘʥʠʯʥʽ ʟʥʘʯʝʥʥʷ ὔ, ʨʦʟʨʘʭʦʚʘʥʽ ʟʘ ʬʦʨʤʫʣʦʶ (1), ʙʫʣʦ 

ʚʠʟʥʘʯʝʥʦ ʤʽʥʽʤʘʣʴʥʝ (ὔ̊ ) ʪʘ ʤʘʢʩʠʤʘʣʴʥʝ (ὔ̊ ) ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ ʫ ʧʨʠʭʦʚʘʥʦʤʫ ʰʘʨʽ 

ʤʝʨʝʞʽ [6].  

ʆʢʨʽʤ ʨʦʟʤʽʨʫ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ, ʟ ʤʝʪʦʶ ʚʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʫ ʤʝʨʝʞʽ ʦʮʽʥʶʶʪʴ 

ʩʢʣʘʜʥʽʩʪʴ ʘʧʨʦʢʩʠʤʘʮʽʾ ʬʫʥʢʮʽʾ. ɼʣʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʚʠʙʽʨʢʦʚʘ ʦʮʽʥʢʘ ʢʦʥʩʪʘʥʪʠ 

ʃʽʧʰʠʮʷ [6]: 

 

ὒ ȟ   ÍÁØ
В ώ ώ

В ὼ ὼ
, 3 

 

ʜʝ ὼ ï ʟʥʘʯʝʥʥʷ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʤʝʨʝʞʽ; ώ ï ʟʥʘʯʝʥʥʷ ʥʝʦʙʭʽʜʥʠʭ ʚʠʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ 

ʥʝʡʨʦʤʝʨʝʞʽ. 

ʆʮʽʥʢʘ ʢʦʥʩʪʘʥʪʠ ʃʽʧʰʠʮʷ ʙʘʛʘʪʦʰʘʨʦʚʦʾ ʰʪʫʯʥʦʾ ʤʝʨʝʞʽ ʟ ʩʠʛʤʦʾʜʘʣʴʥʦʶ ʬʫʥʢʮʽʻʶ 

ʘʢʪʠʚʘʮʽʾ ʦʙʯʠʩʣʶʻʪʴʩʷ ʟʘ ʥʘʩʪʫʧʥʦʶ ʬʦʨʤʫʣʦʶ [6]: 

 

ὒ ὧ ὔὔ ὔ̊ , 4 

 

ʜʝ ὔ ï ʯʠʩʣʦ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ; ὔ ï ʯʠʩʣʦ ʚʠʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ; k ï ʢʽʣʴʢʽʩʪʴ ʰʘʨʽʚ; ὔ̊  

ï ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ ʥʘ i-ʦʤʫ ʰʘʨʽ; c ï ʧʘʨʘʤʝʪʨ ʘʢʪʠʚʘʮʽʡʥʦʾ ʬʫʥʢʮʽʾ. 

ʅʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʟʜʘʪʥʘ ʨʦʟʚô̫ ʟʘʪʠ ʟʘʜʘʯʫ ʘʧʨʦʢʩʠʤʘʮʽʾ ʟʘʜʘʥʦʾ ʪʘʙʣʠʯʥʦʾ ʬʫʥʢʮʽʾ ʟʘ 

ʫʤʦʚʠ , ,ȟ   Ȣ ʊʦʜʽ ʢʽʣʴʢʽʩʪʴ ʧʨʠʭʦʚʘʥʠʭ ʥʝʡʨʦʥʽʚ ʥʝ ʧʦʚʠʥʥʘ ʙʫʪʠ ʤʝʥʰʦʶ [6] 

 

ὔ̊
ὒ ȟ   

ὧ ὔὔ
Ȣ 5 
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ʊʘʢʠʤ ʯʠʥʦʤ, ʤʽʥʽʤʘʣʴʥʝ ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʰʪʫʯʥʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ 

ʩʢʣʘʜʘʪʠʤʝ [6] 

 

ὔ̊ ÍÁØὔ̊ ȟὔ̊ Ȣ 6 

 

ɺʠʢʦʨʠʩʪʦʚʫʶʯʠ ʥʘʚʝʜʝʥʽ ʚʠʱʝ ʬʦʨʤʫʣʠ ʙʫʣʦ ʦʙʯʠʩʣʝʥʦ ʤʽʥʽʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ 

ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʜʣʷ ʢʦʞʥʦʛʦ ʥʝʡʨʦʤʝʨʝʞʥʦʛʦ ʤʦʜʫʣʶ: ʜʣʷ ʅʄ1, ʅʄ2 ʪʘ ʅʄ3 ʯʠʩʣʦ 

ʥʝʡʨʦʥʽʚ ʜʦʨʽʚʥʶʻ 9, ʘ ʜʣʷ ʅʄ4 ï 8. 

ʇʨʠʡʤʘʶʯʠ ʜʦ ʫʚʘʛʠ ʥʘʷʚʥʽʩʪʴ ʥʝʟʥʘʯʥʠʭ ʚʽʜʭʠʣʝʥʴ ʫ ʜʘʥʠʭ, ʧʨʠ ʥʘʚʯʘʥʥʽ ʙʫʣʦ 

ʚʠʢʦʨʠʩʪʘʥʦ ʤʝʪʦʜʠ, ʧʝʨʝʚʘʛʘʤʠ ʷʢʠʭ ʻ ʨʦʙʘʩʪʥʽʩʪʴ. ɿʦʢʨʝʤʘ, ʫ ʷʢʦʩʪʽ ʘʣʛʦʨʠʪʤʫ ʦʧʪʠʤʽʟʘʮʽʾ 

ʜʣʷ ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʩʠʩʪʝʤʠ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ AdaMax, ʜʣʷ ʦʙʯʠʩʣʝʥʥʷ ʧʦʤʠʣʢʠ 

ʨʦʙʦʪʠ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʤʦʜʫʣʽʚ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʬʫʥʢʮʽʶ ʚʪʨʘʪ ʍʴʶʙʝʨʘ. 

ʇʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʢʦʞʥʦʾ ʦʢʨʝʤʦʾ ʤʝʨʝʞʽ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʫʪʦʯʥʝʥʥʷ ʱʦʜʦ ʯʠʩʣʘ 

ʥʝʡʨʦʥʽʚ ʰʣʷʭʦʤ ʟʘʩʪʦʩʫʚʘʥʥʷ ʢʦʥʩʪʨʫʢʪʠʚʥʦʛʦ ʘʣʛʦʨʠʪʤʫ. ʋ ʪʘʙʣʠʮʽ 1 ʥʘʚʝʜʝʥʦ ʦʪʨʠʤʘʥʽ 

ʟʥʘʯʝʥʥʷ ʾʭ ʦʧʪʠʤʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʚ ʢʦʞʥʦʤʫ ʤʦʜʫʣʽ. 

 

ʊʘʙʣʠʮʷ 1. ʆʧʪʠʤʘʣʴʥʝ ʯʠʩʣʦ ʥʝʡʨʦʥʽʚ, ʚʠʟʥʘʯʝʥʝ ʚ ʭʦʜʽ ʥʘʚʯʘʥʥʷ 

ʄʦʜʫʣʴ 1 ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ 2 ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ 

ʅʄ1   

ʅʄ2   

ʅʄ3   

ʅʄ4   

 

ɼʣʷ ʦʮʽʥʢʠ ʨʦʙʦʪʠ ʟʘʛʘʣʴʥʦʾ ʩʠʩʪʝʤʠ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʜʝʢʽʣʴʢʘ ʦʮʽʥʦʢ: 

ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʫ ʧʦʭʠʙʢʫ (MSE) ʪʘ ʩʝʨʝʜʥʶ ʘʙʩʦʣʶʪʥʫ ʧʦʭʠʙʢʫ (MAE). ɿʥʘʯʝʥʥʷ MSE 

ʜʦʨʽʚʥʶʚʘʣʦ 0,1, ʘ MAE ï 0,2. ʆʪʨʠʤʘʥʽ ʟʥʘʯʝʥʥʷ ʦʙʦʭ ʧʦʭʠʙʦʢ ʻ ʥʝʚʠʩʦʢʠʤʠ, ʱʦ ʚʢʘʟʫʻ ʥʘ 

ʜʦʩʪʘʪʥʴʦ ʭʦʨʦʰʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʜʦ ʫʟʘʛʘʣʴʥʝʥʥʷ. 

ʋ ʪʘʙʣʠʮʽ 2 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʨʝʟʫʣʴʪʘʪʫ ʬʦʨʤʫʚʘʥʥʷ ʩʪʨʘʪʝʛʽʾ ʜʣʷ ɻʨʘʥ-ʧʨʽ ʄʘʷʤʽ 2024 

ʨʦʢʫ ʪʘ ʧʦʨʽʚʥʷʥʥʷ ʟ ʨʝʘʣʴʥʠʤʠ ʩʪʨʘʪʝʛʽʷʤʠ, ʱʦ ʦʙʨʘʣʠ ʢʦʤʘʥʜʠ ʛʦʥʱʠʢʽʚ, ʷʢʽ ʧʦʩʽʣʠ ʧʨʠʟʦʚʽ 

ʤʽʩʮʷ. 

 

ʊʘʙʣʠʮʷ 2. ʇʦʨʽʚʥʷʥʥʷ ʨʝʘʣʴʥʦʾ ʪʘ ʦʪʨʠʤʘʥʦʾ ʩʪʨʘʪʝʛʽʡ ʜʣʷ ɻʨʘʥ-ʧʨʽ ʄʘʷʤʽ 2024 ʨ. 

ʉʪʨʘʪʝʛʽʷ 

(ʨʝʘʣʴʥʘ/ʩʬʦʨʤʦʚʘʥʘ) 

ʄʽʩʮʝ, 

ʱʦ ʧʦʩʽʚ 

ʛʦʥʱʠʢ 

    

ʈʝʘʣʴʥʘ      

ʈʝʘʣʴʥʘ      

ʈʝʘʣʴʥʘ      

 

ʉʬʦʨʤʦʚʘʥʘ ï     

 

ɺʀʉʅʆɺʂʀ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʫ ʨʝʟʫʣʴʪʘʪʽ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʧʦʙʫʜʦʚʘʥʦ ʤʦʜʝʣʴ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ 

ʯʦʪʠʨʴʦʭ ʤʦʜʫʣʽʚ ï h ʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʧʨʷʤʦʛʦ ʧʦʰʠʨʝʥʥʷ. ʉʧʠʨʘʶʯʠʩʴ ʥʘ 

ʧʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʤʝʪʦʜʫ ʛʦʣʦʚʥʠʭ ʢʦʤʧʦʥʝʥʪ, ʧʨʠ ʥʘʚʯʘʥʥʽ ʰʪʫʯʥʠʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʨʦʙʘʩʪʥʽ ʤʝʪʦʜ ʦʧʪʠʤʽʟʘʮʽʾ ʪʘ ʬʫʥʢʮʽʶ ʚʪʨʘʪ. ʎʝ 

ʜʦʧʦʤʦʛʣʦ ʥʽʚʝʣʶʚʘʪʠ ʚʧʣʠʚ ʥʝʟʥʘʯʥʠʭ ʚʽʜʭʠʣʝʥʴ, ʱʦ ʤʽʩʪʷʪʴʩʷ ʫ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ. ʈʦʟʛʣʷʥʫʪʽ 

ʬʫʥʢʮʽʾ ʦʮʽʥʢʠ ʦʧʪʠʤʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʥʝʡʨʦʥʽʚ ʫ ʧʨʠʭʦʚʘʥʠʭ ʰʘʨʘʭ ʥʝʡʨʦʤʝʨʝʞ, ʜʦʟʚʦʣʠʣʠ 

ʩʧʨʦʩʪʠʪʠ ʪʘ ʧʨʠʩʢʦʨʠʪʠ ʧʨʦʮʝʩ ʚʠʟʥʘʯʝʥʥʷ ʾʭ ʘʨʭʽʪʝʢʪʫʨʠ. 

ʆʪʨʠʤʘʥʘ ʚ ʨʝʟʫʣʴʪʘʪʽ ʥʘʚʯʘʥʥʷ ʩʠʩʪʝʤʘ ʥʝʡʨʦʤʝʨʝʞʥʠʭ ʤʦʜʫʣʽʚ ʧʦʢʘʟʫʻ ʜʦʩʪʘʪʥʴʦ 

ʥʝʚʝʣʠʢʫ ʧʦʤʠʣʢʫ ʥʘ ʪʝʩʪʘʭ (0,1) ʪʘ ʜʦʟʚʦʣʷʻ ʩʬʦʨʤʫʚʘʪʠ ʩʪʨʘʪʝʛʽʶ ʘʚʪʦʤʦʙʽʣʴʥʠʭ ʧʝʨʝʛʦʥʽʚ 

ʩʝʨʽʾ çʌʦʨʤʫʣʠ-1è ʙʣʠʟʴʢʫ ʟʘ ʟʥʘʯʝʥʥʷʤ ʜʦ ʨʝʘʣʴʥʦʾ, ʚʠʟʥʘʯʝʥʦʾ ʩʪʨʘʪʝʛʘʤʠ ʢʦʤʘʥʜ. 
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ɺʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʦʾ ʩʠʩʪʝʤʠ ʥʘʜʘʩʪʴ ʤʦʞʣʠʚʽʩʪʴ ʚʠʟʥʘʯʠʪʠ ʙʘʟʦʚʠʡ ʧʣʘʥ ʩʪʨʘʪʝʛʽʾ, 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʷʢʦʛʦ ʫ ʧʦʜʘʣʴʰʦʤʫ ʜʦʟʚʦʣʠʪʴ ʩʢʦʨʦʪʠʪʠ ʯʘʩ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ, ʱʦ ʫ ʩʚʦʶ ʯʝʨʛʫ 

ʩʧʨʠʷʪʠʤʝ ʜʦʩʷʛʥʝʥʥʶ ʚʠʱʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʚ ʧʝʨʝʛʦʥʘʭ. 

ʉʇʀʉʆʂ ʇʆʉʀʃɸʅʔ. 

ire wear sensitivity analysis and modeling based on a statistical multidisciplinary approach for high-

performance vehicles / G. Napolitano DellôAnnunziata ʪʘ ̔ ʥ. Lubricants. 2023. ʊ. 11, ˉ 7. ʉ. 269. 

URL: https://doi.org/10.3390/lubricants11070269. 

2. Pirelli. Formula 1 for dummies: how tyres are chosen for a gp?. Pirelli Global: Discover our world | 

Pirelli. URL: https://www.pirelli.com/global/en-ww/race/racingspot/formula-1/formula-1-for-

dummies-the-choice-of-tyres-in-formula-1-53864/. 

ʽʪʽʩ ɯ. ɺ. ɸʥʘʣʽʟ ʨʝʣʝʚʘʥʪʥʦʩʪʽ ʜʘʥʠʭ ʜʣʷ ʩʠʩʪʝʤʠ ʬʦʨʤʫʚʘʥʥʷ ʩʪʨʘʪʝʛʽʾ 

ʘʚʪʦʧʝʨʝʛʦʥʽʚ. ɸʚʪʦʤʘʪʠʟʘʮʽʷ ʪʘ ʢʦʤʧôʁ ʪʝʨʥʦ-̔ ʥʪʝʛʨʦʚʘʥʽ ʪʝʭʥʦʣʦʛʽʾ ʫ ʚʠʨʦʙʥʠʮʪʚʽ ʪʘ 

ʦʩʚʽʪʽ: ʩʪʘʥ, ʜʦʩʷʛʥʝʥʥʷ, ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ : ʤʘʪʝʨʽʘʣʠ ɺʩʝʫʢʨ. ʥʘʫʢʦʚʦ-ʧʨʘʢʪ. ɯʥʪʝʨʥʝʪ-

ʢʦʥʬ., ʤ. ʏʝʨʢʘʩʠ, 11ï17 ʙʝʨʝʟ. 2024 ʨ. ʉ. 354ï355. 
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itis I. Construction of a neural network decision support system for the formation of a racing 

strategy. ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ: ʜʦʩʷʛʥʝʥʥʷ, ʚʠʢʣʠʢʠ ʪʘ ʨʠʟʠʢʠ : ʤʘʪʝʨʽʘʣʠ ʄʽʞʥʘʨ. ʥʘʫʢ. ʢʦʥʬ., 

ʤ. ʂʠʾʚ, 15ï16 ʙʝʨʝʟ. 2024 ʨ. ʉ. 400ï403. 

5. Widrow B., Lehr M. A. 30 years of adaptive neural networks: perceptron, madaline, and 
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ʽʪʽʩ ɺ. ɹ. ʅʝʡʨʦʤʝʨʝʞʥʽ ʪʝʭʥʦʣʦʛʽʾ : ʥʘʚʯʘʣʴʥʠʡ ʧʦʩʽʙʥʠʢ.  ʂʨʘʤʘʪʦʨʩʴʢ : ɼɼʄɸ, 2021. 248 ʩ. 
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ɼʴʦʨʢʘ ɸ. ɯ., ʄʘʨʢʦ ʈ. ʄ. (ɺʉʇ çʉʪʨʠʡʩʴʢʠʡ ʬʘʭʦʚʠʡ ʢʦʣʝʜʞ ʃʴʚʽʚʩʴʢʦʛʦ ʥʘʮʽʦʥʘʣʴʥʦʛʦ 

ʫʥʽʚʝʨʩʠʪʝʪʫ ʧʨʠʨʦʜʦʢʦʨʠʩʪʫʚʘʥʥʷè, ʤ. ʉʪʨʠʡ, ʋʢʨʘʾʥʘ).   

 

ɺʀʂʆʈʀʉʊɸʅʅʗ   ʐʊʋʏʅʆɻʆ   ɯʅʊɽʃɽʂʊʋ ɺ ʉʀʉʊɽʄɸʍ ʂʆʅʊʈʆʃʖ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʩʪʘʪʪʽ ʜʦʩʣʽʜʞʝʥʦ ʦʩʦʙʣʠʚʦʩʪʽ ʟʘʩʪʦʩʫʚʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (ʐɯ) ʫ 

ʩʫʯʘʩʥʠʭ ʩʠʩʪʝʤʘʭ ʢʦʥʪʨʦʣʶ ʨʽʟʥʠʭ ʛʘʣʫʟʝʡ. ʈʦʟʢʨʠʪʦ ʤʦʞʣʠʚʦʩʪʽ ʘʣʛʦʨʠʪʤʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

ʪʘ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʘʥʘʣʽʪʠʯʥʠʭ ʧʨʦʮʝʩʽʚ, ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, ʧʽʜʚʠʱʝʥʥʷ 

ʪʦʯʥʦʩʪʽ ʦʮʽʥʶʚʘʥʥʷ ʨʠʟʠʢʽʚ ʪʘ ʦʧʝʨʘʪʠʚʥʦʩʪʽ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ 

ʫ ʬʽʥʘʥʩʦʚʦʤʫ ʩʝʢʪʦʨʽ, ʜʝʨʞʘʚʥʦʤʫ ʫʧʨʘʚʣʽʥʥʽ, ʧʨʦʤʠʩʣʦʚʦʩʪʽ, ʝʢʦʣʦʛʽʾ, ʤʝʜʠʮʠʥʽ ʪʘ ʩʦʮʽʘʣʴʥʽʡ ʩʬʝʨʽ. 

ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʚʠʷʚʣʝʥʥʶ ʰʘʭʨʘʡʩʴʢʠʭ ʦʧʝʨʘʮʽʡ, ʢʦʥʪʨʦʣʶ ʧʫʙʣʽʯʥʠʭ ʟʘʢʫʧʽʚʝʣʴ, 

ʧʨʦʛʥʦʟʫʚʘʥʥʶ ʟʙʦʾʚ ʦʙʣʘʜʥʘʥʥʷ, ʤʦʥʽʪʦʨʠʥʛʫ ʜʦʚʢʽʣʣʷ ʪʘ ʦʧʪʠʤʽʟʘʮʽʾ ʨʝʩʫʨʩʽʚ. ʋʟʘʛʘʣʴʥʝʥʦ ʢʣʶʯʦʚʽ 

ʧʨʦʙʣʝʤʠ ʚʧʨʦʚʘʜʞʝʥʥʷ: ʧʨʘʚʦʚʝ ʨʝʛʫʣʶʚʘʥʥʷ, ʝʪʠʯʥʽ ʨʠʟʠʢʠ, ʷʢʽʩʪʴ ʜʘʥʠʭ, ʽʥʪʝʛʨʘʮʽʷ ʪʘ ʪʝʭʥʽʯʥʽ 

ʚʠʤʦʛʠ. ʆʢʨʝʩʣʝʥʦ ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʢʦʥʪʨʦʣʶ ʚ ʋʢʨʘʾʥʽ, ʟʦʢʨʝʤʘ 

ʟʘʚʜʷʢʠ ʧʦʻʜʥʘʥʥʶ ʐɯ ʟ ʪʝʭʥʦʣʦʛʽʷʤʠ ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ, ʩʠʩʪʝʤʘʤʠ ʩʘʤʦʥʘʚʯʘʥʥʷ ʪʘ ʛʽʙʨʠʜʥʠʤʠ 

ʤʝʪʦʜʘʤʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ʇʦʢʘʟʘʥʦ, ʱʦ ʰʠʨʦʢʝ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ ʩʧʨʠʷʻ ʧʽʜʚʠʱʝʥʥʶ 

ʝʬʝʢʪʠʚʥʦʩʪʽ, ʧʨʦʟʦʨʦʩʪʽ ʪʘ ʙʝʟʧʝʢʠ ʢʦʥʪʨʦʣʶ, ʟʘʙʝʟʧʝʯʫʻ ʤʦʞʣʠʚʽʩʪʴ ʩʚʦʻʯʘʩʥʦʛʦ ʨʝʘʛʫʚʘʥʥʷ ʥʘ 

ʚʽʜʭʠʣʝʥʥʷ ʪʘ ʦʧʪʠʤʽʟʫʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʝʩʫʨʩʽʚ ʫ ʩʢʣʘʜʥʠʭ ʜʠʥʘʤʽʯʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ.  
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ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ; ʩʠʩʪʝʤʠ ʢʦʥʪʨʦʣʶ; ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ; ʜʝʨʞʘʚʥʝ 

ʫʧʨʘʚʣʽʥʥʷ; ʤʦʥʽʪʦʨʠʥʛ; ʨʠʟʠʢʠ; ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ. 

Abstract. The article examines the application of artificial intelligence (AI) in modern control systems 

across various sectors. It analyzes the capabilities of machine learning algorithms and neural networks in 

automating analytical processes, detecting anomalies, improving risk assessment accuracy, and enhancing 

decision-making efficiency. The study highlights the use of AI in finance, public administration, industry, 

environmental monitoring, healthcare, and social services. Particular attention is given to fraud detection, 

public procurement monitoring, equipment failure prediction, environmental assessment, and resource 

optimization. Key implementation challenges are summarized, including legal regulation, ethical risks, data 

quality, system integration, and technical requirements. The prospects for developing intelligent control 

systems in Ukraine are outlined, especially through the integration of AI with the Internet of Things, self-

learning algorithms, and hybrid decision-making models. The article demonstrates that the widespread 

adoption of AI contributes to greater efficiency, transparency, and security in control processes, enabling 

timely responses to deviations and improved resource management in complex and dynamic environments. 

Keywords: artificial intelligence; control systems; machine learning; governance; monitoring; risks; 

intelligent systems. 

 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. 

ʉʫʯʘʩʥʽ ʩʠʩʪʝʤʠ ʢʦʥʪʨʦʣʶ ʟʽʪʢʥʫʣʠʩʷ ʟ ʧʨʦʙʣʝʤʦʶ ʦʙʨʦʙʢʠ ʚʝʣʠʢʠʭ ʦʙʩʷʛʽʚ 

ʽʥʬʦʨʤʘʮʽʾ. ʊʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ, ʟʘʩʥʦʚʘʥʽ ʥʘ ʨʫʯʥʽʡ ʧʝʨʝʚʽʨʮʽ ʜʘʥʠʭ ʪʘ ʧʘʧʝʨʦʚʽʡ 

ʜʦʢʫʤʝʥʪʘʮʽʾ, ʥʝ ʟʜʘʪʥʽ ʟʘʙʝʟʧʝʯʠʪʠ ʥʝʦʙʭʽʜʥʫ ʦʧʝʨʘʪʠʚʥʽʩʪʴ, ʪʦʯʥʽʩʪʴ ʪʘ ʧʨʦʟʦʨʽʩʪʴ ʧʨʦʮʝʩʽʚ. 

ʎʝ ʦʩʦʙʣʠʚʦ ʘʢʪʫʘʣʴʥʦ ʫ ʬʽʥʘʥʩʦʚʦʤʫ ʩʝʢʪʦʨʽ, ʜʝʨʞʘʚʥʦʤʫ ʫʧʨʘʚʣʽʥʥʽ ʪʘ ʧʨʦʤʠʩʣʦʚʦʩʪʽ, ʜʝ 

ʰʚʠʜʢʽʩʪʴ ʨʝʘʛʫʚʘʥʥʷ ʥʘ ʨʠʟʠʢʠ ʤʘʻ ʢʨʠʪʠʯʥʝ ʟʥʘʯʝʥʥʷ. 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʜʦʟʚʦʣʷʻ ʘʚʪʦʤʘʪʠʯʥʦ ʘʥʘʣʽʟʫʚʘʪʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ ʜʘʥʠʭ, ʚʠʷʚʣʷʪʠ 

ʘʥʦʤʘʣʽʾ, ʧʨʦʛʥʦʟʫʚʘʪʠ ʨʠʟʠʢʠ ʪʘ ʦʧʝʨʘʪʠʚʥʦ ʨʝʘʛʫʚʘʪʠ ʥʘ ʟʘʛʨʦʟʠ. ʋ ʬʽʥʘʥʩʦʚʦʤʫ ʩʝʢʪʦʨʽ 

ʘʣʛʦʨʠʪʤʠ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʰʘʭʨʘʡʩʴʢʠʭ ʦʧʝʨʘʮʽʡ, ʦʮʽʥʢʠ ʢʨʝʜʠʪʥʦʛʦ 

ʨʠʟʠʢʫ, ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʨʦʮʝʩʽʚ ʦʙʩʣʫʛʦʚʫʚʘʥʥʷ ʢʣʽʻʥʪʽʚ ʪʘ ʦʧʪʠʤʽʟʘʮʽʾ ʽʥʚʝʩʪʠʮʽʡʥʠʭ ʨʽʰʝʥʴ. 

ʋ ʜʝʨʞʘʚʥʦʤʫ ʫʧʨʘʚʣʽʥʥʽ ʐɯ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʢʦʥʪʨʦʣʶ ʧʫʙʣʽʯʥʠʭ ʟʘʢʫʧʽʚʝʣʴ ʪʘ 

ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʟʦʨʦʩʪʽ ʧʨʦʮʝʜʫʨ, ʱʦ ʟʤʝʥʰʫʻ ʢʦʨʫʧʮʽʡʥʽ ʨʠʟʠʢʠ. 

ʋ ʧʨʦʤʠʩʣʦʚʦʩʪʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʧʨʦʛʥʦʟʫʶʪʴ ʟʙʦʾ ʦʙʣʘʜʥʘʥʥʷ, ʧʽʜʚʠʱʫʶʪʴ 

ʙʝʟʧʝʢʫ ʧʨʘʮʽʚʥʠʢʽʚ ʪʘ ʦʧʪʠʤʽʟʫʶʪʴ ʚʠʨʦʙʥʠʯʽ ʧʨʦʮʝʩʠ. ʋ ʩʬʝʨʽ ʝʢʦʣʦʛʽʾ ʐɯ ʘʥʘʣʽʟʫʻ ʜʘʥʽ ʟ 

ʜʘʪʯʠʢʽʚ ʷʢʦʩʪʽ ʧʦʚʽʪʨʷ, ʚʦʜʠ ʪʘ ˇʨʫʥʪʽʚ, ʘ ʪʘʢʦʞ ʧʨʦʛʥʦʟʫʻ ʟʘʙʨʫʜʥʝʥʥʷ ʡ ʧʨʠʨʦʜʥʽ 

ʢʘʪʘʩʪʨʦʬʠ. ʋ ʤʝʜʠʮʠʥʽ ʪʘ ʩʦʮʽʘʣʴʥʽʡ ʩʬʝʨʽ ʐɯ ʜʦʧʦʤʘʛʘʻ ʧʨʦʛʥʦʟʫʚʘʪʠ ʧʦʪʨʝʙʫ ʚ ʨʝʩʫʨʩʘʭ, 

ʦʮʽʥʶʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʦʛʨʘʤ ʪʘ ʧʽʜʚʠʱʫʚʘʪʠ ʷʢʽʩʪʴ ʧʦʩʣʫʛ. 

ɸʥʘʣʽʟ ʦʩʪʘʥʥʽʭ ʧʫʙʣʽʢʘʮʽʡ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʩʚʽʜʯʘʪʴ ʧʨʦ ʟʨʦʩʪʘʥʥʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʚ ʩʠʩʪʝʤʘʭ ʢʦʥʪʨʦʣʶ. ɺ ʋʢʨʘʾʥʽ 

ʄʽʥʽʩʪʝʨʩʪʚʦ ʮʠʬʨʦʚʦʾ ʪʨʘʥʩʬʦʨʤʘʮʽʾ ʧʨʝʟʝʥʪʫʚʘʣʦ ɹʽʣʫ ʢʥʠʛʫ ʟ ʨʝʛʫʣʶʚʘʥʥʷ ʐɯ ʪʘ ʜʨʘʬʪ 

ʩʪʨʘʪʝʛʽʾ ʨʦʟʚʠʪʢʫ ʜʦ 2030 ʨʦʢʫ. ʆʩʥʦʚʥʠʤʠ ʥʘʧʨʷʤʘʤʠ ʻ ʘʚʪʦʤʘʪʠʟʘʮʽʷ ʜʝʨʞʘʚʥʠʭ ʧʨʦʮʝʩʽʚ, 

ʧʦʢʨʘʱʝʥʥʷ ʬʽʥʘʥʩʦʚʦʛʦ ʢʦʥʪʨʦʣʶ, ʨʦʟʚʠʪʦʢ ʧʨʦʤʠʩʣʦʚʠʭ ʪʘ ʤʝʜʠʯʥʠʭ ʩʠʩʪʝʤ ʥʘ ʦʩʥʦʚʽ ʐɯ. 

ʌʽʥʘʥʩʦʚʠʡ ʩʝʢʪʦʨ ʘʢʪʠʚʥʦ ʚʠʢʦʨʠʩʪʦʚʫʻ ʘʣʛʦʨʠʪʤʠ ʜʣʷ ʦʙʨʦʙʢʠ ʚʝʣʠʢʠʭ ʤʘʩʠʚʽʚ 

ʜʘʥʠʭ, ʚʠʷʚʣʝʥʥʷ ʰʘʭʨʘʡʩʴʢʠʭ ʦʧʝʨʘʮʽʡ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʢʨʝʜʠʪʥʠʭ ʨʠʟʠʢʽʚ. ɺ ʋʢʨʘʾʥʽ ʪʘʢʽ 

ʘʣʛʦʨʠʪʤʠ ʚʧʨʦʚʘʜʞʝʥʦ ʚ ʜʝʨʞʘʚʥʠʭ ʽ ʢʦʤʝʨʮʽʡʥʠʭ ʙʘʥʢʘʭ. 

ɼʝʨʞʘʚʥʝ ʫʧʨʘʚʣʽʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʻ ʐɯ ʜʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʧʫʙʣʽʯʥʠʭ ʟʘʢʫʧʽʚʝʣʴ ʥʘ 

ʧʣʘʪʬʦʨʤʘʭ Prozorro ʪʘ SmartCheck AI, ʱʦ ʜʦʟʚʦʣʷʻ ʘʥʘʣʽʟʫʚʘʪʠ ʽʩʪʦʨʠʯʥʽ ʪʘ ʧʦʪʦʯʥʽ ʜʘʥʽ, 

ʚʠʷʚʣʷʪʠ ʘʥʦʤʘʣʴʥʽ ʩʭʝʤʠ ʪʘ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʙʶʜʞʝʪʥʠʭ ʢʦʰʪʽʚ. 

ʋ ʧʨʦʤʠʩʣʦʚʦʩʪʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ ʧʨʦʛʥʦʟʫʶʪʴ ʟʙʦʾ ʦʙʣʘʜʥʘʥʥʷ, ʧʣʘʥʫʶʪʴ 

ʪʝʭʥʽʯʥʝ ʦʙʩʣʫʛʦʚʫʚʘʥʥʷ, ʱʦ ʜʦʟʚʦʣʷʻ ʟʥʠʟʠʪʠ ʘʚʘʨʽʡʥʽʩʪʴ ʪʘ ʧʽʜʚʠʱʠʪʠ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ. ɺ 

ʝʢʦʣʦʛʽʾ ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʜʘʥʽ ʟ ʜʘʪʯʠʢʽʚ, ʩʫʧʫʪʥʠʢʽʚ ʽ ʤʦʜʝʣʝʡ, ʧʨʦʛʥʦʟʫʶʯʠ 

ʟʘʙʨʫʜʥʝʥʥʷ ʪʘ ʢʘʪʘʩʪʨʦʬʠ. 

ʄʝʜʠʮʠʥʘ ʪʘ ʩʦʮʽʘʣʴʥʘ ʩʬʝʨʘ ʦʪʨʠʤʫʶʪʴ ʟʥʘʯʥʽ ʧʝʨʝʚʘʛʠ: ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ 

ʤʝʜʠʯʥʽ ʜʘʥʽ, ʦʮʽʥʶʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʩʦʮʽʘʣʴʥʠʭ ʧʨʦʛʨʘʤ ʪʘ ʦʧʪʠʤʽʟʫʶʪʴ ʨʦʟʧʦʜʽʣ ʨʝʩʫʨʩʽʚ. 

ɺʦʜʥʦʯʘʩ ʜʦʩʣʽʜʞʝʥʥʷ ʥʘʛʦʣʦʰʫʶʪʴ ʥʘ ʥʝʚʠʨʽʰʝʥʠʭ ʧʨʦʙʣʝʤʘʭ: ʧʨʘʚʦʚʽ ʘʩʧʝʢʪʠ, 

ʝʪʠʯʥʽ ʩʪʘʥʜʘʨʪʠ, ʧʨʦʟʦʨʽʩʪʴ ʘʣʛʦʨʠʪʤʽʚ, ʷʢʽʩʪʴ ʜʘʥʠʭ ʪʘ ʽʥʪʝʛʨʘʮʽʷ ʫ ʥʘʮʽʦʥʘʣʴʥʽ ʩʠʩʪʝʤʠ. 
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ʆʩʥʦʚʥʽ ʧʨʦʙʣʝʤʠ ʚʧʨʦʚʘʜʞʝʥʥʷ ʐɯ: 

ʇʨʘʚʦʚʝ ʨʝʛʫʣʶʚʘʥʥʷ: ʚʽʜʩʫʪʥʽʩʪʴ ʯʽʪʢʠʭ ʟʘʢʦʥʽʚ ʪʘ ʥʦʨʤʘʪʠʚʽʚ. 

ɽʪʠʯʥʽʩʪʴ: ʤʦʞʣʠʚʽʩʪʴ ʫʧʝʨʝʜʞʝʥʦʩʪʽ ʘʣʛʦʨʠʪʤʽʚ, ʧʦʨʫʰʝʥʥʷ ʧʨʘʚ ʣʶʜʠʥʠ. 

ʗʢʽʩʪʴ ʜʘʥʠʭ: ʥʝʧʦʚʥʽ ʘʙʦ ʥʝʢʦʨʝʢʪʥʽ ʜʘʥʽ ʟʥʠʞʫʶʪʴ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ. 

ɯʥʪʝʛʨʘʮʽʷ: ʩʢʣʘʜʥʦ ʽʥʪʝʛʨʫʚʘʪʠ ʐɯ ʚ ʨʽʟʥʽ ʥʘʮʽʦʥʘʣʴʥʽ ʩʠʩʪʝʤʠ. 

ʊʝʭʥʽʯʥʘ ʩʢʣʘʜʥʽʩʪʴ: ʧʦʪʨʝʙʘ ʫ ʚʠʩʦʢʦʧʦʪʫʞʥʠʭ ʩʝʨʚʝʨʘʭ, ʧʽʜʛʦʪʦʚʮʽ ʧʝʨʩʦʥʘʣʫ ʪʘ 

ʧʦʩʪʽʡʥʦʤʫ ʦʥʦʚʣʝʥʥʽ ʤʦʜʝʣʝʡ. 

ʄʝʪʘ ʪʘ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ. 

ʄʝʪʘ: ʜʦʩʣʽʜʠʪʠ ʤʦʞʣʠʚʦʩʪʽ ʪʘ ʦʙʤʝʞʝʥʥʷ ʐɯ ʫ ʩʠʩʪʝʤʘʭ ʢʦʥʪʨʦʣʶ, ʦʮʽʥʠʪʠ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʪʘ ʨʠʟʠʢʠ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

ɿʘʚʜʘʥʥʷ: 

 1. ʇʨʦʘʥʘʣʽʟʫʚʘʪʠ ʩʫʯʘʩʥʽ ʧʽʜʭʦʜʠ ʪʘ ʧʨʘʢʪʠʢʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ. 

 2. ʆʮʽʥʠʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʘʣʛʦʨʠʪʤʽʚ ʫ ʨʽʟʥʠʭ ʩʬʝʨʘʭ: ʬʽʥʘʥʩʠ, ʜʝʨʞʘʚʥʝ ʫʧʨʘʚʣʽʥʥʷ, 

ʧʨʦʤʠʩʣʦʚʽʩʪʴ, ʝʢʦʣʦʛʽʷ, ʤʝʜʠʮʠʥʘ. 

 3. ɺʠʷʚʠʪʠ ʧʨʦʙʣʝʤʠ: ʝʪʠʯʥʽ, ʧʨʘʚʦʚʽ, ʪʝʭʥʽʯʥʽ. 

 4. ʈʦʟʨʦʙʠʪʠ ʨʝʢʦʤʝʥʜʘʮʽʾ ʱʦʜʦ ʦʧʪʠʤʽʟʘʮʽʾ ʚʧʨʦʚʘʜʞʝʥʥʷ. 

 5. ʆʢʨʝʩʣʠʪʠ ʧʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ ʐɯ ʚ ʋʢʨʘʾʥʽ. 

ʌʽʥʘʥʩʦʚʠʡ ʩʝʢʪʦʨ 

ʋ ʬʽʥʘʥʩʦʚʦʤʫ ʩʝʢʪʦʨʽ ʐɯ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ 

ʚʝʣʠʯʝʟʥʠʭ ʤʘʩʠʚʽʚ ʬʽʥʘʥʩʦʚʠʭ ʜʘʥʠʭ. ʆʩʥʦʚʥʽ ʥʘʧʨʷʤʠ ʚʠʢʦʨʠʩʪʘʥʥʷ: 

ɺʠʷʚʣʝʥʥʷ ʰʘʭʨʘʡʩʴʢʠʭ ʦʧʝʨʘʮʽʡ: ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʪʠʩʷʯʽ ʪʨʘʥʟʘʢʮʽʡ ʟʘ ʩʝʢʫʥʜʠ, 

ʧʦʨʽʚʥʶʶʪʴ ʧʦʚʝʜʽʥʢʫ ʢʦʨʠʩʪʫʚʘʯʽʚ ʽʟ ʪʠʧʦʚʠʤʠ ʤʦʜʝʣʷʤʠ ʪʘ ʚʠʷʚʣʷʶʪʴ ʘʥʦʤʘʣʽʾ. ʅʘʧʨʠʢʣʘʜ, 

ʷʢʱʦ ʢʣʽʻʥʪ ʨʘʧʪʦʚʦ ʟʜʽʡʩʥʶʻ ʪʨʘʥʟʘʢʮʽʶ ʫ ʥʝʟʚʠʯʥʦʤʫ ʛʝʦʛʨʘʬʽʯʥʦʤʫ ʨʝʛʽʦʥʽ, ʩʠʩʪʝʤʘ 

ʘʚʪʦʤʘʪʠʯʥʦ ʚʽʜʤʽʯʘʻ ʾʾ ʜʣʷ ʜʦʜʘʪʢʦʚʦʾ ʧʝʨʝʚʽʨʢʠ. 

ʆʮʽʥʢʘ ʢʨʝʜʠʪʥʦʛʦ ʨʠʟʠʢʫ: ʘʣʛʦʨʠʪʤʠ ʧʨʦʛʥʦʟʫʶʪʴ ʡʤʦʚʽʨʥʽʩʪʴ ʥʝʧʦʚʝʨʥʝʥʥʷ ʢʨʝʜʠʪʫ 

ʥʘ ʦʩʥʦʚʽ ʽʩʪʦʨʽʾ ʧʣʘʪʝʞʽʚ, ʧʦʚʝʜʽʥʢʠ ʢʣʽʻʥʪʘ ʪʘ ʤʘʢʨʦʝʢʦʥʦʤʽʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʙʘʥʢʘʤ ʧʨʠʡʤʘʪʠ ʙʽʣʴʰ ʦʙˇʨʫʥʪʦʚʘʥʽ ʨʽʰʝʥʥʷ ʱʦʜʦ ʥʘʜʘʥʥʷ ʢʨʝʜʠʪʽʚ. 

ɸʚʪʦʤʘʪʠʟʘʮʽʷ ʘʥʘʣʽʪʠʯʥʠʭ ʧʨʦʮʝʩʽʚ: ʐɯ ʜʦʧʦʤʘʛʘʻ ʬʦʨʤʫʚʘʪʠ ʟʚʽʪʠ, ʧʨʦʛʥʦʟʫʚʘʪʠ 

ʜʦʭʦʜʠ ʪʘ ʚʠʪʨʘʪʠ, ʘʥʘʣʽʟʫʚʘʪʠ ʪʝʥʜʝʥʮʽʾ ʨʠʥʢʫ. 

ʇʨʠʢʣʘʜ ʚʧʨʦʚʘʜʞʝʥʥʷ ʚ ʋʢʨʘʾʥʽ: ʦʜʠʥ ʟ ʢʦʤʝʨʮʽʡʥʠʭ ʙʘʥʢʽʚ ʚʠʢʦʨʠʩʪʦʚʫʻ ʩʠʩʪʝʤʫ, ʱʦ 

ʘʥʘʣʽʟʫʻ ʧʦʥʘʜ 50 000 ʪʨʘʥʟʘʢʮʽʡ ʥʘ ʭʚʠʣʠʥʫ, ʘʚʪʦʤʘʪʠʯʥʦ ʙʣʦʢʫʶʯʠ ʧʽʜʦʟʨʽʣʽ ʦʧʝʨʘʮʽʾ. ʎʝ 

ʟʤʝʥʰʠʣʦ ʬʽʥʘʥʩʦʚʽ ʚʪʨʘʪʠ ʥʘ 20% ʟʘ ʧʝʨʰʠʡ ʨʽʢ ʚʠʢʦʨʠʩʪʘʥʥʷ. 

ɼʝʨʞʘʚʥʝ ʫʧʨʘʚʣʽʥʥʷ. 

ʐɯ ʫ ʜʝʨʞʘʚʥʦʤʫ ʩʝʢʪʦʨʽ ʜʦʧʦʤʘʛʘʻ ʢʦʥʪʨʦʣʶʚʘʪʠ ʧʫʙʣʽʯʥʽ ʟʘʢʫʧʽʚʣʽ, ʦʧʪʠʤʽʟʫʚʘʪʠ 

ʨʦʟʧʦʜʽʣ ʨʝʩʫʨʩʽʚ ʽ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ʆʩʥʦʚʥʽ ʥʘʧʨʷʤʢʠ: 

ʄʦʥʽʪʦʨʠʥʛ ʧʫʙʣʽʯʥʠʭ ʟʘʢʫʧʽʚʝʣʴ: ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʽʩʪʦʨʠʯʥʽ ʪʘ ʧʦʪʦʯʥʽ ʜʘʥʽ ʧʨʦ 

ʪʝʥʜʝʨʠ, ʚʠʷʚʣʷʶʯʠ ʧʦʚʪʦʨʶʚʘʥʽ ʩʭʝʤʠ ʘʙʦ ʧʦʪʝʥʮʽʡʥʽ ʧʦʨʫʰʝʥʥʷ. 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʨʠʟʠʢʽʚ ʢʦʨʫʧʮʽʾ: ʐɯ ʘʥʘʣʽʟʫʻ ʟʚôʷʟʢʠ ʤʽʞ ʫʯʘʩʥʠʢʘʤʠ ʪʝʥʜʝʨʽʚ, ʾʭʥʽʤʠ 

ʢʦʥʪʨʘʢʪʘʤʠ ʪʘ ʽʩʪʦʨʽʻʶ ʫʯʘʩʪʽ ʫ ʜʝʨʞʘʚʥʠʭ ʟʘʢʫʧʽʚʣʷʭ. 

ʆʧʪʠʤʽʟʘʮʽʷ ʨʝʩʫʨʩʽʚ: ʩʠʩʪʝʤʠ ʜʦʧʦʤʘʛʘʶʪʴ ʚʠʟʥʘʯʘʪʠ, ʜʝ ʢʦʰʪʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ 

ʥʝʝʬʝʢʪʠʚʥʦ, ʽ ʧʨʦʧʦʥʫʶʪʴ ʘʣʴʪʝʨʥʘʪʠʚʥʽ ʨʽʰʝʥʥʷ. 

ʇʨʠʢʣʘʜ: ʥʘ ʧʣʘʪʬʦʨʤʽ Prozorro ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʧʦʥʘʜ 100 000 ʪʝʥʜʝʨʽʚ 

ʱʦʤʽʩʷʮʷ, ʚʠʷʚʣʷʶʯʠ ʧʦʥʘʜ 1 500 ʧʦʪʝʥʮʽʡʥʦ ʨʠʟʠʢʦʚʠʭ ʢʦʥʪʨʘʢʪʽʚ. ʈʝʟʫʣʴʪʘʪʦʤ ʩʪʘʣʦ 

ʟʥʠʞʝʥʥʷ ʢʦʨʫʧʮʽʡʥʠʭ ʨʠʟʠʢʽʚ ʽ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʙʶʜʞʝʪʥʠʭ ʢʦʰʪʽʚ. 

ʇʨʦʤʠʩʣʦʚʽʩʪʴ. 

ʋ ʧʨʦʤʠʩʣʦʚʦʩʪʽ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ ʙʝʟʧʝʢʠ: 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʟʙʦʾʚ ʦʙʣʘʜʥʘʥʥʷ: ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʜʘʪʯʠʢʠ ʪʘ ʽʩʪʦʨʽʶ 

ʝʢʩʧʣʫʘʪʘʮʽʾ ʤʘʰʠʥ, ʚʠʟʥʘʯʘʶʯʠ ʡʤʦʚʽʨʥʽʩʪʴ ʘʚʘʨʽʡ. ʎʝ ʜʦʟʚʦʣʷʻ ʧʣʘʥʫʚʘʪʠ ʪʝʭʥʽʯʥʝ 

ʦʙʩʣʫʛʦʚʫʚʘʥʥʷ ʜʦ ʪʦʛʦ, ʷʢ ʚʠʥʠʢʥʝ ʩʝʨʡʦʟʥʘ ʧʦʣʦʤʢʘ.  

ʆʧʪʠʤʽʟʘʮʽʷ ʚʠʨʦʙʥʠʯʠʭ ʧʨʦʮʝʩʽʚ: ʐɯ ʜʦʧʦʤʘʛʘʻ ʚʠʟʥʘʯʘʪʠ ʥʘʡʝʬʝʢʪʠʚʥʽʰʽ ʰʣʷʭʠ 

ʚʠʨʦʙʥʠʮʪʚʘ, ʨʦʟʧʦʜʽʣʷʪʠ ʨʝʩʫʨʩʠ ʪʘ ʤʽʥʽʤʽʟʫʚʘʪʠ ʚʪʨʘʪʠ ʤʘʪʝʨʽʘʣʽʚ. 
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ʇʽʜʚʠʱʝʥʥʷ ʙʝʟʧʝʢʠ ʧʨʘʮʽʚʥʠʢʽʚ: ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʫʤʦʚʠ ʧʨʘʮʽ, ʚʽʜʩʪʝʞʫʶʪʴ 

ʢʨʠʪʠʯʥʽ ʧʦʢʘʟʥʠʢʠ ʽ ʧʨʦʛʥʦʟʫʶʪʴ ʧʦʪʝʥʮʽʡʥʦ ʥʝʙʝʟʧʝʯʥʽ ʩʠʪʫʘʮʽʾ. 

ʇʨʠʢʣʘʜ: ʥʘ ʤʘʰʠʥʦʙʫʜʽʚʥʦʤʫ ʧʽʜʧʨʠʻʤʩʪʚʽ ʚ ɼʥʽʧʨʦʧʝʪʨʦʚʩʴʢʽʡ ʦʙʣʘʩʪʽ ʚʧʨʦʚʘʜʞʝʥʦ 

ʩʠʩʪʝʤʫ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʽʜʤʦʚ ʦʙʣʘʜʥʘʥʥʷ. ʎʝ ʜʦʟʚʦʣʠʣʦ ʩʢʦʨʦʪʠʪʠ ʘʚʘʨʽʡʥʽʩʪʴ ʥʘ 28% ʪʘ 

ʝʢʦʥʦʤʠʪʠ ʜʦ 15% ʚʠʪʨʘʪ ʥʘ ʨʝʤʦʥʪ. 

ɽʢʦʣʦʛʽʷ. 

ʐɯ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʩʪʘʥʫ ʜʦʚʢʽʣʣʷ: 

ʄʦʥʽʪʦʨʠʥʛ ʷʢʦʩʪʽ ʧʦʚʽʪʨʷ ʪʘ ʚʦʜʠ: ʩʠʩʪʝʤʠ ʘʥʘʣʽʟʫʶʪʴ ʜʘʥʽ ʟ ʜʘʪʯʠʢʽʚ ʽ ʩʫʧʫʪʥʠʢʦʚʠʭ 

ʟʥʽʤʢʽʚ, ʚʠʟʥʘʯʘʶʯʠ ʨʽʚʝʥʴ ʟʘʙʨʫʜʥʝʥʥʷ ʪʘ ʪʝʥʜʝʥʮʽʾ ʟʤʽʥ. 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʝʢʦʣʦʛʽʯʥʠʭ ʢʘʪʘʩʪʨʦʬ: ʘʣʛʦʨʠʪʤʠ ʚʨʘʭʦʚʫʶʪʴ ʤʝʪʝʦʨʦʣʦʛʽʯʥʽ ʜʘʥʽ, 

ʧʨʦʤʠʩʣʦʚʽ ʚʠʢʠʜʠ ʪʘ ʧʨʠʨʦʜʥʽ ʬʘʢʪʦʨʠ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʙʨʫʜʥʝʥʴ ʘʙʦ ʩʪʠʭʽʡʥʠʭ ʣʠʭ. 

ʇʨʠʡʥʷʪʪʷ ʧʨʝʚʝʥʪʠʚʥʠʭ ʟʘʭʦʜʽʚ: ʨʝʟʫʣʴʪʘʪʠ ʘʥʘʣʽʟʫ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ 

ʧʣʘʥʫʚʘʥʥʷ ʟʘʭʦʜʽʚ ʽʟ ʟʤʝʥʰʝʥʥʷ ʥʝʛʘʪʠʚʥʦʛʦ ʚʧʣʠʚʫ ʥʘ ʝʢʦʣʦʛʽʶ ʪʘ ʟʜʦʨʦʚôʷ ʥʘʩʝʣʝʥʥʷ. 

ʇʨʠʢʣʘʜ: ʫ ʃʴʚʽʚʩʴʢʽʡ ʦʙʣʘʩʪʽ ʩʠʩʪʝʤʘ ʤʦʥʽʪʦʨʠʥʛʫ ʧʦʚʽʪʨʷ ʥʘ ʙʘʟʽ ʐɯ ʧʦʧʝʨʝʜʞʘʻ 

ʦʨʛʘʥʠ ʚʣʘʜʠ ʧʨʦ ʧʽʜʚʠʱʝʥʥʷ ʨʽʚʥʷ ʰʢʽʜʣʠʚʠʭ ʨʝʯʦʚʠʥ, ʜʦʟʚʦʣʷʶʯʠ ʟʘʟʜʘʣʝʛʽʜʴ ʚʞʠʚʘʪʠ 

ʟʘʭʦʜʽʚ ʜʣʷ ʟʘʭʠʩʪʫ ʟʜʦʨʦʚôʷ ʤʝʰʢʘʥʮʽʚ. 

ʄʝʜʠʮʠʥʘ ʪʘ ʩʦʮʽʘʣʴʥʘ ʩʬʝʨʘ. 

ʋ ʤʝʜʠʮʠʥʽ ʪʘ ʩʦʮʽʘʣʴʥʽʡ ʩʬʝʨʽ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʨʝʩʫʨʩʽʚ, 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ ʦʮʽʥʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ ʧʨʦʛʨʘʤ: 

 ɸʥʘʣʽʟ ʤʝʜʠʯʥʠʭ ʜʘʥʠʭ: ʘʣʛʦʨʠʪʤʠ ʧʨʦʛʥʦʟʫʶʪʴ ʧʦʰʠʨʝʥʥʷ ʟʘʭʚʦʨʶʚʘʥʴ, ʦʮʽʥʶʶʪʴ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʣʽʢʫʚʘʥʥʷ ʪʘ ʚʠʟʥʘʯʘʶʪʴ ʧʦʪʨʝʙʫ ʚ ʤʝʜʠʯʥʠʭ ʨʝʩʫʨʩʘʭ. 

ʆʧʪʠʤʽʟʘʮʽʷ ʩʦʮʽʘʣʴʥʠʭ ʧʨʦʛʨʘʤ: ʐɯ ʜʦʧʦʤʘʛʘʻ ʨʦʟʧʦʜʽʣʷʪʠ ʬʽʥʘʥʩʦʚʽ ʪʘ ʤʘʪʝʨʽʘʣʴʥʽ 

ʨʝʩʫʨʩʠ, ʦʮʽʥʶʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʦʛʨʘʤ ʧʽʜʪʨʠʤʢʠ ʥʘʩʝʣʝʥʥʷ. 

ʇʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʧʦʩʣʫʛ: ʩʠʩʪʝʤʠ ʘʥʘʣʽʟʫʶʪʴ ʧʦʪʨʝʙʠ ʥʘʩʝʣʝʥʥʷ ʪʘ ʧʨʦʧʦʥʫʶʪʴ 

ʟʤʽʥʠ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʨʦʛʨʘʤ. 

ʇʨʠʢʣʘʜ: ʫ ʂʠʾʚʩʴʢʽʡ ʦʙʣʘʩʪʽ ʘʣʛʦʨʠʪʤʠ ʘʥʘʣʽʟʫʶʪʴ ʩʦʮʽʘʣʴʥʽ ʧʨʦʛʨʘʤʠ ʜʣʷ 

ʤʘʣʦʟʘʙʝʟʧʝʯʝʥʠʭ ʨʦʜʠʥ, ʦʧʪʠʤʽʟʫʶʯʠ ʙʶʜʞʝʪʥʽ ʚʠʪʨʘʪʠ ʪʘ ʧʽʜʚʠʱʫʶʯʠ ʨʝʟʫʣʴʪʘʪʠʚʥʽʩʪʴ 

ʥʘʜʘʥʦʾ ʜʦʧʦʤʦʛʠ. ʊʘʢʦʞ ʫ ʤʝʜʠʯʥʠʭ ʫʩʪʘʥʦʚʘʭ ʋʢʨʘʾʥʠ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ ʥʘ ʛʨʠʧ ʪʘ COVID-19, ʱʦ ʜʦʟʚʦʣʷʻ ʧʣʘʥʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʣʽʞʦʢ 

ʪʘ ʤʝʜʠʯʥʦʛʦ ʧʝʨʩʦʥʘʣʫ 

 

 

 

 

ʉʬʝʨʘ ʢʦʥʪʨʦʣʶ ɿʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʆʩʥʦʚʥʥʽ ʝʬʝʢʪʠ 

ʇʨʦʤʠʩʣʦʚʽʩʪʴ ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʚʽʜʤʦʚ 

ʦʙʣʘʜʥʘʥʥʷ, ʦʧʪʠʤʽʟʘʮʽʷ 

ʚʠʨʦʙʥʠʯʠʭ ʧʨʦʮʝʩʽʚ, 

ʢʦʥʪʨʦʣʴ ʷʢʦʩʪʽ ʧʨʦʜʫʢʮʽʾ 

ɿʤʝʥʰʝʥʥʷ ʘʚʘʨʽʡʥʦʩʪʽ, 

ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ, 

ʝʢʦʥʦʤʽʷ ʨʝʩʫʨʩʽʚ 

ʃʨʛʽʩʪʠʢʘ ʪʘ ʪʨʘʥʩʧʦʨʪ ʆʧʪʠʤʽʟʘʮʽʷ ʤʘʨʰʨʫʪʽʚ, 

ʤʦʥʽʪʦʨʠʥʛ ʧʝʨʝʚʝʟʝʥʴ, 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘʪʨʠʤʦʢ 

ʉʚʦʻʯʘʩʥʘ ʜʦʩʪʘʚʢʘ, 

ʟʥʠʞʝʥʥʷ ʚʠʪʨʘʪ, ʤʽʥʽʤʽʟʘʮʽʷ 

ʨʠʟʠʢʽʚ 

ɹʽʟʥʝʩ-ʧʨʦʮʝʩʠ ɸʥʘʣʽʟ ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʦʧʝʨʘʮʽʡ, ʢʦʥʪʨʦʣʴ 

ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ, 

ʚʽʜʩʪʝʞʝʥʥʷ ʨʝʩʫʨʩ 

ʇʽʜʚʠʱʝʥʥʷ ʧʨʦʟʦʨʦʩʪʽ, 

ʟʥʠʞʝʥʥʷ ʧʦʤʠʣʦʢ, 

ʦʧʪʠʤʽʟʘʮʽʷ ʨʝʩʫʨʩʽʚ 

ɹʝʟʧʝʢʘ ʪʘ ʽʥʬʦʨʤʘʮʽʡʥʠʡ 

ʢʦʥʪʨʦʣʴ 

ɺʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ, 

ʢʦʥʪʨʦʣʴ ʜʦʩʪʫʧʫ, ʟʘʭʠʩʪ 

ʜʘʥʠʭ 

ʇʽʜʚʠʱʝʥʥʷ ʙʝʟʧʝʢʠ, 

ʩʚʦʻʯʘʩʥʝ ʨʝʘʛʫʚʘʥʥʷ ʥʘ 

ʟʘʛʨʦʟʠ, ʟʤʝʥʰʝʥʥʷ 

ʣʶʜʩʴʢʦʛʦ ʬʘʢʪʦʨʫ 
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ɯʥʪʝʣʝʢʪʫʘʣʴʥʽ ʩʠʩʪʝʤʠ 

ʫʧʨʘʚʣʽʥʥʷ 

ʉʘʤʦʥʘʚʯʘʥʥʷ ʘʣʛʦʨʠʪʤʽʚ, 

ʘʜʘʧʪʘʮʽʷ ʜʦ ʟʤʽʥ, ʧʨʠʡʥʷʪʪʷ 

ʨʽʰʝʥʴ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ 

ʇʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ 

ʢʦʥʪʨʦʣʶ, ʘʚʪʦʤʘʪʠʟʘʮʽʷ 

ʧʨʦʮʝʩʽʚ, ʦʧʝʨʘʪʠʚʥʽʩʪʴ 

ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ 

 

ʐʪʫʯʥʠʡ ʽʥʪʝʣʝʢʪ ʫ ʩʠʩʪʝʤʘʭ ʢʦʥʪʨʦʣʶ ʜʦʟʚʦʣʷʻ ʘʚʪʦʤʘʪʠʟʫʚʘʪʠ ʧʨʦʮʝʩʠ ʦʙʨʦʙʢʠ 

ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʧʽʜʚʠʱʫʚʘʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʥʘʚʽʪʴ ʫ ʩʢʣʘʜʥʠʭ ʽ ʜʠʥʘʤʽʯʥʠʭ 

ʩʝʨʝʜʦʚʠʱʘʭ. ʁʦʛʦ ʦʩʥʦʚʥʘ ʧʝʨʝʚʘʛʘ ʧʦʣʷʛʘʻ ʚ ʟʜʘʪʥʦʩʪʽ ʰʚʠʜʢʦ ʘʥʘʣʽʟʫʚʘʪʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ 

ʜʘʥʠʭ, ʚʠʷʚʣʷʪʠ ʘʥʦʤʘʣʽʾ ʪʘ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ, ʷʢʽ ʯʘʩʪʦ ʟʘʣʠʰʘʶʪʴʩʷ ʥʝʧʦʤʽʪʥʠʤʠ ʜʣʷ ʣʶʜʠʥʠ. 

ʎʝ ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʪʦʯʥʠʡ ʪʘ ʩʚʦʻʯʘʩʥʠʡ ʢʦʥʪʨʦʣʴ ʥʘʜ ʧʨʦʮʝʩʘʤʠ ʨʽʟʥʦʛʦ ʭʘʨʘʢʪʝʨʫ. 

ʉʫʯʘʩʥʽ ʩʠʩʪʝʤʠ ʢʦʥʪʨʦʣʶ ʥʘ ʙʘʟʽ ʐɯ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʨʽʟʥʽ ʘʣʛʦʨʠʪʤʠ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʪʘ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ʅʘʧʨʠʢʣʘʜ, ʘʣʛʦʨʠʪʤʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦʟʚʦʣʷʶʪʴ ʘʚʪʦʤʘʪʠʯʥʦ 

ʚʠʟʥʘʯʘʪʠ ʪʠʧʠ ʧʦʜʽʡ ʘʙʦ ʦʧʝʨʘʮʽʡ ʪʘ ʨʦʟʧʦʜʽʣʷʪʠ ʾʭ ʟʘ ʢʘʪʝʛʦʨʽʷʤʠ ʨʠʟʠʢʫ. ʈʝʛʨʝʩʽʡʥʽ ʤʦʜʝʣʽ 

ʧʨʦʛʥʦʟʫʶʪʴ ʤʦʞʣʠʚʽ ʟʤʽʥʠ ʫ ʩʠʩʪʝʤʽ, ʘ ʘʣʛʦʨʠʪʤʠ ʢʣʘʩʪʝʨʠʟʘʮʽʾ ʜʦʧʦʤʘʛʘʶʪʴ ʛʨʫʧʫʚʘʪʠ ʜʘʥʽ 

ʟʘ ʩʭʦʞʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ. 

ɺʘʞʣʠʚʦʶ ʩʢʣʘʜʦʚʦʶ ʻ ʩʠʩʪʝʤʠ ʩʘʤʦʥʘʚʯʘʥʥʷ, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʘʣʛʦʨʠʪʤʘʤ ʧʦʩʪʽʡʥʦ 

ʧʦʢʨʘʱʫʚʘʪʠ ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʽʚ ʥʘ ʦʩʥʦʚʽ ʥʦʚʠʭ ʜʘʥʠʭ. ʊʘʢʽ ʩʠʩʪʝʤʠ ʟʜʘʪʥʽ ʚʠʷʚʣʷʪʠ 

ʪʝʥʜʝʥʮʽʾ, ʧʨʦʛʥʦʟʫʚʘʪʠ ʧʦʪʝʥʮʽʡʥʽ ʧʨʦʙʣʝʤʠ ʪʘ ʘʜʘʧʪʫʚʘʪʠʩʷ ʜʦ ʟʤʽʥ ʫ ʩʝʨʝʜʦʚʠʱʽ ʢʦʥʪʨʦʣʶ. 

ʎʝ ʦʩʦʙʣʠʚʦ ʢʦʨʠʩʥʦ ʫ ʩʢʣʘʜʥʠʭ ʪʘ ʜʠʥʘʤʽʯʥʠʭ ʧʨʦʮʝʩʘʭ, ʜʝ ʧʦʩʪʽʡʥʦ ʟʤʽʥʶʶʪʴʩʷ ʫʤʦʚʠ ʪʘ 

ʧʘʨʘʤʝʪʨʠ ʩʠʩʪʝʤʠ. 

ʆʜʥʽʻʶ ʟ ʢʣʶʯʦʚʠʭ ʟʘʜʘʯ ʻ ʟʘʙʝʟʧʝʯʝʥʥʷ ʽʥʬʦʨʤʘʮʽʡʥʦʾ ʙʝʟʧʝʢʠ. ʉʠʩʪʝʤʠ ʢʦʥʪʨʦʣʶ ʥʘ 

ʙʘʟʽ ʐɯ ʤʦʞʫʪʴ ʚʽʜʩʪʝʞʫʚʘʪʠ ʩʧʨʦʙʠ ʥʝʩʘʥʢʮʽʦʥʦʚʘʥʦʛʦ ʜʦʩʪʫʧʫ, ʚʠʷʚʣʷʪʠ ʧʽʜʦʟʨʽʣʽ ʜʽʾ ʪʘ 

ʘʚʪʦʤʘʪʠʯʥʦ ʧʦʚʽʜʦʤʣʷʪʠ ʦʧʝʨʘʪʦʨʽʚ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʘʣʛʦʨʠʪʤʽʚ ʚʠʷʚʣʝʥʥʷ ʘʥʦʤʘʣʽʡ ʜʦʟʚʦʣʷʻ 

ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʥʝʪʠʧʦʚʫ ʧʦʚʝʜʽʥʢʫ ʚ ʤʝʨʝʞʘʭ, ʢʦʤʧôʶʪʝʨʥʠʭ ʩʠʩʪʝʤʘʭ ʘʙʦ ʧʨʠʩʪʨʦʷʭ, ʱʦ 

ʟʘʙʝʟʧʝʯʫʻ ʩʚʦʻʯʘʩʥʝ ʨʝʘʛʫʚʘʥʥʷ ʥʘ ʟʘʛʨʦʟʠ. 

ʊʘʢʦʞ ʐɯ ʘʢʪʠʚʥʦ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʪʘ ʘʥʘʣʽʟʫ ʜʦʪʨʠʤʘʥʥʷ ʩʪʘʥʜʘʨʪʽʚ ʽ 

ʧʨʘʚʠʣ ʫ ʚʝʣʠʢʠʭ ʦʨʛʘʥʽʟʘʮʽʷʭ. ɸʣʛʦʨʠʪʤʠ ʘʚʪʦʤʘʪʠʯʥʦ ʧʦʨʽʚʥʶʶʪʴ ʧʦʪʦʯʥʽ ʧʘʨʘʤʝʪʨʠ 

ʧʨʦʮʝʩʽʚ ʽʟ ʚʩʪʘʥʦʚʣʝʥʠʤʠ ʥʦʨʤʘʪʠʚʘʤʠ, ʚʠʷʚʣʷʶʯʠ ʚʽʜʭʠʣʝʥʥʷ ʪʘ ʧʦʪʝʥʮʽʡʥʽ ʧʨʦʙʣʝʤʠ. ʎʝ 

ʜʦʟʚʦʣʷʻ ʧʽʜʪʨʠʤʫʚʘʪʠ ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ ʷʢʦʩʪʽ ʪʘ ʪʦʯʥʦʩʪʽ ʚ ʨʦʙʦʪʽ ʩʠʩʪʝʤ ʢʦʥʪʨʦʣʶ. 

ʇʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʦʤ ʻ ʽʥʪʝʛʨʘʮʽʷ ʐɯ ʟ ʪʝʭʥʦʣʦʛʽʷʤʠ ɯʥʪʝʨʥʝʪʫ ʨʝʯʝʡ (IoT). 

ʉʝʥʩʦʨʠ ʪʘ ʜʘʪʯʠʢʠ ʟʙʠʨʘʶʪʴ ʜʘʥʽ ʚ ʨʝʞʠʤʽ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ, ʘʣʛʦʨʠʪʤʠ ʐɯ ʘʥʘʣʽʟʫʶʪʴ ʾʭ ʪʘ 

ʧʨʠʡʤʘʶʪʴ ʨʽʰʝʥʥʷ ʧʨʦ ʥʝʦʙʭʽʜʥʽ ʢʦʨʝʢʪʠʚʠ ʘʙʦ ʧʦʧʝʨʝʜʞʫʚʘʣʴʥʽ ʜʽʾ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʩʪʚʦʨʶʚʘʪʠ ʨʦʟʫʤʥʽ ʩʠʩʪʝʤʠ ʢʦʥʪʨʦʣʶ, ʷʢʽ ʟʜʘʪʥʽ ʘʚʪʦʥʦʤʥʦ ʨʝʘʛʫʚʘʪʠ ʥʘ ʟʤʽʥʠ ʫ ʩʝʨʝʜʦʚʠʱʽ. 

ɺʘʞʣʠʚʦʶ ʩʢʣʘʜʦʚʦʶ ʻ ʧʨʦʟʦʨʽʩʪʴ ʪʘ ʧʦʷʩʥʶʚʘʥʽʩʪʴ ʘʣʛʦʨʠʪʤʽʚ. ʈʦʟʨʦʙʥʠʢʠ ʩʫʯʘʩʥʠʭ 

ʩʠʩʪʝʤ ʢʦʥʪʨʦʣʶ ʧʨʠʜʽʣʷʶʪʴ ʫʚʘʛʫ ʪʦʤʫ, ʱʦʙ ʨʽʰʝʥʥʷ, ʧʨʠʡʥʷʪʽ ʐɯ, ʙʫʣʠ ʟʨʦʟʫʤʽʣʠʤʠ ʜʣʷ 

ʢʦʨʠʩʪʫʚʘʯʽʚ. ʎʝ ʜʦʟʚʦʣʷʻ ʜʦʚʽʨʷʪʠ ʩʠʩʪʝʤʽ, ʢʦʥʪʨʦʣʶʚʘʪʠ ʾʾ ʨʦʙʦʪʫ ʪʘ ʧʨʠ ʥʝʦʙʭʽʜʥʦʩʪʽ 

ʚʥʦʩʠʪʠ ʢʦʨʝʢʪʠʚʠ ʫ ʣʦʛʽʢʫ ʘʣʛʦʨʠʪʤʽʚ. 

ɿʘʚʜʷʢʠ ʐɯ ʧʽʜʚʠʱʫʻʪʴʩʷ ʦʧʝʨʘʪʠʚʥʽʩʪʴ ʪʘ ʪʦʯʥʽʩʪʴ ʢʦʥʪʨʦʣʶ. ʉʠʩʪʝʤʠ ʟʜʘʪʥʽ 

ʦʙʨʦʙʣʷʪʠ ʜʘʥʽ ʰʚʠʜʰʝ ʟʘ ʣʶʜʠʥʫ, ʟʤʝʥʰʫʚʘʪʠ ʡʤʦʚʽʨʥʽʩʪʴ ʧʦʤʠʣʦʢ ʽ ʟʘʙʝʟʧʝʯʫʚʘʪʠ 

ʩʚʦʻʯʘʩʥʝ ʨʝʘʛʫʚʘʥʥʷ ʥʘ ʙʫʜʴ-ʷʢʽ ʚʽʜʭʠʣʝʥʥʷ ʚʽʜ ʥʦʨʤʠ. ʎʝ ʦʩʦʙʣʠʚʦ ʚʘʞʣʠʚʦ ʜʣʷ ʚʝʣʠʢʠʭ 

ʦʨʛʘʥʽʟʘʮʽʡ, ʜʝ ʨʫʯʥʠʡ ʢʦʥʪʨʦʣʴ ʙʫʚ ʙʠ ʥʘʜʟʚʠʯʘʡʥʦ ʚʠʪʨʘʪʥʠʤ ʽ ʧʦʚʽʣʴʥʠʤ. 

ʆʜʥʽʻʶ ʟ ʢʣʶʯʦʚʠʭ ʪʝʥʜʝʥʮʽʡ ʻ ʨʦʟʚʠʪʦʢ ʛʽʙʨʠʜʥʠʭ ʩʠʩʪʝʤ ʢʦʥʪʨʦʣʶ, ʜʝ ʐɯ 

ʧʦʻʜʥʫʻʪʴʩʷ ʟ ʝʢʩʧʝʨʪʥʠʤʠ ʩʠʩʪʝʤʘʤʠ ʪʘ ʢʣʘʩʠʯʥʠʤʠ ʤʝʪʦʜʘʤʠ ʫʧʨʘʚʣʽʥʥʷ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʦʙôʻʜʥʫʚʘʪʠ ʘʥʘʣʽʪʠʯʥʫ ʧʦʪʫʞʥʽʩʪʴ ʘʣʛʦʨʠʪʤʽʚ ʽʟ ʟʥʘʥʥʷʤ ʪʘ ʜʦʩʚʽʜʦʤ ʬʘʭʽʚʮʽʚ, ʧʽʜʚʠʱʫʶʯʠ 

ʟʘʛʘʣʴʥʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʩʠʩʪʝʤʠ. 

ʅʘʨʝʰʪʽ, ʚʘʨʪʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʐɯ ʫ ʩʠʩʪʝʤʘʭ ʢʦʥʪʨʦʣʶ ʩʪʚʦʨʶʻ ʥʦʚʽ 

ʧʝʨʩʧʝʢʪʠʚʠ ʜʣʷ ʥʘʫʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ ʽ ʨʦʟʨʦʙʦʢ. ʇʦʩʪʽʡʥʝ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʘʣʛʦʨʠʪʤʽʚ, 

ʧʽʜʚʠʱʝʥʥʷ ʾʭʥʴʦʾ ʘʜʘʧʪʠʚʥʦʩʪʽ ʪʘ ʽʥʪʝʛʨʘʮʽʷ ʟ ʨʽʟʥʠʤʠ ʪʝʭʥʦʣʦʛʽʯʥʠʤʠ ʧʣʘʪʬʦʨʤʘʤʠ 

ʚʽʜʢʨʠʚʘʻ ʰʠʨʦʢʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʨʦʟʚʠʪʢʫ ʩʫʯʘʩʥʠʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʽʥʥʷ ʪʘ ʢʦʥʪʨʦʣʶ ʚ 

ʤʘʡʙʫʪʥʴʦʤʫ. 
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ʂʫʣʘʢʽʚʩʴʢʠʡ ɺ.ʄ., ʊʽʱʝʥʢʦ ʅ.ɭ. (ɯʥʩʪʠʪʫʪ ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ ʽʤ. ɺ.ʄ. ɹʘʢʫʣʷ ʅɸʅ 

ʋʢʨʘʾʥʠ, ʂʠʾʚ, ʋʢʨʘʾʥʘ).  

 

ʈʆɿʈʆɹʂɸ ʄɽʊʆɼʀʂʀ ʇʆɹʋɼʆɺʀ ʐʅʄ ɼʃʗ ʇʆɼɸʃʔʐʆɻʆ 

ʇʈʆɻʅʆɿʋɺɸʅʅʗ ʌɯɿʀʂʆ-ʄɽʍɸʅɯʏʅʀʍ ɺʃɸʉʊʀɺʆʉʊɽʁ ʅɸɼʊɺɽʈɼʀʍ 

ʄɸʊɽʈɯɸʃɯɺ. 

 
ɸʥʦʪʘʮʽʷ. ʋ ʨʦʙʦʪʽ ʧʨʝʜʩʪʘʚʣʝʥʦ ʢʦʤʧʣʝʢʩʥʫ ʤʝʪʦʜʠʢʫ ʧʦʙʫʜʦʚʠ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

(ʐʅʄ), ʩʧʨʷʤʦʚʘʥʫ ʥʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʬʽʟʠʢʦ-ʤʝʭʘʥʽʯʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ ʥʘ 

ʦʩʥʦʚʽ ʽʥʬʦʨʤʘʮʽʡʥʦʾ ʙʘʟʠ AFLOW. ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʩʪʨʫʢʪʫʨʫ ʜʘʥʠʭ, ʚʠʢʦʥʘʥʦ ʾʭ ʦʯʠʱʝʥʥʷ, ʚʠʜʘʣʝʥʥʷ 

ʢʦʨʝʣʴʦʚʘʥʠʭ ʦʟʥʘʢ, ʧʝʨʝʪʚʦʨʝʥʥʷ ʩʪʨʫʢʪʫʨʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʶ. ʆʩʦʙʣʠʚʘ ʫʚʘʛʘ 

ʧʨʠʜʽʣʝʥʘ ʫʩʫʥʝʥʥʶ ʜʫʙʣʴʦʚʘʥʠʭ ʪʘ ʧʦʭʽʜʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ, ʱʦ ʤʦʞʫʪʴ ʩʧʨʠʯʠʥʠʪʠ ʚʠʪʽʢ 

ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʩʫʪʪʻʚʦ ʟʥʠʟʠʪʠ ʷʢʽʩʪʴ ʤʦʜʝʣʶʚʘʥʥʷ. ʇʦʙʫʜʦʚʘʥʦ ʦʢʨʝʤʽ ʤʦʜʝʣʽ ʜʣʷ ʧʝʨʝʜʙʘʯʝʥʥʷ 

ʤʦʜʫʣʷ ʦʙôʻʤʥʦʛʦ ʩʪʠʩʢʫ, ʤʦʜʫʣʷ ʟʩʫʚʫ, ʤʦʜʫʣʷ ʖʥʛʘ ʪʘ ʢʦʝʬʽʮʽʻʥʪʘ ʇʫʘʩʩʦʥʘ. ʅʘʚʯʘʥʥʷ ʚʠʢʦʥʘʥʦ ʽʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʦʧʪʠʤʽʟʘʪʦʨʘ Adam, ʬʫʥʢʮʽʾ ʚʪʨʘʪ MSE ʪʘ ʘʨʭʽʪʝʢʪʫʨʠ ʟ ʧôʷʪʴʤʘ ʧʨʠʭʦʚʘʥʠʤʠ 

ʰʘʨʘʤʠ. ʆʮʽʥʶʚʘʥʥʷ ʪʦʯʥʦʩʪʽ ʟʜʽʡʩʥʶʚʘʣʦʩʷ ʥʘ ʦʩʥʦʚʽ ʤʝʪʨʠʢ MAE, RMSE ʪʘ RĮ. ʇʦʢʘʟʘʥʦ, ʱʦ ʫ 

ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ ʧʨʷʤʝ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʐʅʄ ʤʘʻ ʚʠʱʫ ʪʦʯʥʽʩʪʴ, ʥʽʞ ʨʦʟʨʘʭʫʥʦʢ 

ʚʣʘʩʪʠʚʦʩʪʝʡ ʯʝʨʝʟ ʘʥʘʣʽʪʠʯʥʽ ʬʦʨʤʫʣʠ. ʇʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʟ ʽʩʥʫʶʯʠʤʠ ʧʫʙʣʽʢʘʮʽʷʤʠ ʪʘ 

ʚʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʝʪʦʜʠʢʘ ʟʘʙʝʟʧʝʯʫʻ ʟʥʘʯʥʦ ʢʨʘʱʫ ʪʦʯʥʽʩʪʴ ʱʦʜʦ ʦʢʨʝʤʠʭ 

ʤʝʭʘʥʽʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ʈʝʟʫʣʴʪʘʪʠ ʪʝʩʪʦʚʦʾ ʚʠʙʽʨʢʠ ʧʽʜʪʚʝʨʜʠʣʠ ʩʪʘʙʽʣʴʥʽʩʪʴ ʤʦʜʝʣʝʡ ʪʘ 

ʚʽʜʩʫʪʥʽʩʪʴ ʧʝʨʝʥʘʚʯʘʥʥʷ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʤʦʞʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ 

ʧʦʰʫʢʫ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ ʫ ʚʝʣʠʢʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʙʘʟʘʭ. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʣʘʩʪʠʚʦʩʪʝʡ, AFLOW, ʥʘʜʪʚʝʨʜʽ 

ʤʘʪʝʨʽʘʣʠ, ʤʦʜʫʣʴ ʖʥʛʘ, ʤʦʜʫʣʴ ʟʩʫʚʫ, ʢʦʝʬʽʮʽʻʥʪ ʇʫʘʩʩʦʥʘ. 

Abstract. This paper presents a comprehensive methodology for constructing artificial neural 

networks (ANNs) aimed at predicting the physicomechanical properties of superhard materials using the 

AFLOW materials database. The dataset was systematically preprocessed, including cleaning, removal of 

correlated and derivative features, structural parameter transformation, and normalization. Particular 

attention was given to eliminating redundant attributes that could lead to information leakage and reduce 

model accuracy. Four independent ANN models were developed to predict bulk modulus, shear modulus, 

Youngôs modulus, and Poissonôs ratio. The networks were trained using the Adam optimizer, mean squared 

error (MSE) loss function, and a five-layer architecture. Model performance was evaluated using MAE, RMSE, 

and RĮ metrics. It was demonstrated that direct ANN prediction significantly outperforms analytical 

relationships between mechanical parameters in most cases. Comparison with existing research shows that 
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the proposed approach achieves notably improved accuracy for several mechanical properties. The test 

dataset confirmed the stability of the models and the absence of overfitting. The methodology developed herein 

can be applied to accelerate the discovery and assessment of prospective superhard materials within large 

computational databases.  

Keywords: artificial neural networks, property prediction, AFLOW, superhard materials, mechanical 

properties, Poissonôs ratio. 

 

1. ɺʩʪʫʧ. 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʚʣʘʩʪʠʚʦʩʪʝʡ ʤʘʪʝʨʽʘʣʽʚ ʻ ʦʜʥʠʤ ʽʟ ʢʣʶʯʦʚʠʭ ʚʠʢʣʠʢʽʚ ʩʫʯʘʩʥʦʾ 

ʤʘʪʝʨʽʘʣʦʟʥʘʚʯʦʾ ʽʥʬʦʨʤʘʪʠʢʠ. ʋ ʨʘʤʢʘʭ ʨʦʟʚʠʪʢʫ ʮʠʬʨʦʚʠʭ ʤʘʪʝʨʽʘʣʽʚ ʽ ʢʦʥʮʝʧʮʽʾ Materials 

Genome Initiative ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʟʘʙʝʟʧʝʯʫʻ ʪʦʯʥʝ ʤʦʜʝʣʶʚʘʥʥʷ 

ʥʝʣʽʥʽʡʥʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʤʽʞ ʩʪʨʫʢʪʫʨʥʠʤʠ, ʘʪʦʤʥʠʤʠ ʪʘ ʝʥʝʨʛʝʪʠʯʥʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ 

ʤʘʪʝʨʽʘʣʽʚ. 

ɹʘʟʘ AFLOW ʤʽʩʪʠʪʴ ʚʝʣʠʢʠʡ ʦʙʩʷʛ ʜʘʥʠʭ, ʦʪʨʠʤʘʥʠʭ ʽʟ ʧʝʨʰʠʭ ʧʨʠʥʮʠʧʽʚ (DFT), ʱʦ 

ʨʦʙʠʪʴ ʾʾ ʮʽʥʥʠʤ ʜʞʝʨʝʣʦʤ ʜʣʷ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʄʝʪʘ ʮʽʻʾ ʨʦʙʦʪʠ: 

ʨʦʟʨʦʙʠʪʠ ʤʝʪʦʜʠʢʫ ʧʦʙʫʜʦʚʠ ʐʅʄ, ʟʜʘʪʥʠʭ ʧʨʦʛʥʦʟʫʚʘʪʠ ʬʽʟʠʢʦ-ʤʝʭʘʥʽʯʥʽ ʧʘʨʘʤʝʪʨʠ 

ʥʘʜʪʚʝʨʜʠʭ ʤʘʪʝʨʽʘʣʽʚ ʟ ʚʠʩʦʢʦʶ ʪʦʯʥʽʩʪʶ. 

 

ʈʠʩʫʥʦʢ 1 ʉʭʝʤʘ ʚʠʢʦʥʘʥʥʷ ʜʘʥʦʾ ʨʦʙʦʪʠ. 

 

2. ʇʽʜʛʦʪʦʚʢʘ ʜʘʥʠʭ. 
ɿʘʚʘʥʪʘʞʝʥʦ 5639 ʤʘʪʝʨʽʘʣʽʚ ʽʟ ʙʘʟʠ AFLOW. ʆʩʥʦʚʥʽ ʮʽʣʴʦʚʽ ʧʘʨʘʤʝʪʨʠ: 

¶ ʤʦʜʫʣʴ ʦʙôʻʤʥʦʛʦ ʩʪʠʩʢʫ ael_bulk_modulus_vrh 

¶ ʤʦʜʫʣʴ ʟʩʫʚʫ ael_shear_modulus_vrh 

¶ ʤʦʜʫʣʴ ʖʥʛʘ ael_youngs_modulus_vrh 

¶ ʢʦʝʬʽʮʽʻʥʪ ʇʫʘʩʩʦʥʘ ael_poisson_ratio 
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2.1. ɺʠʜʘʣʝʥʥʷ ʢʦʨʝʣʴʦʚʘʥʠʭ ʦʟʥʘʢ 

ɼʣʷ ʫʥʠʢʥʝʥʥʷ ʚʠʪʦʢʫ ʽʥʬʦʨʤʘʮʽʾ ʙʫʣʦ ʚʠʢʣʶʯʝʥʦ ʧʘʨʘʤʝʪʨʠ, ʷʢʽ ʻ ʧʦʭʽʜʥʠʤʠ ʚʽʜ 

ʮʽʣʴʦʚʠʭ ʟʥʘʯʝʥʴ ʘʙʦ ʩʠʣʴʥʦ ʟ ʥʠʤʠ ʢʦʨʝʣʶʶʪʴ. ɸʥʘʣʽʟ ʧʨʦʚʝʜʝʥʦ ʤʝʪʦʜʦʤ SHAP. ʉʝʨʝʜ 

ʚʠʜʘʣʝʥʠʭ: 

¶ ael_bulk_modulus_reuss, ael_bulk_modulus_voigt 

¶ ael_shear_modulus_voigt, ael_shear_modulus_reuss 

¶ ael_pughs_modulus_ratio 

¶ ʽʥʰʽ ʧʘʨʘʤʝʪʨʠ, ʱʦ ʜʫʙʣʶʶʪʴ ʘʙʦ ʤʘʡʞʝ ʧʦʚʥʽʩʪʶ ʚʽʜʪʚʦʨʶʶʪʴ ʮʽʣʴʦʚʽ. 

2.2. ʆʙʨʦʙʢʘ ʩʪʨʫʢʪʫʨʥʠʭ ʜʘʥʠʭ 

ʆʟʥʘʢʠ ʥʘ ʢʰʪʘʣʪ: 

¶ ʢʦʤʧʦʥʝʥʪʠ ʪʝʥʟʦʨʘ ʥʘʧʨʫʞʝʥʴ (9 ʟʥʘʯʝʥʴ) 

¶ ʛʝʦʤʝʪʨʽʷ ʩʪʨʫʢʪʫʨʠ ʜʦ ʡ ʧʽʩʣʷ ʨʝʣʘʢʩʘʮʽʾ (6+6 ʟʥʘʯʝʥʴ) 

ʙʫʣʦ ʧʝʨʝʪʚʦʨʝʥʦ ʥʘ ʯʠʩʣʦʚʽ ʤʘʩʠʚʠ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʤʘʶʪʴ ʬʽʢʩʦʚʘʥʠʡ ʨʦʟʤʽʨ. 

ʇʨʦʧʫʩʢʠ ʟʘʧʦʚʥʝʥʦ ʥʫʣʷʤʠ. 

2.3 ɺʠʜʘʣʝʥʥʷ ʟʘʡʚʠʭ ʦʟʥʘʢ 

ʊʘʢʦʞ ʙʫʣʠ ʚʠʜʘʣʝʥʽ ʜʘʥʽ ʷʢʽ ʚʟʘʛʘʣʽ ʥʝ ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʝʟʫʣʴʪʘʪʠ ʐʅʄ, 

ʪʘ ʜʘʥʽ ʷʢʽ ʜʫʞʝ ʩʣʘʙʦ ʚʧʣʠʚʘʶʪʴ ʥʘ ʥʝʾ, ʚʠʜʘʣʝʥʥʷ ʦʟʥʘʢ ʧʨʦʚʦʜʠʣʦʩʴ ʥʘ ʦʩʥʦʚʽ 

SHAP (Integrated Gradients ʷʢ ʤʝʪʦʜ ʧʦʷʩʥʝʥʥʷ ʤʦʜʝʣʽ) ʨʠʩ. 2. 

 

 

ʈʠʩʫʥʦʢ  2 ɿʦʙʨʘʞʝʥʥʷ ʦʟʥʘʢ ʷʢʽ ʙʫʣʦ ʚʠʜʘʣʝʥʦ ʪʘ ʷʢʽ ʜʫʞʝ ʨʽʜʢʦ ʚʧʣʠʚʘʶʪʴ ʥʘ 

ʨʝʟʫʣʴʪʘʪʠ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

 

ɺʩʽ ʽʥʰʽ ʜʘʥʽ, ʷʢʽ ʥʝ ʙʫʣʠ ʧʝʨʝʪʚʦʨʝʥʽ ʥʘ ʯʠʩʣʦʚʠʡ ʬʦʨʤʘʪ, ʚʠʜʘʣʝʥʦ. 

2.4 ʉʪʚʦʨʝʥʥʽ ʚʠʙʽʨʦʢ 

ɼʘʥʽ ʧʦʜʽʣʝʥʽ ʥʘ ʪʨʠ ʚʠʙʽʨʢʠ ð ʥʘʚʯʘʣʴʥʫ, ʚʘʣʽʜʘʮʽʡʥʫ, ʪʝʩʪʦʚʫ. 

ɼʝ ʥʘʚʯʘʣʴʥʘ ʚʠʙʽʨʢʘ ʮʝ 70% ʜʘʥʠʭ, ʘ ʚʘʣʽʜʘʮʽʡʥʘ ʪʘ ʪʝʩʪʦʚʘ ʮʝ ʧʦ 15% 
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3. ɸʨʭʽʪʝʢʪʫʨʘ ʪʘ ʥʘʚʯʘʥʥʷ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 
ɼʣʷ ʢʦʞʥʦʛʦ ʧʘʨʘʤʝʪʨʘ ʥʘʚʯʝʥʦ ʦʢʨʝʤʫ ʤʦʜʝʣʴ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʦʜʥʘʢʦʚʘ: 

¶ 5 ʧʨʠʭʦʚʘʥʠʭ ʰʘʨʽʚ, 

¶ 256 ʥʝʡʨʦʥʽʚ ʫ ʢʦʞʥʦʤʫ ʰʘʨʽ, 

¶ ʘʢʪʠʚʘʮʽʷ ReLU, 

¶ ʨʦʟʤʽʨ ʙʘʪʯʫ = 64, 

¶ ʬʫʥʢʮʽʷ ʚʪʨʘʪ MSE, 

¶ ʦʧʪʠʤʽʟʘʪʦʨ Adam, 

¶ ʰʚʠʜʢʽʩʪʴ ʥʘʚʯʘʥʥʷ = 0.00004. 

 

4. ʈʝʟʫʣʴʪʘʪʠ ʤʦʜʝʣʶʚʘʥʥʷ. 

 

ʋ ʪʘʙʣʠʮʽ ʧʦʢʘʟʘʥʽ ʨʝʟʫʣʴʪʘʪʠ RMSE (ʢʦʨʽʥʴ ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʦʾ ʧʦʤʠʣʢʠ), MAE 

(ʩʝʨʝʜʥʷ ʘʙʩʦʣʶʪʥʘ ʧʦʤʠʣʢʘ) ʪʘ RĮ (ʢʦʝʬʽʮʽʻʥʪ ʜʝʪʝʨʤʽʥʘʮʽʾ), ʷʢʠʡ ʧʦʢʘʟʫʻ, ʥʘʩʢʽʣʴʢʠ ʜʦʙʨʝ 

ʤʦʜʝʣʴ ʧʦʷʩʥʶʻ ʟʤʽʥʥʽʩʪʴ ʜʘʥʠʭ). 

4.1) ʈʝʟʫʣʴʪʘʪʠ ʐʅʄ ʜʣʷ ʤʦʜʫʣʷ ʦʙ'ʻʤʥʦʛʦ ʩʪʠʩʢʫ (ael_bulk_modulus_vrh) 

 

ʊʘʙʣʠʮʷ 1 ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʯʝʥʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ: ʄʦʜʫʣʷ 

ʦʙôʻʤʥʦʛʦ ʩʪʠʩʢʫ 

 

 

ʈʠʩʫʥʦʢ  3 ɼʠʥʘʤʽʢʘ ʧʦʤʠʣʦʢ MAE, RMSE ʪʘ RĮ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ ʜʣʷ: ʄʦʜʫʣʷ 

ʦʙôʻʤʥʦʛʦ ʩʪʠʩʢʫ 
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ʈʠʩʫʥʦʢ 4 ɼʠʥʘʤʽʢʘ ʧʦʭʠʙʦʢ MAE, RMSE ʪʘ RĮ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ (ʟ ʚʽʜʩʽʢʘʥʥʷ 

ʧʝʨhʠʭ 10% ʝʧʦʭ) ʜʣʷ: ʄʦʜʫʣʷ ʦʙôʻʤʥʦʛʦ ʩʪʠʩʢʫ 

 

4.2) ʈʝʟʫʣʴʪʘʪʠ ʐʅʄ ʜʣʷ ʤʦʜʫʣʷ ʟʩʫʚʫ (ael_shear_modulus_vrh) 

 

 

ʊʘʙʣʠʮʷ 2 ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʯʝʥʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ: ʄʦʜʫʣʷ ʟʩʫʚʫ 

 
ʈʠʩʫʥʦʢ  5 ɼʠʥʘʤʽʢʘ ʧʦʭʠʙʦʢ MAE, RMSE ʪʘ RĮ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ (ʟ ʚʽʜʩʽʢʘʥʥʷʤ 

ʧʝʨʰʠʭ 10% ʝʧʦʭ) ʜʣʷ: ʄʦʜʫʣʷ ʟʩʫʚʫ 

 

4.3) ʈʝʟʫʣʴʪʘʪʠ ʐʅʄ ʜʣʷ ʤʦʜʫʣʷ ʖʥʛʘ (ael_youngs_modulus_vrh) 


