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ʅʆʈʄɸʊʀɺʅʓɽ ʉʉʓʃʂʀ 
 

ɺ ʜʘʥʥʦʡ ʜʠʩʩʝʨʪʘʮʠʠ ʠʩʧʦʣʴʟʦʚʘʥʳ ʩʩʳʣʢʠ ʥʘ ʩʣʝʜʫʶʱʠʝ ʩʪʘʥʜʘʨʪʳ: 

ʀʥʩʪʨʫʢʮʠʷ ʧʦ ʧʦʜʛʦʪʦʚʢʝ ʜʠʩʩʝʨʪʘʮʠʠ ʠ ʨʝʬʝʨʘʪʘ, ɺʳʩʰʘʷ ʘʪʪʝʩʪʘʮʠʦʥʥʘʷ 

ʢʦʤʠʩʩʠʷ  

ʄʠʥʠʩʪʝʨʩʪʚʘ ʦʙʨʘʟʦʚʘʥʠʷ ʠ ʥʘʫʢʠ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʦʪ 28 ʩʝʥʪʷʙʨʷ 2004 

ʛ. ˉ 377-3 

ɻʆʉʊ 7.32-2001. ʆʪʯʝʪ ʦ ʥʘʫʯʥʦ-ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʨʘʙʦʪʝ. ʉʪʨʫʢʪʫʨʘ ʠ 

ʧʨʘʚʠʣʘ ʦʬʦʨʤʣʝʥʠʷ. 

ɻʆʉʊ 7.1-2003. ɹʠʙʣʠʦʛʨʘʬʠʯʝʩʢʘʷ ʟʘʧʠʩʴ. ɹʠʙʣʠʦʛʨʘʬʠʯʝʩʢʦʝ ʦʧʠʩʘʥʠʝ. 

ʆʙʱʠʝ ʪʨʝʙʦʚʘʥʠʷ ʠ ʧʨʘʚʠʣʘ ʩʦʩʪʘʚʣʝʥʠʷ. 

ʉʊ ʈʂ 34.005-2002. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ. ʆʩʥʦʚʥʳʝ ʪʝʨʤʠʥʳ ʠ 

ʦʧʨʝʜʝʣʝʥʠʷ (ʧʝʨʚʦʝ ʠʟʜʘʥʠʝ). 

ʉʊ ʈʂ. 34.015-2002. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ. ʅʘʙʦʨ ʩʪʘʥʜʘʨʪʦʚ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤ. ʊʝʭʥʠʯʝʩʢʦʝ ʟʘʜʘʥʠʝ ʥʘ ʩʦʟʜʘʥʠʝ ʀʉ (ʧʝʨʚʦʝ 

ʠʟʜʘʥʠʝ). 

ʉʊ ʈʂ 34.027-2006. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ. ʂʣʘʩʩʠʬʠʢʘʮʠʷ 

ʧʨʦʛʨʘʤʤʥʳʭ ʩʨʝʜʩʪʚ (ʧʝʨʚʦʝ ʠʟʜʘʥʠʝ). 

ʉʊ ʈʂ 34.014-2002. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ. ʅʘʙʦʨ ʩʪʘʥʜʘʨʪʦʚ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤ. ɸʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʝ ʩʠʩʪʝʤʳ. ʊʝʨʤʠʥʳ ʠ 

ʦʧʨʝʜʝʣʝʥʠʷ. 
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ʆɹʆɿʅɸʏɽʅʀʗ ʀ ʉʆʂʈɸʑɽʅʀʗ 

 

ʀʀ ʀʩʢʫʩʩʪʚʝʥʥʳʡ ʀʥʪʝʣʣʝʢʪ 

ʄʆ ʄʘʰʠʥʥʦʝ ʆʙʫʯʝʥʠʝ 

ʌʆ ʌʝʜʝʨʘʪʠʚʥʦʝ ʆʙʫʯʝʥʠʝ 

ɻɺʆ ɻʦʨʠʟʦʥʪʘʣʴʥʦʝ ʌʝʜʝʨʘʪʠʚʥʦʝ ʆʙʫʯʝʥʠʝ 

ɺʌʆ ɺʝʨʪʠʢʘʣʴʥʦʝ ʌʝʜʝʨʘʪʠʚʥʦʝ ʆʙʫʯʝʥʠʝ 

Non-IID ʥʝ ʥʝʟʘʚʠʩʠʤʦ ʠ ʥʝ ʠʜʝʥʪʠʯʥʦ ʨʘʩʧʨʝʜʝʣʝʥʥʳʝ ʜʘʥʥʳʝ 

GDPR General Data Protection Regulation (ʆʙʱʠʡ ʨʝʛʣʘʤʝʥʪ 

ʟʘʱʠʪʳ ʜʘʥʥʳʭ) 

RF Random Forest 

SMPC Secure Multi-Party Computation 

HIPAA Health Insurance Portability and Accountability Act 

IoT Internet of Things 

FedAvg Federated Averaging 

FedSGD Federated Stochastic Gradient Descent 

FedProx Federated Proximal 

LSTM  Long Short-Term Memory 

Lasso-ʨʝʛʨʝʩʩʠʷ Least Absolute Shrinkage and Selection Operator 

MSE Mean Squared Error 

RĮ ʢʦʵʬʬʠʮʠʝʥʪ ʜʝʪʝʨʤʠʥʘʮʠʠ 
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ʆʇʈɽɼɽʃɽʅʀʗ 

 
ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ï ɻ ʪʦ ʧʦʜʭʦʜ ʚ ʤʘʰʠʥʥʦʤ ʦʙʫʯʝʥʠʠ, ʛʜʝ 

ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʠ ʚʳʧʦʣʥʷʝʪʩʷ ʥʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʥʝ ʧʝʨʝʜʘʚʘʷ 

ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ, ʛʜʝ ʧʨʦʠʩʭʦʜʠʪ ʘʛʨʝʛʘʮʠʷ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ. 

ɻʦʨʠʟʦʥʪʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ï ɻ ʪʦ ʚʠʜ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʚ ʢʦʪʦʨʦʤ ʫ ʢʣʠʝʥʪʦʚ ʦʜʠʥʘʢʦʚʦʝ ʧʨʦʩʪʨʘʥʩʪʚʦ ʧʨʠʟʥʘʢʦʚ, ʧʨʠ ʵʪʦʤ 

ʨʘʟʥʳʝ ʥʘʙʦʨʳ ʦʙʴʝʢʪʦʚ ʜʘʥʥʳʭ. 

ɺʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ï ɻ ʪʦ ʚʠʜ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʚ ʢʦʪʦʨʦʤ ʫ ʢʣʠʝʥʪʦʚ ʨʘʟʥʦʝ ʧʨʦʩʪʨʘʥʩʪʚʦ ʧʨʠʟʥʘʢʦʚ, ʧʨʠ ʵʪʦʤ 

ʧʝʨʝʩʝʢʘʶʱʠʝ ʠʣʠ ʦʜʠʥʘʢʦʚʳʝ ʦʙʴʝʢʪʦʚ ʥʘʙʣʶʜʝʥʠʡ. 

Cross-Silo ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ - ʜʘʥʥʳʡ ʪʠʧ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʘʷ ʧʨʠʤʝʥʷʝʪʩʷ ʤʝʞʜʫ ʦʨʛʘʥʠʟʘʮʠʷʤʠ (ʫʥʠʚʝʨʩʠʪʝʪʘʤʠ, 

ʙʦʣʴʥʠʮʘʤʠ) ʧʨʠ ʢʦʪʦʨʦʤ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʠʤʝʝʪ ʟʥʘʯʠʪʝʣʴʥʳʡ ʦʙʴʝʤ ʜʘʥʥʳʭ 

ʠ ʩʪʘʙʠʣʴʥʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʨʝʩʫʨʩʘʤʠ. 

Non-IID ʜʘʥʥʳʝ ï ɻ ʪʦ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʦʝ ʚʣʠʷʝʪ ʥʘ ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʠ ʠ ʩʥʠʞʘʝʪ 

ʢʘʯʝʩʪʚʦ ʦʙʦʙʱʝʥʠʷ. 

Random Forest (ʉʣʫʯʘʡʥʳʡ ʣʝʩ) ï ɻ ʪʦ ʘʥʩʘʤʙʣʝʚʳʡ ʘʣʛʦʨʠʪʤ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʳʡ ʩʪʨʦʠʪ ʤʥʦʞʝʩʪʚʦ ʨʝʰʘʶʱʠʭ ʜʝʨʝʚʴʝʚ ʠ 

ʘʛʨʝʛʠʨʫʝʪ ʠʭ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʯʪʦʙʳ ʧʦʚʳʩʠʪʴ ʪʦʯʥʦʩʪʴ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʤʦʜʝʣʠ. 

ɸʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ ï ɻʪʦ ʢʣʘʩʩ ʤʝʪʦʜʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʛʜʝ ʜʣʷ 

ʧʦʣʫʯʝʥʠʷ ʙʦʣʝʝ ʪʦʯʥʳʭ ʠ ʫʩʪʦʡʯʠʚʳʭ ʧʨʝʜʩʢʘʟʘʥʠʡ ʧʨʠʤʝʥʷʶʪ ʢʦʤʙʠʥʘʮʠʶ 

ʥʝʩʢʦʣʴʢʠʭ ʙʘʟʦʚʳʭ ʤʦʜʝʣʝʡ. 

ʇʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʚʳʛʦʨʘʥʠʝ ï ɻ ʪʦ ʩʦʩʪʦʷʥʠʝ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ, 

ʬʠʟʠʯʝʩʢʦʛʦ ʠ ʢʦʛʥʠʪʠʚʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʚʦʟʥʠʢʘʶʱʝʝ ʚ ʨʝʟʫʣʴʪʘʪʝ 

ʜʣʠʪʝʣʴʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ ʩʪʨʝʩʩʦʚʳʭ ʬʘʢʪʦʨʦʚ, ʭʘʨʘʢʪʝʨʠʟʫʶʱʝʝʩʷ 

ʩʥʠʞʝʥʠʝʤ ʤʦʪʠʚʘʮʠʠ, ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʠ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʙʣʘʛʦʧʦʣʫʯʠʷ. 

ʆʧʨʦʩʥʠʢ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ï ɻ ʪʦ ʘʜʘʧʪʠʨʦʚʘʥʥʳʡ 

ʠʥʩʪʨʫʤʝʥʪ ʜʣʷ ʩʙʦʨʘ ʜʘʥʥʳʭ, ʦʧʨʝʜʝʣʷʶʱʠʡ ʢʦʣʠʯʝʩʪʚʝʥʥʫʶ ʦʮʝʥʢʫ ʫʨʦʚʥʷ 

ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʠ ʠ ʩʥʠʞʝʥʠʷ ʣʠʯʥʳʭ 

ʜʦʩʪʠʞʝʥʠʡ. 

One-Hot Encoding ï ɻ ʪʦ ʤʝʪʦʜ ʢʦʜʠʨʦʚʘʥʠʷ ʢʘʪʝʛʦʨʠʘʣʴʥʳʭ ʧʨʠʟʥʘʢʦʚ, 

ʧʨʠ ʢʦʪʦʨʦʤ ʢʘʞʜʦʤʫ ʫʥʠʢʘʣʴʥʦʤʫ ʟʥʘʯʝʥʠʶ ʩʦʧʦʩʪʘʚʣʷʝʪʩʷ ʙʠʥʘʨʥʳʡ 

ʚʝʢʪʦʨ. 

 ʉʨʝʜʥʝʢʚʘʜʨʘʪʠʯʥʘʷ ʦʰʠʙʢʘ (MSE) ï ɻ ʪʦ ʤʝʪʨʠʢʘ ʦʮʝʥʢʠ ʢʘʯʝʩʪʚʘ 

ʨʝʛʨʝʩʩʠʦʥʥʦʡ ʤʦʜʝʣʠ, ʚʳʯʠʩʣʷʝʤʘʷ ʢʘʢ ʩʨʝʜʥʝʝ ʟʥʘʯʝʥʠʝ ʢʚʘʜʨʘʪʦʚ 

ʨʘʟʥʦʩʪʝʡ ʤʝʞʜʫ ʬʘʢʪʠʯʝʩʢʠʤʠ ʠ ʧʨʝʜʩʢʘʟʘʥʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. 

ʂʦʵʬʬʠʮʠʝʥʪ ʜʝʪʝʨʤʠʥʘʮʠʠ (R2) - ɻ ʪʦ ʤʝʪʨʠʢʘ, ʢʦʪʦʨʘʷ ʧʦʢʘʟʳʚʘʝʪ 

ʜʦʣʶ ʜʠʩʧʝʨʩʠʠ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ, ʦʙʲʷʩʥʷʝʤʫʶ ʤʦʜʝʣʴʶ. 

ɸʛʨʝʛʘʮʠʷ ʤʦʜʝʣʝʡ ï ɻ ʪʦ ʧʨʦʮʝʩʩ ʦʙʴʝʜʠʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ 

ʤʦʜʝʣʝʡ ʢʣʠʝʥʪʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ ʮʝʣʴʶ ʬʦʨʤʠʨʦʚʘʥʠʷ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ. 
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FedAvg (Federated Averaging) ï ɻ ʪʦ ʙʘʟʦʚʳʡ ʘʣʛʦʨʠʪʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʳʡ ʦʩʥʦʚʘʥ ʥʘ ʫʩʨʝʜʥʝʥʠʠ ʧʘʨʘʤʝʪʨʦʚ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

ʢʣʠʝʥʪʦʚ ʩ ʫʯʝʪʦʤ ʦʙʴʝʤʘ ʠʭ ʜʘʥʥʳʭ. 

FedSGD ïɻ ʪʦ ʘʣʛʦʨʠʪʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʛʜʝ ʢʣʠʝʥʪʳ ʧʝʨʝʜʘʶʪ 

ʛʨʘʜʠʝʥʪʳ ʧʦʩʣʝ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

FedProx ï ɻ ʪʦ ʤʦʜʠʬʠʢʘʮʠʷ ʘʣʛʦʨʠʪʤʘ FedAvg, ʢʦʪʦʨʳʡ ʚʚʦʜʠʪ 

ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʚ ʬʫʥʢʮʠʶ ʧʦʪʝʨʴ, ʧʦʚʳʰʘʶʱʘʷ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ 

ʧon-IID ʜʘʥʥʳʭ. 

FedOpt ï ʵʪʦ ʢʣʘʩʩ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʛʜʝ 

ʠʩʧʦʣʴʟʫʶʪʩʷ ʘʜʘʧʪʠʚʥʳʝ ʦʧʪʠʤʠʟʘʪʦʨʳ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ ʜʣʷ ʫʣʫʯʰʝʥʠʷ 

ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 
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ɺɺɽɼɽʅʀɽ 

 

ɸʢʪʫʘʣʴʥʦʩʪʴ ʪʝʤʳ ʠʩʩʣʝʜʦʚʘʥʠʷ. ʆʙʨʘʟʦʚʘʪʝʣʴʥʘʷ ʩʨʝʜʘ ʧʝʨʝʭʦʜʠʪ ʚ 

ʵʧʦʭʫ ʛʣʦʙʘʣʴʥʦʡ ʮʠʬʨʦʚʠʟʘʮʠʠ, ʧʦʵʪʦʤʫ ʚ ʵʪʦʡ ʦʙʣʘʩʪʠ ʠʜʝʪ ʫʩʪʦʡʯʠʚʦʝ 

ʨʘʟʚʠʪʠʝ ʠʥʩʪʨʫʤʝʥʪʦʚ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ 

ʜʘʥʥʳʭ, ʚ ʩʚʷʟʠ ʩ ʵʪʠʤ ʠʜʝʪ ʘʢʪʠʚʥʳʡ ʨʦʩʪ ʥʘʫʯʥʦʛʦ ʠ ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʠʥʪʝʨʝʩʘ 

ʢ ʤʝʪʦʜʘʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʋʞʝʩʪʦʯʝʥʠʝ ʪʨʝʙʦʚʘʥʠʡ ʢ 

ʟʘʱʠʪʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʧʨʠ ʩʙʦʨʝ ʙʦʣʴʰʠʭ ʦʙʴʝʤʦʚ ʠʥʬʦʨʤʘʮʠʠ 

ʦʛʨʘʥʠʯʠʚʘʝʪ ʚʦʟʤʦʞʥʦʩʪʠ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʡ ʦʙʨʘʙʦʪʢʠ. ʉʦʭʨʘʥʝʥʠʝ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ, ʦʪʨʘʞʘʶʱʠʝ ʫʯʝʙʥʫʶ ʘʢʪʠʚʥʦʩʪʴ, 

ʧʦʚʝʜʝʥʯʝʩʢʠʝ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ ʩʪʫʜʝʥʪʦʚ, 

ʩʦʙʠʨʘʝʤʳʭ ʚ ʩʦʚʨʝʤʝʥʥʳʭ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʩʠʩʪʝʤʘʭ, ʷʚʣʷʶʪʩʷ ʦʩʦʙʝʥʥʦ 

ʚʘʞʥʦʡ ʟʘʜʘʯʝʡ. 

ʇʦʪʝʥʮʠʘʣ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠ ʨʘʙʦʪʝ ʩ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤʠ 

ʜʘʥʥʳʤʠ ʧʦʜʪʚʝʨʞʜʘʶʪʩʷ ʨʝʟʫʣʴʪʘʪʘʤʠ ʟʘʨʫʙʝʞʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ. ʊʦʯʥʦʩʪʴ 

ʤʦʜʝʣʝʡ, ʢʦʪʦʨʘʷ ʩʦʧʦʩʪʘʚʣʷʝʪʩʷ ʩ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʤ ʦʙʫʯʝʥʠʝʤ, 

ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʙʘʟʦʚʳʤ ʤʝʭʘʥʠʟʤʦʤ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ. ʅʝʩʪʘʙʠʣʴʥʘʷ 

ʩʭʦʜʠʤʦʩʪʴ ʠ ʩʥʠʞʝʥʠʝ ʢʘʯʝʩʪʚʘ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʚ 

ʫʩʣʦʚʠʷʭ ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʭ ʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, ʯʪʦ ʦʪʨʘʞʝʥʦ ʚ 

ʠʩʩʣʝʜʦʚʘʥʠʷʭ. ɺ ʥʘʫʯʥʦʡ ʣʠʪʝʨʘʪʫʨʝ ʧʨʝʜʣʦʞʝʥʳ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʳʝ 

ʩʭʝʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʧʨʝʦʜʦʣʝʥʠʷ ʫʧʦʤʷʥʫʪʳʭ ʦʛʨʘʥʠʯʝʥʠʡ. 

ʇʦʜʭʦʜʳ, ʦʩʥʦʚʘʥʥʳʝ ʥʘ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ, ʥʘʧʨʘʚʣʝʥʳ ʥʘ ʧʦʚʳʰʝʥʠʝ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʫʩʢʦʨʝʥʠʝ ʩʭʦʜʠʤʦʩʪʠ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ ʠ ʤʝʪʦʜʳ, 

ʠʩʧʦʣʴʟʫʶʱʠʝ ʧʨʦʢʩʠʤʘʣʴʥʫʶ ʨʝʛʫʣʷʨʠʟʘʮʠʶ, ʧʦʟʚʦʣʷʶʪ ʦʛʨʘʥʠʯʠʪʴ 

ʨʘʩʭʦʞʜʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʠ ʩʪʘʙʠʣʠʟʠʨʦʚʘʪʴ ʦʙʫʯʝʥʠʝ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ. ɺʦʟʤʦʞʥʦʩʪʴ ʜʦʩʪʠʞʝʥʠʷ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʠ ʙʝʟ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʦʪʨʘʞʝʥʳ ʚ ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ 

ʠʩʩʣʝʜʦʚʘʥʠʷʭ ʚ ʦʙʣʘʩʪʠ ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ɺʦʧʨʦʩʘʤ ʟʘʱʠʪʳ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ ʫʜʝʣʷʝʪʩʷ ʦʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʚ 

ʥʘʫʯʥʦʡ ʣʠʪʝʨʘʪʫʨʝ. ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʷʚʣʷʝʪʩʷ ʦʜʥʠʤ ʠʟ ʥʘʠʙʦʣʝʝ 

ʧʝʨʩʧʝʢʪʠʚʥʳʭ ʤʝʪʦʜʦʚ ʜʣʷ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʠ ʩʦʮʠʘʣʴʥʳʭ ʩʠʩʪʝʤ, ʧʨʠ ʵʪʦʤ 

ʧʦʟʚʦʣʷʷ ʢʦʤʙʠʥʠʨʦʚʘʪʴ ʘʥʘʣʠʪʠʯʝʩʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʠ ʩʦʙʣʶʜʝʥʠʝ 

ʪʨʝʙʦʚʘʥʠʡ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

ɸʥʘʣʠʟ ʠʩʩʣʝʜʦʚʘʥʠʡ ʧʦʢʘʟʘʣ, ʯʪʦ ʚ ʦʙʣʘʩʪʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʙʦʣʴʰʠʥʩʪʚʦ ʨʘʙʦʪ ʧʨʝʠʤʫʱʝʩʪʚʝʥʥʦ ʦʨʠʝʥʪʠʨʦʚʘʥʦ ʥʘ ʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʝ 

ʤʦʜʝʣʠ ʠ ʥʝʡʨʦʩʝʪʝʚʳʝ ʘʨʭʠʪʝʢʪʫʨʳ. ʇʨʠʤʝʥʝʥʠʝ ʬʝʜʝʨʘʪʠʚʥʳʭ ʧʦʜʭʦʜʦʚ ʢ 

ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʤ ʘʣʛʦʨʠʪʤʘʤ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚ ʯʘʩʪʥʦʩʪʠ ʢ 

ʘʥʩʘʤʙʣʝʚʳʤ ʤʦʜʝʣʷʤ ʪʠʧʘ Random Forest. ʈʘʟʨʘʙʦʪʢʘ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʡ 

ʘʛʨʝʛʘʮʠʠ, ʦʩʥʦʚʘʥʥʳʭ ʥʘ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʷʭ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ, ʦʩʪʘʶʪʩʷ ʥʝʜʦʩʪʘʪʦʯʥʦ ʠʟʫʯʝʥʥʳʤʠ. ʇʨʘʢʪʠʯʝʩʢʘʷ ʨʝʘʣʠʟʘʮʠʷ ʜʣʷ 

ʘʥʘʣʠʟʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ, ʦʩʥʦʚʘʥʥʳʭ ʥʘ ʨʝʘʣʴʥʳʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʫʯʨʝʞʜʝʥʠʡ, ʠʤʝʝʪ ʦʛʨʘʥʠʯʝʥʥʦʝ 

ʢʦʣʠʯʝʩʪʚʦ ʫʧʦʤʠʥʘʥʠʡ ʚ ʥʘʫʯʥʦʡ ʣʠʪʝʨʘʪʫʨʝ. 
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ɿʘʜʘʯʘ ʨʘʟʨʘʙʦʪʢʠ ʠ ʧʨʘʢʪʠʯʝʩʢʘʷ ʨʝʘʣʠʟʘʮʠʷ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ ʤʦʜʝʣʝʡ ʜʣʷ ʘʥʘʣʠʟʘ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʩʪʫʜʝʥʪʦʚ ʷʚʣʷʝʪʩʷ ʘʢʪʫʘʣʴʥʦʡ. 

ʈʝʰʝʥʠʝʤ ʜʘʥʥʦʡ ʟʘʜʘʯʠ ʷʚʣʷʝʪʩʷ ʦʙʝʩʧʝʯʝʥʠʝ ʚʳʩʦʢʦʛʦ ʫʨʦʚʥʷ ʟʘʱʠʪʳ 

ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʧʦʚʳʰʝʥʠʝ ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʢʘʯʝʩʪʚʘ ʛʣʦʙʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, ʨʘʟʚʠʪʠʝ ʮʠʬʨʦʚʦʡ ʪʨʘʥʩʬʦʨʤʘʮʠʠ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʳ ʠ ʚʥʝʜʨʝʥʠʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʩʠʩʪʝʤ 

ʧʨʠ ʩʪʨʦʛʦʤ ʩʦʙʣʶʜʝʥʠʠ ʪʨʝʙʦʚʘʥʠʡ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

ʎʝʣʴʶ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ̫ ʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʤʦʜʝʣʝʡ 

ʠ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʠʭ ʧʨʘʢʪʠʯʝʩʢʘʷ ʨʝʘʣʠʟʘʮʠʷ 

ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʧʨʠ ʦʙʝʩʧʝʯʝʥʠʠ 

ʪʨʝʙʦʚʘʥʠʡ ʟʘʱʠʪʳ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ ʦʙʫʯʝʥʠʷ ʚ 

ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ɿʘʜʘʯʠ ʠʩʩʣʝʜʦʚʘʥʠʷ: 

1. ʈʝʘʣʠʟʦʚʘʪʴ ʩʠʩʪʝʤʫ ʩʙʦʨʘ, ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʠ 

ʩʦʛʣʘʩʦʚʘʥʠʷ ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ ʩʪʫʜʝʥʪʦʚ. 

2. ʈʘʟʨʘʙʦʪʘʪʴ ʤʝʪʦʜʳ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʜʣʷ ʥʝʜʠʬʬʝʨʝʮʠʨʫʝʤʳʭ 
ʘʥʩʘʤʙʣʝʚʳʭ ʤʦʜʝʣʝʡ ʥʘ ʦʩʥʦʚʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ. 

3. ʈʘʟʨʘʙʦʪʘʪʴ ʘʨʭʠʪʝʢʪʫʨʫ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ 
ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʩ ʣʦʢʘʣʴʥʦʡ ʦʙʨʘʙʦʪʢʦʡ 

ʠʥʬʦʨʤʘʮʠʠ ʙʝʟ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʩʝʨʚʝʨ. 

4. ʇʨʦʚʝʩʪʠ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʫʶ ʦʮʝʥʢʫ ʵʬʬʝʢʪʠʚʥʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ 
ʩʭʦʜʠʤʦʩʪʠ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʤʦʜʝʣʝʡ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ (non-IID) 

ʜʘʥʥʳʭ. 

ʆʙʴʝʢʪʦʤ ʠʩʩʣʝʜʦʚʘʥʠʷ ̫ ʚʣʷʝʪʩʷ ʦʙʨʘʟʦʚʘʪʝʣʴʥʘʷ ʩʨʝʜʘ, ʚ ʢʦʪʦʨʦʡ 

ʬʦʨʤʠʨʫʶʪʩʷ ʠ ʠʩʧʦʣʴʟʫʶʪʩʷ ʨʘʩʧʨʝʜʝʣʝʥʥʳʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʝ ʜʘʥʥʳʝ 

ʩʪʫʜʝʥʪʦʚ ʜʣʷ ʘʥʘʣʠʟʘ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠʭ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ 

ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʇʨʝʜʤʝʪʦʤ ʠʩʩʣʝʜʦʚʘʥʠʷ ʷʚʣʷʶʪʩʷ ʤʝʪʦʜʳ ʠ ʘʣʛʦʨʠʪʤʳ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʨʝʜʥʘʟʥʘʯʝʥʥʳʝ ʜʣʷ ʘʥʘʣʠʟʘ ʠ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ ʥʘ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ ʧʨʠ ʦʙʝʩʧʝʯʝʥʠʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʠ. 

ʄʝʪʦʜʳ ʠʩʩʣʝʜʦʚʘʥʠʷ: 

1. ʄʝʪʦʜʳ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʠʟʘ ʠ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʧʨʠ ʨʘʟʨʘʙʦʪʢʝ 

ʘʨʭʠʪʝʢʪʫʨʳ ʬʝʜʝʨʘʪʠʚʥʦʡ ʦʙʫʯʘʶʱʝʡ ʩʠʩʪʝʤʳ ʠ ʚʝʙ-ʧʣʘʪʬʦʨʤʳ. 

2. ʄʝʪʦʜʳ ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʠ ʧʨʝʦʙʨʘʟʦʚʘʥʠʷ ʜʘʥʥʳʭ: 

ʦʯʠʩʪʢʘ, ʚʘʣʠʜʘʮʠʷ, ʦʙʨʘʙʦʪʢʘ ʘʥʦʤʘʣʠʡ, ʢʦʜʠʨʦʚʘʥʠʝ ʧʨʠʟʥʘʢʦʚ ʠ 

ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʚʨʝʤʝʥʥʳʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

3. ʄʝʪʦʜʳ ʘʥʩʘʤʙʣʝʚʦʛʦ ʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, 

ʦʩʥʦʚʘʥʥʳʝ ʥʘ ʘʛʨʝʛʠʨʦʚʘʥʠʠ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ. 
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4. ʄʝʪʦʜʳ ʤʘʪʝʤʘʪʠʯʝʩʢʦʡ ʩʪʘʪʠʩʪʠʢʠ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦʛʦ ʵʢʩʧʝʨʠʤʝʥʪʘ 
ʜʣʷ ʦʮʝʥʢʠ ʢʘʯʝʩʪʚʘ, ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ʅʘʫʯʥʘʷ ʥʦʚʠʟʥʘ ʠʩʩʣʝʜʦʚʘʥʠʷ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʪʦʤ, ʯʪʦ: 

1. ʈʘʟʨʘʙʦʪʘʥ ʠ ʨʝʘʣʠʟʦʚʘʥ ʧʦʜʭʦʜ ʢ ʤʦʜʠʬʠʢʘʮʠʠ ʠ ʨʘʩʰʠʨʝʥʠʶ 
ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʦʡ ʘʥʩʘʤʙʣʝʚʦʡ 

ʤʦʜʝʣʠ Random Forest Regression ʥʘ ʦʩʥʦʚʝ ʟʘʤʝʥʳ ʢʣʘʩʩʠʯʝʩʢʦʡ ʘʛʨʝʛʘʮʠʠ 

ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ ʥʘ ʘʛʨʝʛʠʨʦʚʘʥʠʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ 

ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʘ ʠʤʝʥʥʦ ʚʝʢʪʦʨʦʚ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-

IID ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ. 

2. ʈʘʟʨʘʙʦʪʘʥʳ ʤʦʜʝʣʠ ʠ ʤʝʪʦʜʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ 
ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʝ 

ʣʦʢʘʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʠʥʬʦʨʤʘʮʠʠ, ʫʩʪʦʡʯʠʚʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ 

ʩʦʭʨʘʥʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʧʨʠ ʨʘʙʦʪʝ ʚ ʨʝʘʣʴʥʳʭ ʫʩʣʦʚʠʷʭ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʳ. 

3. ʇʨʝʜʣʦʞʝʥʘ ʘʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʶʱʘʷ 
ʬʦʨʤʠʨʦʚʘʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʙʝʟ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʢʣʠʝʥʪʦʚ ʥʘ ʩʝʨʚʝʨ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʦʙʣʶʜʘʪʴ 

ʪʨʝʙʦʚʘʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʟʘʱʠʪʳ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. 

ʊʝʦʨʝʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ ʠʩʩʣʝʜʦʚʘʥʠʷ: ʠʟʫʯʝʥʠʝ ʚʦʧʨʦʩʦʚ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ ʥʘ ʦʩʥʦʚʝ ʪʝʦʨʠʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʄʳ 

ʧʨʠʤʝʥʠʣʠ FedAvg, FedOpt, FedProx ʚ ʢʘʯʝʩʪʚʝ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʥʘ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʥʘʙʦʨʘʭ ʜʘʥʥʳʭ ʠ Random Forest Regression 

ʚ ʢʘʯʝʩʪʚʝ ʘʥʩʘʤʙʣʝʚʦʡ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʘ 

ʪʘʢʞʝ ʢʣʘʩʩʠʯʝʩʢʠʝ ʤʝʪʦʜʳ ʩʪʘʪʠʩʪʠʯʝʩʢʦʛʦ ʘʥʘʣʠʟʘ, ʠ ʧʨʝʜʚʘʨʠʪʝʣʴʥʘʷ 

ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ ʷʚʣʷʶʪʩʷ ʢʣʶʯʝʚʳʤʠ ʤʝʪʦʜʘʤʠ, ʢʦʪʦʨʳʝ ʧʨʠʤʝʥʷʣʠʩʴ ʚ 

ʠʩʩʣʝʜʦʚʘʥʠʠ. ʈʘʙʦʪʘ ʰʣʘ ʧʦ ʩʪʘʥʜʘʨʪʥʳʤ ʰʘʛʘʤ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʪ 

ʧʦʜʛʦʪʦʚʢʠ ʜʘʥʥʳʭ ʜʦ ʦʮʝʥʢʠ ʨʝʟʫʣʴʪʘʪʦʚ. ʈʝʘʣʠʟʦʚʘʥʦ ʙʳʣʦ ʥʘ ʷʟʳʢʝ Python 

ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʙʠʙʣʠʦʪʝʢ sckit-learn, pandas, NumPy matpotlib ʠʥʩʪʨʫʤʝʥʪʳ, 

ʢʦʪʦʨʳʝ ʫʧʨʦʩʪʠʣʠ ʧʨʦʚʝʜʝʥʠʝ ʵʢʩʧʝʨʠʤʝʥʪʦʚ ʠ ʩʜʝʣʘʣʠ ʚʠʟʫʘʣʠʟʘʮʠʶ 

ʥʘʛʣʷʜʥʦʡ. 

ʇʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ ʠʩʩʣʝʜʦʚʘʥʠʷ: ʠʩʩʣʝʜʦʚʘʥʠʝ ʥʘʧʨʘʚʣʝʥʦ ʥʘ 

ʨʘʟʚʠʪʠʝ ʠ ʨʘʩʰʠʨʝʥʠʝ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʟʘ ʩʯʝʪ 

ʨʘʟʨʘʙʦʪʢʠ ʠ ʨʝʘʣʠʟʘʮʠʠ ʧʦʜʭʦʜʘ, ʘʜʘʧʪʠʨʦʚʘʥʥʦʛʦ ʜʣʷ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʦʡ 

ʘʥʩʘʤʙʣʝʚʦʡ ʤʦʜʝʣʠ Random Forest Regression. ɺ ʨʘʙʦʪʝ ʧʨʝʜʣʦʞʝʥʘ ʟʘʤʝʥʘ 

ʢʣʘʩʩʠʯʝʩʢʦʡ ʘʛʨʝʛʘʮʠʠ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ ʥʘ ʘʛʨʝʛʠʨʦʚʘʥʠʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ 

ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʚ ʚʠʜʝ ʚʝʢʪʦʨʦʚ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-

IID ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ.  

ʈʘʟʨʘʙʦʪʘʥʘ ʘʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʦʟʚʦʣʷʶʱʘʷ 

ʬʦʨʤʠʨʦʚʘʪʴ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʥʘ ʦʩʥʦʚʝ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʙʝʟ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʢʣʠʝʥʪʦʚ ʥʘ ʩʝʨʚʝʨ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʙʣʶʜʝʥʠʝ 

ʪʨʝʙʦʚʘʥʠʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʟʘʱʠʪʳ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. 
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ʆʩʥʦʚʥʳʝ ʧʦʣʦʞʝʥʠʷ, ʚʳʥʦʩʠʤʳʝ ʥʘ ʟʘʱʠʪʫ: 

¶ ʈʘʟʨʘʙʦʪʘʥʘ ʠ ʨʝʘʣʠʟʦʚʘʥʘ ʘʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ 
ʦʙʫʯʝʥʠʷ ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ 

ʩʪʫʜʝʥʪʦʚ, ʦʙʝʩʧʝʯʠʚʘʶʱʘʷ ʦʙʫʯʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʙʝʟ ʧʝʨʝʜʘʯʠ 

ʠʩʭʦʜʥʦʡ ʠʥʬʦʨʤʘʮʠʠ ʥʘ ʩʝʨʚʝʨ ʠ ʩʦʦʪʚʝʪʩʪʚʫʶʱʘʷ ʪʨʝʙʦʚʘʥʠʷʤ ʟʘʱʠʪʳ 

ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ. 

¶ ɺʳʧʦʣʥʝʥʘ ʘʜʘʧʪʘʮʠʷ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ FedAvg, 

FedOpt, FedProx ʢ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʦʡ ʤʦʜʝʣʠ Random Forest Regression 

ʧʫʪʝʤ ʟʘʤʝʥʳ ʘʛʨʝʛʘʮʠʠ ʚʝʩʦʚ ʥʘ ʘʛʨʝʛʘʮʠʶ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ ï 

ʚʝʢʪʦʨʦʚ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʧʦʟʚʦʣʠʣʦ ʦʙʝʩʧʝʯʠʪʴ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʦʙʫʯʝʥʠʷ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ. 

¶ ʇʨʦʚʝʜʝʥ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʣʛʦʨʠʪʤʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʥʘ ʨʝʘʣʴʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ, ʦʪʨʘʞʘʶʱʠʭ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ ʩʪʫʜʝʥʪʦʚ, ʧʦʢʘʟʘʚʰʠʡ, ʯʪʦ FedProx 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʥʘʠʙʦʣʴʰʫʶ ʩʪʘʙʠʣʴʥʦʩʪʴ ʧʨʠ non-IID ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ, ʘ 

FedOpt ʫʩʢʦʨʷʝʪ ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ɺ ʭʦʜʝ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣʠ ʧʦʣʫʯʝʥʳ ʩʣʝʜʫʶʱʠʝ 

ʥʘʫʯʥʳʝ ʨʝʟʫʣʴʪʘʪʳ, ʢʦʪʦʨʳʝ ʦʧʨʝʜʝʣʷʶʪ ʝʛʦ ʥʘʫʯʥʫʶ ʥʦʚʠʟʥʫ: 

¶ ʈʝʘʣʠʟʦʚʘʥʘ ʩʠʩʪʝʤʘ ʩʙʦʨʘ, ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʠ 

ʩʦʛʣʘʩʦʚʘʥʠʷ ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ ʩʪʫʜʝʥʪʦʚ. 

¶ ʈʘʟʨʘʙʦʪʘʥʳ ʤʝʪʦʜʳ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʜʣʷ 

ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ ʘʥʩʘʤʙʣʝʚʳʭ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ 

ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ. 

¶ ʈʘʟʨʘʙʦʪʘʥʘ ʘʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ 
ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʩ ʣʦʢʘʣʴʥʦʡ ʦʙʨʘʙʦʪʢʦʡ 

ʠʥʬʦʨʤʘʮʠʠ ʙʝʟ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʩʝʨʚʝʨ. 

¶ ʇʨʦʚʝʜʝʥʘ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘʷ ʦʮʝʥʢʘ ʵʬʬʝʢʪʠʚʥʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʠ 
ʠ ʩʭʦʜʠʤʦʩʪʠ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʤʦʜʝʣʝʡ ʚ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ. 

ʆʩʥʦʚʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʨʘʙʦʪʳ ʙʳʣʠ ʧʨʝʜʩʪʘʚʣʝʥʳ ʠ ʦʙʩʫʞʜʝʥʳ ʥʘ 

ʩʝʤʠʥʘʨʘʭ ʢʘʬʝʜʨʳ çʂʦʤʧʴʶʪʝʨʥʘʷ ʠʥʞʝʥʝʨʠʷè ɸʆ ʄʋʀʊ (2022ï2026 ʛʛ.), 

ʫʥʠʚʝʨʩʠʪʝʪʝ Tenaga Nasional ʄʘʣʘʡʟʠʷ (2024ï2026 ʛʛ.). ʇʦ ʪʝʤʝ ʜʠʩʩʝʨʪʘʮʠʠ 

ʦʧʫʙʣʠʢʦʚʘʥʳ 8 ʧʫʙʣʠʢʘʮʠʡ: 1 ʩʪʘʪʴʷ - ʚ ʠʟʜʘʥʠʷʭ, ʠʥʜʝʢʩʠʨʫʝʤʳʭ ʚ ʙʘʟʝ Web 

of Science ʠ Scopus; 4 ʩʪʘʪʴʠ - ʚ ʞʫʨʥʘʣʘʭ, ʨʝʮʝʥʟʠʨʫʝʤʦʤ ʂʦʤʠʪʝʪʦʤ ʧʦ 

ʦʙʝʩʧʝʯʝʥʠʶ ʢʘʯʝʩʪʚʘ ʚ ʩʬʝʨʝ ʥʘʫʢʠ ʠ ʚʳʩʰʝʛʦ ʦʙʨʘʟʦʚʘʥʠʷ ʄʅɺʆ ʈʂ, 2 

ʩʪʘʪʴʠ - ʚ ʄʝʞʜʫʥʘʨʦʜʥʦʤ ɾʫʨʥʘʣʝ ʀʥʬʦʨʤʘʮʠʦʥʥʳʭ ʠ ʂʦʤʤʫʥʠʢʘʮʠʦʥʥʳʭ 

ʪʝʭʥʦʣʦʛʠʡ, ʉʧʝʮʚʳʧʫʩʢ. 1 ʩʪʘʪʴʷ - ʚ ɺʝʩʪʥʠʢʝ ʂʘʟʅʊʋ, Computing & 

Engineering. 
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ɸʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʜʘʥʥʳʭ, ʢʦʪʦʨʘʷ ʦʪʨʘʞʘʝʪ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ ʩʪʫʜʝʥʪʦʚ, ʙʳʣʘ 

ʨʘʟʨʘʙʦʪʘʥʘ ʠ ʨʝʘʣʠʟʦʚʘʥʘ ʚ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ. ʈʘʩʩʤʦʪʨʠʤ ʙʦʣʝʝ 

ʧʦʜʨʦʙʥʦ ʘʨʭʠʪʝʢʪʫʨʫ, ʢʦʪʦʨʘʷ ʩʦʩʪʦʠʪ ʠʟ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʦʙʫʯʘʶʱʠʝʩʷ 

ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ, ʩ ʧʨʠʤʝʥʝʥʠʝʤ Random Forest Regression, ʢʦʪʦʨʘʷ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʰʫʤʫ 

ʜʘʥʥʳʭ ʠ ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʦʙʫʯʘʶʱʠʝʩʷ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ, ʯʪʦ ʦʟʥʘʯʘʝʪ 

ʩʝʨʚʝʨʥʘʷ ʯʘʩʪʴ ʚʳʧʦʣʥʷʝʪ ʘʛʨʝʛʘʮʠʶ ʙʝʟ ʜʦʩʪʫʧʘ ʢ ʠʩʭʦʜʥʳʤ ʜʘʥʥʳʤ. 

ʉʙʦʨ ʜʘʥʥʳʭ ʦʩʫʱʝʩʪʚʣʷʣʩʷ ʯʝʨʝʟ ʚʝʙ-ʧʣʘʪʬʦʨʤʫ, ʢʦʪʦʨʫʶ ʦʪʧʨʘʚʣʷʣʠ 

ʚʩʝʤ ʢʣʠʝʥʪʘʤ, ʚ ʪʝʯʝʥʠʝ 2 ʤʝʩʷʮʝʚ ʩ 1 ʩʝʥʪʷʙʨʷ ʧʦ 30 ʦʢʪʷʙʨʷ. 

ʀʥʬʦʨʤʘʮʠʦʥʥʘʷ ʙʘʟʘ ʚʢʣʶʯʘʣʘ ʜʘʥʥʳʝ ʦ ʧʠʪʘʥʠʠ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, 

ʩʥʘ ʠ ʦʪʜʳʭʘ, ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ, ʘ ʪʘʢʞʝ ʚʨʝʤʝʥʥʳʝ ʠ 

ʠʜʝʥʪʠʬʠʢʘʮʠʦʥʥʳʝ ʘʪʨʠʙʫʪʳ. ɼʘʥʥʳʝ ʩʦʙʠʨʘʣʠʩʴ ʦʪ ʥʝʩʢʦʣʴʢʠʭ ʫʯʝʙʥʳʭ 

ʟʘʚʝʜʝʥʠʡ, ʯʪʦ ʧʦʟʚʦʣʠʣʦ ʩʤʦʜʝʣʠʨʦʚʘʪʴ ʫʩʣʦʚʠʷ ʨʝʘʣʴʥʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ. 

ʇʨʝʜʚʘʨʠʪʝʣʴʥʘʷ ʧʦʜʛʦʪʦʚʢʘ ʜʘʥʥʳʭ ʚʢʣʶʯʘʣʘ ʦʯʠʩʪʢʫ ʥʝʢʦʨʨʝʢʪʥʳʭ ʟʘʧʠʩʝʡ, 

ʬʠʣʴʪʨʘʮʠʶ ʚʳʙʨʦʩʦʚ, ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʚʨʝʤʝʥʥʳʭ ʧʨʠʟʥʘʢʦʚ ʚ ʯʠʩʣʦʚʦʡ 

ʬʦʨʤʘʪ ʠ ʢʦʜʠʨʦʚʘʥʠʝ ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʠʜʝʥʪʠʬʠʢʘʪʦʨʘ student_id ʤʝʪʦʜʦʤ 

One-Hot Encoding. ʄʳ ʧʨʦʚʝʣʠ ʧʨʦʚʝʨʢʫ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚʦʛʦ 

ʧʨʦʩʪʨʘʥʩʪʚʘ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʥʘʙʦʨʘʤʠ ʜʘʥʥʳʭ, ʢʦʪʦʨʳʝ ʥʝʦʙʭʦʜʠʤʳ ʜʣʷ 

ʢʦʨʨʝʢʪʥʦʡ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ. 

ɸʣʛʦʨʠʪʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ FedAvg, FedOpt, FedProx ʙʳʣʠ 

ʘʜʘʧʪʠʨʦʚʘʥʳ ʢ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʦʡ ʤʦʜʝʣʠ Random Forest Regression ʧʫʪʝʤ 

ʟʘʤʝʥʳ ʘʛʨʝʛʘʮʠʠ ʚʝʩʦʚ ʤʦʜʝʣʠ ʥʘ ʘʛʨʝʛʘʮʠʶ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ, 

ʪ.ʝ. ʚʝʢʪʦʨʦʚ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʦʭʨʘʥʠʪʴ ʤʘʪʝʤʘʪʠʯʝʩʢʫʶ 

ʣʦʛʠʢʫ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ. 

ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʧʨʦʚʝʣʠ ʧʦ 

ʨʝʛʨʝʩʩʠʦʥʥʳʤ ʠ ʢʣʘʩʩʠʬʠʢʘʮʠʦʥʥʳʤ ʤʝʪʨʠʢʘʤ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʧʦʢʘʟʘʣ, ʯʪʦ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʘʟʦʚʳʡ ʫʨʦʚʝʥʴ ʢʘʯʝʩʪʚʘ ʠ ʙʫʜʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʢʘʢ ʵʪʘʣʦʥ, ʧʨʠ 

ʵʪʦʤ ʝʛʦ ʩʭʦʜʠʤʦʩʪʴ ʫʭʫʜʰʘʝʪʩʷ ʧʨʠ ʚʳʨʘʞʝʥʥʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ, ʚ 

ʩʚʦʶ ʦʯʝʨʝʜʴ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʫʩʢʦʨʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ ʟʘ ʩʯʝʪ ʧʨʠʤʝʥʝʥʠʷ 

ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ, ʥʦ ʦʙʝʩʧʝʯʠʣ ʥʘʠʙʦʣʝʝ ʩʪʘʙʠʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʠ 

ʤʠʥʠʤʘʣʴʥʳʝ ʢʦʣʝʙʘʥʠʷ ʢʘʯʝʩʪʚʘ. ɼʠʥʘʤʠʢʘ ʪʦʯʥʦʩʪʠ ʠ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ 

ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʙʳʣʘ ʧʨʦʘʥʘʣʠʟʠʨʦʚʘʥʘ ʧʦ ʨʘʫʥʜʘʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ. ɺʩʝ ʘʣʛʦʨʠʪʤʳ ʧʦʢʘʟʳʚʘʶʪ ʫʩʪʦʡʯʠʚʳʡ ʨʦʩʪ ʪʦʯʥʦʩʪʠ ʠ 

ʤʦʥʦʪʦʥʥʦʝ ʩʥʠʞʝʥʠʝ Centralized Loss, ʯʪʦ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʢʦʨʨʝʢʪʥʫʶ 

ʩʭʦʜʠʤʦʩʪʴ ʠ ʦʪʩʫʪʩʪʚʠʝ ʧʝʨʝʦʙʫʯʝʥʠʷ. ʉʣʝʜʦʚʘʪʝʣʴʥʦ, ʮʝʣʠ ʠ ʟʘʜʘʯʠ 

ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣʠ ʜʦʩʪʠʛʥʫʪʳ ʠ ʧʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ 

ʧʦʜʪʚʝʨʞʜʘʶʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠʤʝʥʝʥʠʷ ʘʜʘʧʪʠʨʦʚʘʥʥʳʭ ʤʝʪʦʜʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʘʥʘʣʠʟʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ 

ʩʪʫʜʝʥʪʦʚ ʥʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʠ ʦʙʣʘʜʘʶʪ ʢʘʢ 

ʥʘʫʯʥʦʡ, ʪʘʢ ʠ ʧʨʘʢʪʠʯʝʩʢʦʡ ʟʥʘʯʠʤʦʩʪʴʶ. 

ɺ ʧʝʨʚʦʡ ʛʣʘʚʝ ʨʘʩʩʤʦʪʨʝʥʳ ʦʩʥʦʚʥʳʝ ʧʦʜʭʦʜʳ ʢ ʬʝʜʝʨʘʪʠʚʥʦʤʫ 

ʦʙʫʯʝʥʠʶ ʠ ʦʙʦʩʥʦʚʘʥ ʚʳʙʦʨ ʩʠʥʭʨʦʥʥʦʛʦ ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ Cross-Silo 
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ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʝʜʠʥʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʦ ʧʨʠʟʥʘʢʦʚ 

ʧʦʟʚʦʣʠʣʦ ʢʦʨʨʝʢʪʥʦ ʘʛʨʝʛʠʨʦʚʘʪʴ ʣʦʢʘʣʴʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʙʝʟ ʧʝʨʝʜʘʯʠ 

ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ. ɸʨʭʠʪʝʢʪʫʨʘ ʦʙʝʩʧʝʯʠʣʘ ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʩʦʭʨʘʥʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʨʠʤʝʥʠʤʦʩʪʴ 

ʧʨʝʜʣʦʞʝʥʥʦʛʦ ʨʝʰʝʥʠʷ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʝ. 

ɺʦ ʚʪʦʨʦʡ ʛʣʘʚʝ ʨʘʩʩʤʦʪʨʝʥʳ ʘʣʛʦʨʠʪʤʳ ʠ ʘʨʭʠʪʝʢʪʫʨʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʧʦʢʘʟʘʥʦ, ʯʪʦ ʙʘʟʦʚʳʝ ʤʝʪʦʜʳ FedAvg ʠ FedSGD, ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ, ʥʦ ʪʝʨʷʶʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʠ non-IID 

ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ. ɺ ʩʚʦʶ ʦʯʝʨʝʜʴ FedOpt FedProx ʧʦʚʳʰʘʶʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʠ 

ʫʩʢʦʨʷʶʪ ʩʭʦʜʠʤʦʩʪʴ ʟʘ ʩʯʝʪ ʧʨʦʢʩʠʤʘʣʴʥʦʡ ʨʝʛʫʣʷʨʠʟʘʮʠʠ ʠ ʩʝʨʚʝʨʥʦʡ 

ʦʧʪʠʤʠʟʘʮʠʠ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʚʳʙʦʨ FedAvg, FedOpt ʠ FedProx ̫ʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ 

ʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʤ ʨʝʰʝʥʠʝʤ ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ. 

ʊʨʝʪʴʷ ʛʣʘʚʘ ʧʦʩʚʷʱʝʥʘ ʦʧʠʩʘʥʠʶ ʚʝʙ-ʧʣʘʪʬʦʨʤʳ ʩʙʦʨʘ ʜʘʥʥʳʭ ʦ 

ʧʠʪʘʥʠʠ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʩʥʝ ʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʤ ʩʦʩʪʦʷʥʠʠ 

ʩʪʫʜʝʥʪʦʚ, ʘ ʪʘʢʞʝ ʠʩʧʦʣʴʟʦʚʘʥʠʶ ʦʧʨʦʩʥʠʢʘ Maslach Burnout Inventory (MBI) 

ʠ ʝʛʦ ʘʜʘʧʪʘʮʠʠ ʜʣʷ ʠʩʩʣʝʜʦʚʘʥʠʷ. ʈʘʩʩʤʦʪʨʝʥʳ ʤʝʪʦʜʳ ʦʙʨʘʙʦʪʢʠ non-IID 

ʜʘʥʥʳʭ, ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʤʘʪʝʤʘʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ ʘʥʘʣʠʟʘ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ. ʆʧʠʩʘʥʳ ʘʣʛʦʨʠʪʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʚʳʛʦʨʘʥʠʷ, ʧʨʠʥʮʠʧʳ ʢʦʜʠʨʦʚʘʥʠʷ ʜʘʥʥʳʭ ʠ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʛʦ ʘʥʘʣʠʟʘ 

ʬʘʢʪʦʨʦʚ, ʚʣʠʷʶʱʠʭ ʥʘ ʫʨʦʚʝʥʴ ʚʳʛʦʨʘʥʠʷ. ʊʘʢʞʝ ʦʙʦʟʥʘʯʝʥʳ ʦʛʨʘʥʠʯʝʥʠʷ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ ʧʝʨʩʧʝʢʪʠʚʳ ʜʘʣʴʥʝʡʰʝʛʦ ʨʘʟʚʠʪʠʷ ʧʨʝʜʣʦʞʝʥʥʦʛʦ ʧʦʜʭʦʜʘ. 

ɺ ʯʝʪʚʝʨʪʦʡ ʛʣʘʚʝ ʧʨʦʚʝʜʝʥ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ FedAvg, FedOpt ʠ FedProx ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʩʪʫʜʝʥʪʦʚ. ʇʦʢʘʟʘʥʦ, ʯʪʦ FedAvg 

ʦʛʨʘʥʠʯʝʥʥʦ ʵʬʬʝʢʪʠʚʝʥ ʧʨʠ non-IID ʜʘʥʥʳʭ, ʪʦʛʜʘ ʢʘʢ FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʠ ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ ʟʘ ʩʯʝʪ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ, ʘ 

FedProx ʧʦʚʳʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʧʦʩʨʝʜʩʪʚʦʤ ʧʨʦʢʩʠʤʘʣʴʥʦʡ 

ʨʝʛʫʣʷʨʠʟʘʮʠʠ, ʥʦ ʩ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʡ ʩʭʦʜʠʤʦʩʪʴʶ. ɺ ʨʝʟʫʣʴʪʘʪʝ FedOpt 

ʚʳʙʨʘʥ ʚ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʘʣʛʦʨʠʪʤʘ, FedProx ʢʘʢ ʫʩʪʦʡʯʠʚʦʝ ʨʝʰʝʥʠʝ ʧʨʠ 

ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ, ʘ FedAvg ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ 

ʵʪʘʣʦʥʘ. 

ʇʷʪʘʷ ʛʣʘʚʘ ʧʦʩʚʷʱʝʥʘ ʦʧʠʩʘʥʠʶ ʚʝʙ-ʧʣʘʪʬʦʨʤʳ ʜʣʷ ʩʙʦʨʘ ʜʘʥʥʳʭ ʦ 

ʧʠʪʘʥʠʠ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʩʥʝ ʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʤ ʚʳʛʦʨʘʥʠʠ 

ʩʪʫʜʝʥʪʦʚ, ʘ ʪʘʢʞʝ ʘʥʘʣʠʟʫ ʩʪʨʫʢʪʫʨʳ ʠ ʘʜʘʧʪʘʮʠʠ ʦʧʨʦʩʥʠʢʘ Maslach Burnout 

Inventory (MBI). ʈʘʩʩʤʦʪʨʝʥʳ ʤʝʪʦʜʳ ʦʙʨʘʙʦʪʢʠ non-IID ʜʘʥʥʳʭ, ʦʙʝʩʧʝʯʝʥʠʷ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʘʣʛʦʨʠʪʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʫʨʦʚʥʷ ʚʳʛʦʨʘʥʠʷ. 

ʆʧʠʩʘʥʳ ʧʦʜʭʦʜʳ ʢ ʢʦʜʠʨʦʚʘʥʠʶ ʜʘʥʥʳʭ, ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʤʫ ʘʥʘʣʠʟʫ ʠ 

ʚʳʷʚʣʝʥʠʶ ʬʘʢʪʦʨʦʚ, ʚʣʠʷʶʱʠʭ ʥʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ, ʘ ʪʘʢʞʝ 

ʦʙʦʟʥʘʯʝʥʳ ʦʛʨʘʥʠʯʝʥʠʷ ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ ʥʘʧʨʘʚʣʝʥʠʷ ʜʘʣʴʥʝʡʰʝʛʦ ʨʘʟʚʠʪʠʷ. 

ɺ ʛʣʘʚʝ çɿʘʢʣʶʯʝʥʠʝè ʧʦʢʘʟʘʥʦ, ʢʘʢ ʨʝʘʣʠʟʦʚʘʥʘ ʠ ʠʩʩʣʝʜʦʚʘʥʘ 

ʬʝʜʝʨʘʪʠʚʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʦʙʫʯʝʥʠʷ ʜʣʷ ʘʥʘʣʠʟʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ ʥʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ. 
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ʈʘʩʩʤʦʪʨʝʥʦ, ʯʪʦ ʘʜʘʧʪʘʮʠʷ ʘʣʛʦʨʠʪʤʦʚ FedAvg, FedOpt ʠ FedProx ʢ 

ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʦʡ ʤʦʜʝʣʠ Random Forest Regression ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ non-IID ʜʘʥʥʳʭ. 

ʇʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʦʜʪʚʝʨʞʜʘʶʪ ʧʨʘʢʪʠʯʝʩʢʫʶ ʧʨʠʤʝʥʠʤʦʩʪʴ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʝ ʧʨʠ ʩʦʭʨʘʥʝʥʠʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʠ. 

ʃʠʯʥʳʡ ʚʢʣʘʜ ʘʚʪʦʨʘ. ɺʩʝ ʦʩʥʦʚʥʳʝ ʨʝʟʫʣʴʪʘʪʳ, ʦʧʠʩʘʥʥʳʝ ʚ ʜʠʩʩʝʨ-

ʪʘʮʠʠ, ʚʳʧʦʣʥʝʥʳ ʠ ʩʦʙʨʘʥʳ ʘʚʪʦʨʦʤ. ʂʨʦʤʝ ʪʦʛʦ, ʦʩʥʦʚʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʠʩʩʣʝ-

ʜʦʚʘʥʠʡ, ʘʥʘʣʠʟʳ, ʤʦʜʝʣʠ, ʧʨʦʛʨʘʤʤʳ ʩʦʟʜʘʥʳ ʘʚʪʦʨʦʤ, ʚʳʚʦʜʳ ʩʜʝʣʘʥʳ ʥʘ 

ʦʩʥʦʚʝ ʨʝʟʫʣʴʪʘʪʦʚ, ʧʦʣʫʯʝʥʥʳʭ ʦʪ ʨʘʙʦʪʳ ʠ ʠʩʩʣʝʜʦʚʘʥʠʷ PhD ʜʦʢʪʦʨʘʥʪʘ. 

ʉʪʨʫʢʪʫʨʘ ʠ ʦʙʴʝʤ ʨʘʙʦʪʳ. ɼʠʩʩʝʨʪʘʮʠʷ ʚʢʣʶʯʘʝʪ ʚʚʝʜʝʥʠʝ, 5 

ʦʩʥʦʚʥʳʭ ʛʣʘʚ, ʟʘʢʣʶʯʝʥʠʷ ʠ ʩʧʠʩʢʘ ʠʩʧʦʣʴʟʦʚʘʥʥʳʭ ʠʩʪʦʯʥʠʢʦʚ. ʇʦʣʥʳʡ 

ʦʙʴʝʤ ʜʠʩʩʝʨʪʘʮʠʠ ʩʦʩʪʘʚʣʷʝʪ 144 ʩʪʨʘʥʠʮ,r ʚʢʣʶʯʘʷ 46 ʠʣʣʶʩʪʨʘʮʠʡ ʠ 14 

ʪʘʙʣʠʮ. ʉʧʠʩʦʢ ʣʠʪʝʨʘʪʫʨʳ ʩʦʜʝʨʞʠʪ 105 ʥʘʠʤʝʥʦʚʘʥʠʡ. 
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1 ʆɹɿʆʈ ʀ ɸʅɸʃʀɿ ʆʉʅʆɺ ʌɽɼɽʈɸʊʀɺʅʆɻʆ ʄɸʐʀʅʅʆɻʆ 

ʆɹʋʏɽʅʀʗ 

 

1.1 ʊʝʦʨʝʪʠʯʝʩʢʠʝ ʦʩʥʦʚʳ ʬʝʜʝʨʘʪʠʚʥʳʭ ʤʦʜʝʣʝʡ ʠ ʤʝʪʦʜʦʚ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ  

ʇʦʩʪʨʦʝʥʠʝ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʟʘ ʩʯʝʪ 

ʩʦʚʤʝʩʪʥʦʛʦ ʫʯʘʩʪʠʷ ʤʥʦʞʝʩʪʚʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚ ʧʨʠ ʦʙʫʯʝʥʠʠ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ (ʌʆ), ʥʦ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʝ ʧʦʢʠʜʘʶʪ ʫʩʪʨʦʡʩʪʚʘ 

ʢʣʠʝʥʪʦʚ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʟʘʱʠʪʳ 

ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʧʨʠ ʵʪʦʤ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ 

ʦʙʴʝʜʠʥʷʶʪʩʷ ʨʝʟʫʣʴʪʘʪʳ ʦʙʫʯʝʥʠʷ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ [1]. 

ɸʢʪʠʚʥʦʝ ʨʘʟʚʠʪʠʝ ʪʝʭʥʦʣʦʛʠʡ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ (ʀʀ) [2] ʠ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ (ʄʆ) ʩʦʧʨʦʚʦʞʜʘʝʪʩʷ ʙʳʩʪʨʳʤ ʨʦʩʪʦʤ ʦʙʲʝʤʦʚ ʜʘʥʥʳʭ, 

ʬʦʨʤʠʨʫʝʤʳʭ ʩʦʚʨʝʤʝʥʥʳʤʠ ʠʥʬʦʨʤʘʮʠʦʥʥʳʤʠ ʩʠʩʪʝʤʘʤʠ. ɿʥʘʯʠʪʝʣʴʥʘʷ 

ʯʘʩʪʴ ʵʪʠʭ ʜʘʥʥʳʭ ʧʦʩʪʫʧʘʝʪ ʦʪ ʨʘʟʣʠʯʥʳʭ ʮʠʬʨʦʚʳʭ ʫʩʪʨʦʡʩʪʚ, ʩʝʥʩʦʨʦʚ ʠ 

ʦʥʣʘʡʥ-ʧʣʘʪʬʦʨʤ ʠ ʧʨʝʜʩʪʘʚʣʷʝʪ ʮʝʥʥʦʩʪʴ ʜʣʷ ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʦʙʨʘʙʦʪʢʠ, 

ʢʦʪʦʨʳʝ ʩʦʜʝʨʞʘʪ ʧʝʨʩʦʥʘʣʴʥʫʶ ʠ ʯʫʚʩʪʚʠʪʝʣʴʥʫʶ ʠʥʬʦʨʤʘʮʠʶ, ʯʪʦ 

ʩʫʱʝʩʪʚʝʥʥʦ ʫʩʣʦʞʥʷʝʪ ʟʘʜʘʯʠ ʦʙʝʩʧʝʯʝʥʠʷ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ 

ʟʘʱʠʪʳ ʧʨʠʚʘʪʥʦʡ ʞʠʟʥʠ ʧʦʣʴʟʦʚʘʪʝʣʝʡ. 

ʊʨʘʜʠʮʠʦʥʥʳʝ ʧʦʜʭʦʜʳ ʢ ʤʘʰʠʥʥʦʤʫ ʦʙʫʯʝʥʠʶ ʦʩʥʦʚʳʚʘʶʪʩʷ ʥʘ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʘʨʭʠʪʝʢʪʫʨʘʭ [3], ʚ ʢʦʪʦʨʳʭ ʜʘʥʥʳʝ ʦʪ ʤʥʦʞʝʩʪʚʘ ʢʣʠʝʥʪʦʚ 

ʠʣʠ ʫʟʣʦʚ ʩʦʙʠʨʘʶʪʩʷ ʠ ʭʨʘʥʷʪʩʷ ʥʘ ʦʜʥʦʤ ʩʝʨʚʝʨʝ ʜʣʷ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʠ, 

ʥʝʩʤʦʪʨʷ ʥʘ ʚʳʩʦʢʫʶ ʚʳʯʠʩʣʠʪʝʣʴʥʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʠ ʚʦʟʤʦʞʥʦʩʪʴ 

ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʤʦʱʥʳʭ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʠʥʩʪʨʫʤʝʥʪʦʚ, ʥʦ ʩʫʱʝʩʪʚʫʝʪ ʨʷʜ 

ʩʫʱʝʩʪʚʝʥʥʳʭ ʦʛʨʘʥʠʯʝʥʠʡ, ʪʘʢʠʝ ʢʘʢ ʢʦʥʮʝʥʪʨʘʮʠʷ ʜʘʥʥʳʭ ʚ ʦʜʥʦʤ ʤʝʩʪʝ 

ʟʥʘʯʠʪʝʣʴʥʦ ʫʚʝʣʠʯʠʚʘʝʪ ʨʠʩʢ ʠʭ ʫʪʝʯʢʠ ʠʣʠ ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʦʛʦ ʜʦʩʪʫʧʘ, 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʘʷ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ ʪʨʝʙʫʝʪ ʟʥʘʯʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʜʣʷ 

ʭʨʘʥʝʥʠʷ ʠ ʚʳʯʠʩʣʝʥʠʡ, ʯʪʦ ʫʩʣʦʞʥʷʝʪ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʝ ʩʠʩʪʝʤʳ, 

ʶʨʠʜʠʯʝʩʢʠʝ ʦʛʨʘʥʠʯʝʥʠʷ ʠ ʥʦʨʤʘʪʠʚʥʳʝ ʪʨʝʙʦʚʘʥʠʷ ʥʘʢʣʘʜʳʚʘʶʪ ʩʪʨʦʛʠʝ 

ʦʛʨʘʥʠʯʝʥʠʷ ʥʘ ʧʝʨʝʜʘʯʫ ʠ ʭʨʘʥʝʥʠʝ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʯʪʦ ʜʝʣʘʝʪ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʩʙʦʨ ʜʘʥʥʳʭ ʧʨʘʢʪʠʯʝʩʢʠ ʥʝʦʩʫʱʝʩʪʚʠʤʳʤ ʜʣʷ ʨʷʜʘ 

ʢʨʠʪʠʯʝʩʢʠ ʚʘʞʥʳʭ ʩʬʝʨ. 

ʊʝʨʤʠʥ çʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝè ʥʘʯʘʣ ʘʢʪʠʚʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʚ 

ʥʘʫʯʥʳʭ ʧʫʙʣʠʢʘʮʠʷʭ ʩ 2015 ʛʦʜʘ. ɺ ʨʘʤʢʘʭ ʦʙʟʦʨʘ ʥʘʫʯʥʦʡ ʣʠʪʝʨʘʪʫʨʳ, 

ʧʨʝʜʩʪʘʚʣʝʥʥʦʡ ʚ ʤʝʞʜʫʥʘʨʦʜʥʳʭ ʙʠʙʣʠʦʛʨʘʬʠʯʝʩʢʠʭ ʠ ʥʘʫʢʦʤʝʪʨʠʯʝʩʢʠʭ 

ʙʘʟʘʭ ʜʘʥʥʳʭ Scopus, IEEE, Google Scholar ʠ ʜʨʫʛʠʭ ʧʨʦʬʠʣʴʥʳʭ ʨʝʩʫʨʩʘʭ, 

ʙʳʣʘ ʚʳʧʦʣʥʝʥʘ ʩʠʩʪʝʤʘʪʠʯʝʩʢʘʷ ʦʮʝʥʢʘ ʩʦʩʪʦʷʥʠʷ ʠ ʪʝʥʜʝʥʮʠʡ ʨʘʟʚʠʪʠʷ 

ʜʘʥʥʦʛʦ ʥʘʫʯʥʦʛʦ ʥʘʧʨʘʚʣʝʥʠʷ. ʉʦʛʣʘʩʥʦ ʧʨʦʚʝʜʝʥʥʦʤʫ ʣʠʪʝʨʘʪʫʨʥʦʤʫ 

ʦʙʟʦʨʫ, ʚ 2015 ʛʦʜʫ [4] ʠ 2016 ʛʦʜʫ [5] ʧʦʷʚʠʣʠʩʴ ʧʝʨʚʳʝ ʠʩʩʣʝʜʦʚʘʥʠʷ, 

ʩʚʷʟʘʥʥʳʝ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ ʚ 

ʪʝʣʝʢʦʤʤʫʥʠʢʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤʘʭ. ɺ ʧʦʩʣʝʜʫʶʱʠʝ ʛʦʜʳ ʦʜʥʦʡ ʠʟ ʢʣʶʯʝʚʳʭ 

ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʟʘʜʘʯ ʩʪʘʣʦ ʩʥʠʞʝʥʠʝ ʢʦʤʤʫʥʠʢʘʪʠʚʥʦʡ ʥʘʛʨʫʟʢʠ ʚ 

ʧʨʦʮʝʩʩʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ɺ 2017 ʛʦʜʫ [6] ʠ 2018 ʛʦʜʫ [7] ʥʘʫʯʥʦʝ 

ʩʦʦʙʱʝʩʪʚʦ ʩʦʩʨʝʜʦʪʦʯʠʣʦʩʴ ʥʘ ʨʘʟʨʘʙʦʪʢʝ ʩʪʨʘʪʝʛʠʡ ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʨʝʩʫʨʩʦʚ 
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ʠ ʦʧʪʠʤʠʟʘʮʠʠ ʘʣʛʦʨʠʪʤʦʚ, ʧʦʟʚʦʣʷʶʱʠʭ ʩʥʠʟʠʪʴ ʟʘʪʨʘʪʳ ʥʘ ʧʝʨʝʜʘʯʫ ʜʘʥʥʳʭ 

ʤʝʞʜʫ ʫʟʣʘʤʠ ʩʝʪʠ, ʢʨʦʤʝ ʪʦʛʦ, ʚ ʵʪʦʪ ʧʝʨʠʦʜ ʘʢʪʠʚʥʦ ʠʟʫʯʘʣʠʩʴ ʤʝʭʘʥʠʟʤʳ 

ʦʙʝʩʧʝʯʝʥʠʷ ʫʩʪʦʡʯʠʚʦʩʪʠ ʢ ʜʠʬʬʝʨʝʥʮʠʘʣʴʥʳʤ ʘʪʘʢʘʤ ʥʘ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ [8]. 

ɼʣʷ ʩʦʭʨʘʥʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʙʝʟʦʧʘʩʥʦʩʪʠ ʧʨʠ ʦʙʨʘʙʦʪʢʝ 

ʜʘʥʥʳʭ ʥʝʦʙʭʦʜʠʤʦ ʨʘʟʨʘʙʦʪʘʪʴ ʪʘʢʠʝ ʤʝʪʦʜʳ, ʢʦʪʦʨʳʝ ʦʩʫʱʝʩʪʚʣʷʶʪ 

ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ ʧʨʷʤʦ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ ʙʝʟ ʥʝʦʙʭʦʜʠʤʦʩʪʠ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ [9], ʯʪʦ ʙʫʜʝʪ ʨʝʰʘʪʴ 

ʧʨʦʙʣʝʤʫ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

ɺ ʫʩʣʦʚʠʷʭ ʩʦʚʨʝʤʝʥʥʦʡ ʮʠʬʨʦʚʦʡ ʩʨʝʜʳ ʦʜʥʦʡ ʠʟ ʧʨʠʦʨʠʪʝʪʥʳʭ ʟʘʜʘʯ 

ʩʪʘʥʦʚʠʪʩʷ ʩʦʟʜʘʥʠʝ ʤʝʪʦʜʦʚ ʘʥʘʣʠʟʘ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʜʘʥʥʳʭ, ʩʧʦʩʦʙʥʳʭ 

ʵʬʬʝʢʪʠʚʥʦ ʬʫʥʢʮʠʦʥʠʨʦʚʘʪʴ ʧʨʠ ʩʪʨʦʛʠʭ ʪʨʝʙʦʚʘʥʠʷʭ ʢ ʟʘʱʠʪʝ ʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʠ. ʈʘʟʨʘʙʦʪʢʘ ʠ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʠʝ 

ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʭ ʥʘ ʨʘʙʦʪʫ ʩ 

ʛʝʪʝʨʦʛʝʥʥʳʤʠ ʠ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤʠ ʠʩʪʦʯʥʠʢʘʤʠ ʜʘʥʥʳʭ, ʷʚʣʷʝʪʩʷ ʟʥʘʯʠʤʳʤ 

ʥʘʧʨʘʚʣʝʥʠʝʤ ʥʘʫʯʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ, ʩʧʦʩʦʙʩʪʚʫʶʱʠʤ ʦʜʥʦʚʨʝʤʝʥʥʦ 

ʨʘʟʚʠʪʠʶ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʪʝʭʥʦʣʦʛʠʡ ʠ ʧʦʚʳʰʝʥʠʶ ʫʨʦʚʥʷ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʚ ʨʘʟʣʠʯʥʳʭ ʦʪʨʘʩʣʷʭ. 

ʆʙʣʘʜʘʷ ʚʳʩʦʢʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ, ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʦʙʫʯʝʥʠʝ 

ʩʪʘʣʢʠʚʘʝʪʩʷ ʩ ʨʷʜʦʤ ʢʣʶʯʝʚʳʭ ʧʨʦʙʣʝʤ: ʧʝʨʝʜʘʯʘ ʠ ʭʨʘʥʝʥʠʝ ʯʫʚʩʪʚʠʪʝʣʴʥʦʡ 

ʠʥʬʦʨʤʘʮʠʠ ʧʦʣʴʟʦʚʘʪʝʣʝʡ ʥʘ ʮʝʥʪʨʘʣʴʥʦʤ ʩʝʨʚʝʨʝ ʫʚʝʣʠʯʠʚʘʝʪ ʨʠʩʢ ʫʪʝʯʢʠ 

ʜʘʥʥʳʭ ʠ ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʦʛʦ ʜʦʩʪʫʧʘ, ʯʪʦ ʜʝʣʘʝʪ ʚʦʧʨʦʩ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʦʜʥʦʡ ʠʟ ʛʣʘʚʥʳʭ ʧʨʦʙʣʝʤ; ʧʨʦʮʝʩʩ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʪʨʝʙʫʝʪ ʟʥʘʯʠʪʝʣʴʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʤʦʱʥʦʩʪʝʡ, ʯʪʦ ʟʘʪʨʫʜʥʷʝʪ 

ʝʛʦ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʝ ʧʨʠ ʫʚʝʣʠʯʝʥʠʠ ʦʙʲʝʤʦʚ ʜʘʥʥʳʭ ʠ ʚʝʜʝʪ ʢ ʚʳʩʦʢʠʤ 

ʟʘʪʨʘʪʘʤ ʥʘ ʦʙʨʘʙʦʪʢʫ ʠʥʬʦʨʤʘʮʠʠ; ʧʝʨʝʜʘʯʘ ʙʦʣʴʰʠʭ ʦʙʲʝʤʦʚ ʜʘʥʥʳʭ ʤʝʞʜʫ 

ʢʣʠʝʥʪʩʢʠʤʠ ʫʩʪʨʦʡʩʪʚʘʤʠ ʠ ʩʝʨʚʝʨʦʤ ʤʦʞʝʪ ʧʝʨʝʛʨʫʞʘʝʪ ʩʝʪʴ ʠ ʟʘʤʝʜʣʷʝʪ 

ʦʙʨʘʙʦʪʢʫ ʠʥʬʦʨʤʘʮʠʠ ʠ ʧʨʝʧʷʪʩʪʚʫʝʪ ʧʨʦʮʝʩʩʫ ʨʘʙʦʪʳ ʦʙʫʯʝʥʠʷ ʚ ʨʝʘʣʴʥʦʤ 

ʚʨʝʤʝʥʠ. ʉʣʝʜʦʚʘʪʝʣʴʥʦ, ʚʦʟʥʠʢʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʨʘʟʨʘʙʦʪʢʠ ʪʘʢʠʭ ʤʝʪʦʜʦʚ, 

ʢʘʢ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ, ʢʦʪʦʨʦʝ ʜʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʦʙʨʘʙʘʪʳʚʘʪʴ ʜʘʥʥʳʝ 

ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦ ʠ ʫʤʝʥʴʰʘʪʴ ʫʪʝʯʢʫ ʠʥʬʦʨʤʘʮʠʠ, ʥʘʛʨʫʟʢʫ ʥʘ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʤʦʱʥʦʩʪʠ ʠ ʧʝʨʝʛʨʫʟʢʫ ʩʝʪʠ. 

ɼʣʷ ʨʝʰʝʥʠʷ ʵʪʠʭ ʧʨʦʙʣʝʤ ʙʳʣ ʨʘʟʨʘʙʦʪʘʥ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʧʦʜʭʦʜ 

ʌʆ, ʢʦʪʦʨʳʡ ʧʦʟʚʦʣʷʝʪ ʦʙʫʯʘʪʴ ʤʦʜʝʣʠ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ ʢʣʠʝʥʪʩʢʠʭ 

ʫʩʪʨʦʡʩʪʚʘʭ, ʩʦʭʨʘʥʷʷ ʣʦʢʘʣʴʥʦʩʪʴ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ. ɺʤʝʩʪʦ ʧʝʨʝʜʘʯʠ ʚʩʝʭ 

ʥʘʙʦʨʦʚ ʜʘʥʥʳʭ ʚ ʮʝʥʪʨʘʣʴʥʳʡ ʫʟʝʣ, ʌʆ ʧʦʟʚʦʣʷʝʪ ʢʘʞʜʦʤʫ ʢʣʠʝʥʪʫ ʦʙʫʯʘʪʴ 

ʤʦʜʝʣʴ ʣʦʢʘʣʴʥʦ ʠ ʦʪʧʨʘʚʣʷʪʴ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ (ʥʘʧʨʠʤʝʨ, ʚʝʩʦʚʳʝ 

ʧʘʨʘʤʝʪʨʳ ʠʣʠ ʛʨʘʜʠʝʥʪʳ) ʪʦʣʴʢʦ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ [10], ʛʜʝ ʦʥʠ 

ʦʙʲʝʜʠʥʷʶʪʩʷ ʜʣʷ ʦʙʫʯʝʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ʄʝʪʦʜ, ʦʩʥʦʚʘʥʥʳʡ ʥʘ ʧʨʠʥʮʠʧʘʭ ʌʆ [11], ʦʙʣʘʜʘʝʪ ʨʷʜʦʤ 

ʩʫʱʝʩʪʚʝʥʥʳʭ ʧʨʝʠʤʫʱʝʩʪʚ, ʪʘʢʠʭ ʢʘʢ ʧʦʚʳʰʝʥʥʘʷ ʟʘʱʠʪʘ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, ʪʘʢ ʢʘʢ ʜʘʥʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʝʡ ʦʩʪʘʶʪʩʷ ʥʘ ʠʭ 

ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ ʧʨʦʠʩʭʦʜʠʪ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ 

ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʦʙʝʩʧʝʯʠʪʴ ʩʦʦʪʚʝʪʩʪʚʠʝ ʥʦʨʤʘʪʠʚʥʳʤ 
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ʪʨʝʙʦʚʘʥʠʷʤ ʧʦ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʪʘʢʠʤ ʢʘʢ GDPR [12] ʠ 

HIPAA. ʀʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʠʢʦʛʜʘ ʥʝ ʧʦʢʠʜʘʶʪ ʫʩʪʨʦʡʩʪʚʦ ʧʦʣʴʟʦʚʘʪʝʣʷ ʠ ʵʪʦ 

ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʚ ʢʨʠʪʠʯʝʩʢʠ ʟʥʘʯʠʤʳʭ ʩʬʝʨʘʭ, ʛʜʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ 

ʷʚʣʷʝʪʩʷ ʧʨʠʦʨʠʪʝʪʥʦʡ, ʚʢʣʶʯʘʷ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʬʠʥʘʥʩʳ ʠ ʦʙʨʘʟʦʚʘʥʠʝ. ɺ 

ʪʨʘʜʠʮʠʦʥʥʳʭ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʩʠʩʪʝʤʘʭ ʦʙʨʘʙʦʪʢʘ ʙʦʣʴʰʠʭ ʦʙʲʝʤʦʚ 

ʜʘʥʥʳʭ ʪʨʝʙʫʝʪ ʟʥʘʯʠʪʝʣʴʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ, ʯʪʦ ʤʦʞʝʪ 

ʧʨʠʚʦʜʠʪʴ ʢ ʧʝʨʝʛʨʫʟʢʝ ʩʝʨʚʝʨʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʠ ʩʥʠʞʝʥʠʶ ʦʙʱʝʡ 

ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʠ ʩʠʩʪʝʤʳ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʧʦʜʭʦʜʘ, ʌʆ 

ʨʘʩʧʨʝʜʝʣʷʝʪ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʟʘʜʘʯʠ ʤʝʞʜʫ ʢʣʠʝʥʪʩʢʠʤʠ ʫʩʪʨʦʡʩʪʚʘʤʠ, 

ʧʦʟʚʦʣʷʷ ʚʳʧʦʣʥʷʪʴ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʠ ʧʝʨʝʜʘʚʘʪʴ ʥʘ ʩʝʨʚʝʨ ʪʦʣʴʢʦ 

ʘʛʨʝʛʠʨʦʚʘʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʯʪʦ ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʞʘʝʪ ʥʘʛʨʫʟʢʫ ʥʘ 

ʮʝʥʪʨʘʣʴʥʫʶ ʠʥʬʨʘʩʪʨʫʢʪʫʨʫ, ʧʦʚʳʰʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʠ ʫʣʫʯʰʘʝʪ 

ʙʳʩʪʨʦʜʝʡʩʪʚʠʝ ʩʠʩʪʝʤʳ. 

ʇʨʠ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʡ ʧʝʨʝʜʘʯʠ ʙʦʣʴʰʠʭ ʜʘʥʥʳʭ ʪʨʝʙʫʝʪ ʟʥʘʯʠʪʝʣʴʥʳʭ 

ʩʝʪʝʚʳʭ ʨʝʩʫʨʩʦʚ, ʧʨʝʛʨʫʟʢʝ ʩʝʪʠ ʠ ʟʘʤʝʪʥʦʤʫ ʨʦʩʪʫ ʟʘʜʝʨʞʝʢ. ʌʆ ʨʝʰʘʝʪ 

ʧʨʦʙʣʝʤʫ ʪʝʤ, ʯʪʦ ʚʤʝʩʪʦ ʩʘʤʠʭ ʜʘʥʥʳʭ ʧʝʨʝʜʘʶʪʩʷ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ 

ʤʦʜʝʣʠ, ʫʤʝʥʴʰʘʷ ʦʙʴʝʤ ʧʝʨʝʜʘʚʘʝʤʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʩʥʠʞʘʷ ʪʨʝʙʦʚʘʥʠʷ ʢ 

ʩʝʪʝʚʳʤ ʨʝʩʫʨʩʘʤ ʠ ʧʦʟʚʦʣʷʷ ʦʙʥʦʚʣʷʪʴ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ. 

ʄʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʷʚʣʷʝʪʩʷ ʟʥʘʯʠʪʝʣʴʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʌʆ, ʪʘʢʠʤ, ʯʪʦ 

ʨʘʩʧʨʝʜʝʣʝʥʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʦʙʨʘʙʘʪʳʚʘʝʪ ʜʘʥʥʳʝ, ʢʦʪʦʨʳʝ ʧʦʩʪʫʧʘʶʪ ʩ 

ʤʥʦʞʝʩʪʚʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚ, ʨʘʙʦʪʘʶʱʠʭ ʚ ʨʘʟʣʠʯʥʳʭ ʩʨʝʜʘʭ [13] ʠ 

ʜʝʣʘʝʪ ʝʛʦ ʤʥʦʛʦʦʙʝʱʘʶʱʠʤ ʜʣʷ ʧʨʠʤʝʥʝʥʠʷ ʚ ʀʥʪʝʨʥʝʪʝ ʚʝʱʝʡ (IoT), 

ʤʦʙʠʣʴʥʳʭ ʠ ʦʙʣʘʯʥʳʭ ʚʳʯʠʩʣʝʥʠʷʭ, ʧʨʠ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʦʜʥʦʚʨʝʤʝʥʥʦʡ 

ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʧʦʣʫʯʝʥʥʳʭ ʦʪ ʙʦʣʴʰʦʛʦ ʢʦʣʠʯʝʩʪʚʘ ʠʩʪʦʯʥʠʢʦʚ. ʌʆ 

ʧʦʟʚʦʣʷʝʪ ʤʦʜʝʣʷʤ ʤʘʩʰʪʘʙʠʨʦʚʘʪʴʩʷ ʠ ʧʦʜʩʪʨʘʠʚʘʪʴʩʷ ʢ ʤʝʥʷʶʱʠʤʩʷ 

ʫʩʣʦʚʠʷʤ ʵʢʩʧʣʫʘʪʘʮʠʠ ʜʣʷ ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ 

ʩʠʩʪʝʤ. ʇʨʠʤʝʥʝʥʠʝ ʌʆ ʧʦʚʳʰʘʝʪ ʫʨʦʚʝʥʴ ʟʘʱʠʪʳ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʜʘʥʥʳʭ, ʦʧʪʠʤʠʟʠʨʫʝʪ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʨʝʩʫʨʩʳ, ʩʥʠʞʘʝʪ 

ʥʘʛʨʘʟʢʫ ʥʘ ʩʝʪʴ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʨʝʰʝʥʠʡ. 

 

1.2 ʂʣʶʯʝʚʳʝ ʢʦʤʧʦʥʝʥʪʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʩʦʩʪʦʠʪ ʠʟ ʩʣʝʜʫʶʱʠʭ ʦʩʥʦʚʥʳʭ ʢʦʤʧʦʥʝʥʪʦʚ: 

ʂʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ ʤʥʦʞʝʩʪʚʦ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʫʟʣʦʚ, ʪʘʢʠʭ ʢʘʢ ʩʤʘʨʪʬʦʥʳ, ʧʣʘʥʰʝʪʳ, IoT-ʫʩʪʨʦʡʩʪʚʘ, 

ʩʝʨʚʝʨʳ ʠ ʜʨʫʛʠʝ ʫʩʪʨʦʡʩʪʚʘ, ʦʙʣʘʜʘʶʱʠʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʨʝʩʫʨʩʘʤʠ. 

ʂʘʞʜʳʡ ʠʟ ʵʪʠʭ ʫʟʣʦʚ ʦʙʣʘʜʘʝʪ ʩʧʦʩʦʙʥʦʩʪʴʶ ʦʙʨʘʙʘʪʳʚʘʪʴ ʣʦʢʘʣʴʥʳʝ 

ʜʘʥʥʳʝ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʚʳʧʦʣʥʷʪʴ ʦʙʫʯʝʥʠʝ ʤʦʝʣʠ ʧʨʷʤʦ ʥʘ ʫʩʪʨʦʡʩʪʚʝ, ʥʝ 

ʧʝʨʝʜʘʚʘʷ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. ʇʨʠ ʣʦʢʘʣʴʥʦʤ ʦʙʫʯʝʥʠʠ 

ʥʘ ʢʘʞʜʦʤ ʢʣʠʝʥʪʩʢʦʤ ʫʩʪʨʦʡʩʪʚʝ ʧʨʦʠʩʭʦʜʠʪ ʧʨʦʮʝʩʩ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʤʦʜʝʣʠ, ʘʣʛʦʨʠʪʤʳ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠʤʝʥʷʶʪʩʷ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʢ 

ʣʦʢʘʣʴʥʦʤʫ ʥʘʙʦʨʫ ʜʘʥʥʳʭ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʤʦʜʝʣʠ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʩʧʝʮʠʬʠʢʝ 

ʜʘʥʥʳʭ ʢʦʥʢʨʝʪʥʦʛʦ ʧʦʣʴʟʦʚʘʪʝʣʷ ʠʣʠ ʫʩʪʨʦʡʩʪʚʘ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʧʝʨʩʦʥʘʣʠʟʘʮʠʶ ʠ ʚʳʩʦʢʫʶ ʨʝʣʝʚʘʥʪʥʦʩʪʴ ʦʙʫʯʝʥʥʦʡ ʤʦʜʝʣʠ. 
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ʇʨʦʮʝʩʩ ʚʳʯʠʩʣʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ: ʥʘ ʢʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘʭ 

ʚʳʧʦʣʥʷʝʪʩʷ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʠ ʚʳʯʠʩʣʷʶʪʩʷ 

ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʪʘʢʠʝ ʢʘʢ ʛʨʘʜʠʝʥʪʳ ʠʣʠ ʠʟʤʝʥʝʥʠʷ ʚʝʩʦʚʳʭ 

ʢʦʵʬʬʠʮʠʝʥʪʦʚ. ʆʙʥʦʚʣʝʥʠʷ ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ ʩʞʘʪʫʶ ʠʥʬʦʨʤʘʮʠʶ ʦ 

ʥʝʦʙʭʦʜʠʤʳʭ ʢʦʨʨʝʢʪʠʨʦʚʢʘʭ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʧʨʝʜʦʩʪʘʚʣʷʷ ʚʦʟʤʦʞʥʦʩʪʴ 

ʘʜʘʧʪʠʨʦʚʘʪʴ ʝʝ ʙʝʟ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʧʝʨʝʜʘʯʠ ʥʝʦʙʨʘʙʦʪʘʥʥʳʭ ʜʘʥʥʳʭ ʥʘ 

ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ, ʯʪʦ ʚʳʧʦʣʥʷʝʪ ʫʩʣʦʚʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. ɹʣʘʛʦʜʘʨʷ 

ʣʦʢʘʣʴʥʦʤʫ ʦʙʫʯʝʥʠʶ ʧʝʨʩʦʥʘʣʴʥʳʝ ʠ ʠ ʯʫʚʩʪʚʠʪʝʣʴʥʳʝ ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ ʥʘ 

ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʘ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʥʦʨʤʘʪʠʚʥʳʤ ʪʨʝʙʦʚʘʥʠʷʤ ʧʦ ʟʘʱʠʪʝ 

ʜʘʥʥʳʭ ʠ ʛʘʨʘʥʪʠʨʫʝʪ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ. ʊʘʢʦʡ 

ʧʦʜʭʦʜ ʦʩʦʙʝʥʥʦ ʘʢʪʫʘʣʝʥ ʜʣʷ ʞʠʟʥʝʥʥʦ ʚʘʞʥʳʭ ʩʬʝʨ, ʪʘʢʠʭ ʢʘʢ 

ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʬʠʥʘʥʩʳ, ʦʙʨʘʟʦʚʘʥʠʝ ʠ ʪ.ʜ. 

ʈʘʟʥʦʦʙʨʘʟʠʝ ʫʩʪʨʦʡʩʪʚ ʠ ʛʝʪʝʨʦʛʝʥʥʦʩʪʴ ʷʚʣʷʶʪʩʷ ʚʘʞʥʳʤʠ 

ʬʚʢʪʦʨʘʤʠ, ʚʣʠʷʶʱʠʤʠ ʥʘ ʧʨʦʮʝʩʩ ʌʆ. ʂʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ ʤʦʛʫʪ 

ʟʥʘʯʠʪʝʣʴʥʦ ʨʘʟʣʠʯʘʪʴʩʷ ʧʦ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʤʦʱʥʦʩʪʠ, ʦʙʴʝʤʫ ʜʦʩʪʫʧʥʳʭ 

ʜʘʥʥʳʭ ʠ ʫʨʦʚʥʶ ʩʝʪʝʚʛʦ ʧʦʜʢʣʶʯʝʥʠʷ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʚʘʨʠʘʪʠʚʥʦʩʪʠ ʚ 

ʧʨʦʮʝʩʩʝ ʦʙʫʯʝʥʠʷ. ʊʘʢʠʝ ʨʘʟʣʠʯʠʷ ʩʦʟʜʘʶʪ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ ʩʣʦʞʥʦʩʪʠ ʧʨʠ 

ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʦʙʥʦʚʣʝʥʠʡ ʠ ʪʨʝʙʫʶʪ ʨʘʟʨʘʙʦʪʢʠ ʘʜʘʧʪʠʚʥʳʭ ʘʣʛʦʨʠʪʤʦʚ, 

ʩʧʦʩʦʙʥʳʭ ʫʯʠʪʳʚʘʪʴ ʩʧʝʮʠʬʠʢʫ ʢʘʞʜʦʛʦ ʫʩʪʨʦʡʩʪʚʘ.  

ʂʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ ʠʛʨʘʶʪ ʢʣʶʯʝʚʫʶ ʨʦʣʴ ʚ ʌʆ, ʦʙʝʩʧʝʯʠʚʘʷ 

ʣʦʢʘʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʜʘʥʥʳʭ, ʚʳʯʠʩʣʝʥʠʝ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʠ ʩʦʭʨʘʥʝʥʠʝ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʠ, ʯʪʦ ʷʚʣʷʝʪʩʷ ʦʩʥʦʚʦʡ ʜʣʷ ʧʦʩʪʦʨʦʝʥʠʷ 

ʵʬʬʝʢʪʠʚʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʩʠʩʪʝʤ ʄʆ. 

ɺ ʧʨʦʮʝʩʩʝ ʌʆ ʘʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʷʚʣʷʝʪʩʷ ʦʩʥʦʚʥʳʤ 

ʵʪʘʧʦʤ, ʚʦ ʚʨʝʤʷ ʢʦʪʦʨʦʛʦ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʩʦʙʠʨʘʝʪ ʠ ʦʙʴʝʜʠʥʷʝʪ 

ʦʙʥʦʚʣʝʥʠʷ, ʦʙʨʘʙʦʪʘʥʥʳʝ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ. ʇʦʩʣʝ ʟʘʚʝʨʰʝʥʠʷ 

ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʢʣʠʝʥʪʳ ʧʝʨʝʜʘʶʪ ʥʘ ʩʝʨʚʝʨ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ, ʪʘʢʠʝ 

ʢʘʢ ʛʨʘʜʠʝʥʪʳ ʠʣʠ ʠʟʤʝʥʝʥʠʷ ʚʝʩʦʚʳʭ ʢʦʵʬʬʠʮʠʝʥʪʦʚ, ʠʩʢʣʶʯʘʷ ʧʝʨʝʜʘʯʫ 

ʩʘʤʠʭ ʜʘʥʥʳʭ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʥʠʜʝʥʮʠʘʣʴʥʦʩʪʴ. ʉʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ 

ʧʦʣʫʯʝʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ, ʧʨʠʤʝʥʷʷ ʨʘʟʣʠʯʥʳʝ ʘʣʛʦʨʠʪʤʳ ʫʩʨʝʜʥʝʥʠʷ ʠ 

ʦʧʪʠʤʠʟʘʮʠʠ, ʚʢʣʶʯʘʷ Fedɸvg [14], ʢʦʪʦʨʦʝ ʚʳʧʦʣʥʷʝʪ ʩʨʝʜʥʝʚʟʚʝʰʝʥʥʦʝ 

ʦʙʴʝʜʠʥʝʥʠʝ ʦʙʥʦʚʣʝʥʠʡ, ʘ ʪʘʢʞʝ, ʢʦʪʦʨʳʝ ʫʯʠʪʳʚʘʶʪ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ 

ʧʘʨʘʤʝʪʨʳ, ʦʙʝʩʧʝʯʠʚʘʷ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʘʜʘʧʪʠʚʥʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʢ 

ʨʘʟʣʠʯʥʳʤ ʫʩʣʦʚʠʷʤ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʚʳʯʠʩʣʝʥʠʡ. 

ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʚʳʦʣʥʷʝʪ ʦʩʥʦʚʥʫʶ ʨʦʣʴ ʚ ʩʠʩʪʝʤʝ ʌʆ, ʩʦʙʠʨʘʷ 

ʦʙʥʦʚʣʝʥʠ ʤʦʜʝʣʠ, ʚʳʯʠʩʣʝʥʥʳʝ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ. ʇʦʩʣʝ 

ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠ ʢʘʞʜʦʤ ʢʣʠʝʥʪʝ, ʫʩʪʨʦʡʩʪʚʘ ʦʪʧʨʘʚʣʷʶʪ 

ʪʦʣʴʢʦ ʚʳʯʠʣʝʥʥʳʝ ʠʟʤʝʥʝʥʠʷ, ʥʘʧʨʠʤʝʨ, ʛʨʘʜʠʝʥʪʳ ʠʣʠ ʠʟʤʝʥʝʥʠʷ ʚʝʩʦʚʳʭ 

ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʥʘ ʩʝʨʚʝʨ, ʧʨʠ ʵʪʦʤ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ ʥʘ 

ʫʩʪʨʦʡʩʪʚʘʭ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ 

ʧʦʟʚʦʣʷʝʪ ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ ʨʠʩʢʠ ʫʪʝʯʢʠ ʠʥʬʦʨʤʘʮʠʠ [15]. ʉʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ 

ʵʪʠ ʦʙʥʦʚʣʝʥʠʷ ʩ ʫʯʝʪʦʤ ʜʘʥʥʳʭ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ. ɸʛʨʝʛʘʮʠʷ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʷʚʣʷʝʪʩʷ ʟʘʚʝʨʰʘʶʱʠʤ ʵʪʘʧʦʤ ʘʛʨʝʛʘʮʠʠ ʚ ʌʆ, ʧʨʠ ʵʪʦʤ ʮʝʥʪʨʘʣʴʥʳʡ 

ʩʝʨʚʝʨ ʦʙʥʦʚʣʷʝʪ ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ ʘʛʨʝʛʠʨʦʚʘʥʥʳʭ 
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ʜʘʥʥʳʭ, ʧʦʣʫʯʝʥʥʳʭ ʦʪ ʢʣʠʝʥʪʦʚ. ʀʥʪʝʛʨʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ, ʩʦʙʨʘʥʥʳʭ ʩ 

ʨʘʟʣʠʯʥʳʭ ʫʩʪʨʦʡʩʪʚ, ʧʦʟʚʦʣʷʝʪ ʤʦʜʝʣʠ ʫʯʠʪʳʚʘʪʴ ʨʘʟʥʦʦʙʨʘʟʠʝ ʣʦʢʘʣʴʥʳʭ 

ʜʘʥʥʳʭ, ʯʪʦ ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʠʡ [16], ʯʪʦ 

ʩʧʦʩʦʙʩʪʚʝʪ ʧʦʚʳʰʝʥʠʶ ʪʦʯʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ ʤʦʜʝʣʠ, ʧʨʠ ʵʪʦʤ ʘʜʘʧʪʠʨʫʷ 

ʢ ʩʧʝʮʠʬʠʯʝʩʢʠʤ ʦʩʦʙʝʥʥʦʩʪʷʤ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ. ɼʣʷ ʜʦʩʪʠʞʝʥʠʷ 

ʦʧʪʠʤʘʣʴʥʦʡ ʩʭʦʜʠʤʦʩʪʠ ʠʩʧʦʣʴʟʫʶʪʩʷ ʤʝʪʦʜʳ ʘʜʘʧʪʠʚʥʦʛʦ ʦʙʥʦʚʣʝʥʠʷ, 

ʚʢʣʶʯʘʷ Fedɸvg [17], ʘ ʪʘʢʞʝ ʙʦʣʝʝ ʩʣʦʞʥʳʝ ʘʣʛʦʨʠʪʤʳ ʦʧʪʠʤʠʟʘʮʠʠ FedOpt 

ʠ FedProx, ʢʦʪʦʨʳʝ ʫʯʠʪʳʚʘʶʪ ʨʘʟʣʠʯʠʷ ʚ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʤʦʱʥʦʩʪʷʭ ʠ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʭ ʜʘʥʥʳʭ ʢʣʠʝʥʪʘ. ɺ ʠʪʦʛʝ ʦʙʫʯʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ 

ʩʪʘʥʦʚʠʪʩʷ ʙʦʣʝʝ ʦʙʦʙʱʝʥʥʦʡ ʠ ʧʨʠʤʝʥʠʤʦʡ ʢ ʰʠʨʦʢʦʤʫ ʩʧʝʢʪʨʫ ʜʘʥʥʳʭ, 

ʦʙʝʩʧʝʯʠʚʘʷ ʚʳʩʦʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠ ʧʦʩʣʝʜʫʶʱʠʭ ʠʪʝʨʘʮʠʷʭ 

ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ [18]. 

ɿʘʢʣʶʯʠʪʝʣʴʥʳʤ ʵʪʘʧʦʤ ʠʪʝʨʘʮʠʦʥʥʦʛʦ ʧʨʦʮʝʩʩʘ ʌʆ ʷʚʣʷʝʪʩʷ 

ʧʝʨʝʨʘʩʧʨʝʜʝʣʝʥʠʝ ʦʙʥʦʚʣʝʥʥʦʡ ʤʦʜʝʣʠ. ʇʦʩʣʝ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ ʥʘ 

ʩʝʨʚʝʨʝ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʦʪʧʨʘʚʣʷʝʪʩʷ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ ʠ ʜʘʣʝʝ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʩʣʝʜʫʶʱʝʤ ʮʠʢʣʝ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʇʨʦʮʝʩʩ 

ʜʚʫʩʪʦʨʦʥʥʝʛʦ ʦʙʤʝʥʘ ʠʥʬʦʨʤʘʮʠʝʡ ʤʝʞʜʫ ʩʝʨʚʝʨʦʤ ʠ ʢʣʠʝʥʪʘʤʠ ʧʦʚʪʦʨʷʝʪʩʷ 

ʚ ʪʝʯʝʥʠʝ ʥʝʩʢʦʣʴʢʠʭ ʨʘʫʥʜʦʚ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʤʦʜʝʣʠ ʧʦʰʘʛʦʚʦ 

ʫʣʫʯʰʘʪʴʩʷ ʠ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʥʦʚʳʤ ʜʘʥʥʳʤ. ʇʦ ʤʝʨʝ ʥʘʢʦʧʣʝʥʠʷ 

ʦʙʥʦʚʣʝʥʠʡ ʠ ʠʭ ʠʥʪʝʛʨʘʮʠʠ ʚ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʧʦʚʳʰʘʝʪʩʷ ʝʝ ʪʦʯʥʦʩʪʴ, 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʩʧʦʩʦʙʥʦʩʪʴ ʢ ʦʙʦʙʱʝʥʠʶ, ʯʪʦ ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʧʨʠ ʨʘʙʦʪʝ ʩ 

ʥʝʦʜʥʦʨʦʜʥʳʤʠ ʜʘʥʥʳʤʠ [19], ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʜʠʥʘʤʠʯʝʩʢʫʶ ʘʜʘʧʪʘʮʠʶ 

ʤʦʜʝʣʠ ʢ ʠʟʤʝʥʝʥʠʷʤ ʚ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ ʧʦʣʴʟʦʚʘʪʝʣʝʡ, ʘ ʪʘʢʞʝ ʫʯʠʪʳʚʘʝʪ 

ʦʩʦʙʝʥʥʦʩʪʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʝʡ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ, ʜʝʣʘʷ ʌʆ ʙʦʣʝʝ 

ʵʬʬʝʢʪʠʚʥʳʤ ʠ ʤʘʩʰʪʘʙʠʨʫʝʤʳʤ. 

ʆʩʥʦʚʥʫʶ ʨʦʣʴ ʚ ʦʨʛʘʥʠʟʘʮʠʠ ʌʆ ʠʛʨʘʶʪ ʫʧʨʘʚʣʝʥʠʝ ʠ ʢʦʦʨʜʠʥʘʮʠʷ 

ʧʨʦʮʝʩʩʘ. ʇʦʤʠʤʦ ʚʳʧʦʣʥʝʥʠʷ ʘʛʨʝʛʘʮʠʠ ʠ ʦʙʥʦʚʣʝʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, 

ʬʝʜʝʨʘʪʠʚʥʳʡ ʩʝʨʚʝʨ ʦʪʚʝʯʘʝʪ ʟʘ ʩʠʥʭʨʦʥʠʟʘʮʠʶ ʨʘʙʦʪʳ ʢʣʠʝʥʪʩʢʠʭ 

ʫʩʪʨʦʡʩʪʚ, ʤʦʥʠʪʦʨʠʥʛ ʧʨʦʛʨʝʩʩʘ ʦʙʫʯʝʥʠʷ ʠ ʘʜʘʧʪʘʮʠʶ ʧʘʨʘʤʝʪʨʦʚ [20], ʯʪʦ 

ʚʢʣʶʯʘʝʪ ʚ ʩʝʙʷ ʫʧʨʘʚʣʝʥʠʝ ʨʘʩʧʨʝʜʝʣʝʥʠʝʤ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʥʘʛʨʫʟʦʢ, 

ʦʧʨʝʜʝʣʝʥʠʝ ʢʨʠʪʝʨʠʝʚ ʟʘʚʝʨʰʝʥʠʷ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ ʜʠʥʘʤʠʯʝʩʢʫʶ 

ʥʘʩʪʨʦʡʢʫ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ ʜʣʷ ʦʧʪʠʤʠʟʘʮʠʠ ʩʭʦʜʠʤʦʩʪʠ ʤʦʜʝʣʠ. 

ʂʦʥʪʨʦʣʴ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʧʦʟʚʦʣʷʝʪ ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ ʟʘʜʝʨʞʢʠ ʚ 

ʧʝʨʝʜʘʯʝ ʦʙʥʦʚʣʝʥʠʡ, ʦʙʝʩʧʝʯʠʚʘʷ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʤʝʞʜʫ 

ʢʣʠʝʥʪʘʤʠ. ʄʦʥʠʪʦʨʠʥʛ ʧʨʦʛʨʝʩʩʘ ʦʙʫʯʝʥʠʷ ʚʢʣʶʯʘʝʪ ʘʥʘʣʠʟ ʠʟʤʝʥʝʥʠʡ ʚ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʦʮʝʥʢʫ ʢʘʯʝʩʪʚʘ ʩʭʦʜʠʤʦʩʪʠ ʠ ʚʳʷʚʣʝʥʠʝ ʧʦʪʝʥʮʠʘʣʴʥʳʭ 

ʧʨʦʙʣʝʤ, ʪʘʢʠʭ ʢʘʢ, ʥʝʙʘʣʘʥʩʠʨʦʚʘʥʥʦʝ ʦʙʥʦʚʣʝʥʠʝ ʚʝʩʦʚ ʠʣʠ ʨʘʩʭʦʞʜʝʥʠʝ 

ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ. ʉʝʨʚʝʨ ʚʳʧʦʣʥʷʝʪ ʘʜʘʧʪʘʮʠʶ ʧʨʘʤʝʪʨʦʚ ʦʙʫʯʝʥʠʷ, 

ʨʝʛʫʣʠʨʫʷ ʯʘʩʪʦʪʫ ʦʙʥʦʚʣʝʥʠʡ, ʢʦʣʠʯʝʩʪʚʦ ʚʦʚʣʝʢʘʝʤʳʭ ʢʣʠʝʥʪʦʚ ʠ ʩʪʨʘʪʝʛʠʶ 

ʘʛʨʝʛʘʮʠʶ, ʧʦʚʳʰʘʷ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʌʆ, ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʝ 

ʩʝʪʝʚʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ [21-23], ʘ ʪʘʢʞʝ ʛʘʨʘʥʪʠʨʦʚʘʪʴ 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʠ ʛʝʪʝʨʦʛʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʌʝʜʝʨʘʪʠʚʥʳʡ ʩʝʨʚʝʨ [24] ʷʚʣʷʝʪʩʷ ʮʝʥʪʨʘʣʴʥʳʤ ʟʚʝʥʦʤ ʩʠʩʪʝʤʳ, 

ʢʦʪʦʨʦʝ ʥʝ ʪʦʣʴʢʦ ʦʙʴʝʜʠʥʷʝʪ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʧʦʣʫʯʝʥʥʳʭ ʩ 



21 

 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʫʩʪʨʦʡʩʪʚ, ʥʦ ʠ ʛʘʨʘʥʪʠʨʫʝʪ, ʯʪʦ ʠʪʦʛʦʚʘʷ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ 

ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʚʳʩʦʢʠʤ ʪʨʝʙʦʚʘʥʠʷʤ ʧʦ ʪʦʯʥʦʩʪʠ, ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʠ ʠ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʜʘʥʥʳʭ. 

ɺ ʧʨʦʮʝʩʩʝ ʌʆ ʦʙʝʩʧʝʯʝʥʠʝ ʙʝʟʦʧʘʩʥʦʩʪʠ, ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ 

ʮʝʣʦʩʪʥʦʩʪʠ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʮʝʥʪʨʘʣʴʥʳʤ ʩʝʨʚʝʨʦʤ 

ʷʚʣʷʝʪʩʷ ʢʣʶʯʝʚʳʤ ʘʩʧʝʢʪʦʤ, ʠʩʧʦʣʴʟʫʷ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʝ ʟʘʱʠʱʝʥʥʳʝ 

ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʳʝ ʧʨʦʪʦʢʦʣʳ, ʢʦʪʦʨʳʝ ʧʦʟʚʦʣʷʶʪ ʙʝʟʦʧʘʩʥʦ ʦʙʤʝʥʠʚʘʪʴʩʷ 

ʦʙʥʦʚʣʝʥʠʷʤʠ ʤʦʜʝʣʠ ʙʝʟ ʨʘʩʢʨʳʪʠʷ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ [25]. 

ʆʩʥʦʚʥʳʝ ʧʨʠʝʤʳ ʟʘʱʠʱʝʥʥʦʛʦ ʦʙʤʝʥʘ ʚ ʌʆ ʚʢʣʶʯʘʶʪ ʥʝʩʢʦʣʴʢʦ 

ʘʩʧʝʢʪʦʚ. ʂʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʦʩʪʠʛʘʝʪʩʷ ʟʘ ʩʯʝʪ ʪʦʛʦ, ʯʪʦ ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ 

ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʘ ʧʝʨʝʜʘʚʘʝʤʳʝ ʦʙʥʦʚʣʝʥʠʷ ʰʠʬʨʫʶʪʩʷ ʧʝʨʝʜ 

ʦʪʧʨʘʚʣʝʥʠʝʤ ʥʘ ʩʝʨʚʝʨ, ʯʪʦ ʤʠʥʠʤʠʟʠʨʫʝʪ ʨʠʩʢʠ ʫʪʝʯʢʠ ʠ 

ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʦʛʦ ʜʦʩʪʫʧʘ. ʎʝʣʦʩʪʥʦʩʪʴ ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʧʨʦʚʝʨʢʦʡ 

ʢʦʨʨʝʢʪʥʦʩʪʠ ʠ ʥʝʠʟʤʝʥʥʦʩʪʠ ʧʝʨʝʜʘʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ, ʯʪʦ 

ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʚʦʟʤʦʞʥʳʝ ʘʪʘʢʠ ʟʣʦʫʤʳʰʣʝʥʥʠʢʦʚ ʥʘ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ. 

ɸʫʪʝʥʪʠʬʠʢʘʮʠʷ ʠʛʨʘʝʪ ʚʘʞʥʫʶ ʨʦʣʴ ʚ ʌʆ, ʪʘʢ ʢʘʢ ʧʦʟʚʦʣʷʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴ 

ʤʝʭʘʥʠʟʤʳ ʚʝʨʠʬʠʢʘʮʠʠ ʢʣʠʝʥʪʦʚ, ʦʙʝʩʧʝʯʠʚʘʷ ʜʦʩʪʫʧ ʢ ʦʙʫʯʝʥʠʶ ʪʦʣʴʢʦ 

ʜʦʚʝʨʝʥʥʳʤ ʫʯʘʩʪʥʠʢʘʤ [26].  

ʌʆ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʧʦʜʭʦʜ ʢ ʄʆ, ʧʨʠ ʢʦʪʦʨʦʤ 

ʤʦʜʝʣʠ ʦʙʫʯʘʶʪʩʷ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʘ ʥʝ ʥʘ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʤ ʩʝʨʚʝʨʝ. ʄʝʪʦʜ ʨʘʟʨʘʙʘʪʳʚʘʣʩʷ ʩ ʮʝʣʴʶ ʨʝʰʝʥʠʷ ʦʩʥʦʚʥʳʭ 

ʤʦʤʝʥʪʦʚ ʩʦʚʨʝʤʝʥʥʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ, ʦʩʦʙʝʥʥʦ ʩʚʷʟʘʥʥʳʭ ʩ ʟʘʱʠʪʦʡ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, ʵʢʦʥʦʤʠʝʡ ʨʝʩʫʨʩʦʚ ʠ ʩʥʠʞʝʥʠʝʤ ʟʘʪʨʘʪ ʥʘ ʧʝʨʝʜʘʯʫ 

ʠʥʬʦʨʤʘʮʠʠ [27, 28]. ʆʩʥʦʚʥʦʝ ʧʨʝʠʤʫʱʝʩʪʚʦ ʌʆ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʪʦʤ, ʯʪʦ 

ʜʘʥʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʝʡ ʥʝ ʧʦʢʠʜʘʶʪ ʠʭ ʫʩʪʨʦʡʩʪʚʘ. ɺʤʝʩʪʦ ʵʪʦʛʦ ʧʨʦʠʩʭʦʜʠʪ 

ʚʳʯʠʩʣʝʥʠʝ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʧʨʷʤʦ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʘ ʟʘʪʝʤ ʵʪʠ 

ʦʙʥʦʚʣʝʥʠʷ ʧʝʨʝʜʘʶʪʩʷ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ, ʛʜʝ ʦʥʠ ʘʛʨʝʛʠʨʫʶʪʩʷ ʜʣʷ 

ʬʦʨʤʠʨʦʚʘʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ [29]. ʩʦʦʪʚʝʪʩʪʚʝʥʥʦ, ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ 

ʦʩʪʘʶʪʩʷ ʣʦʢʘʣʴʥʳʤʠ, ʘ ʧʝʨʝʜʘʶʪʩʷ ʣʠʰʴ ʩʚʦʜʥʳʝ ʧʘʨʘʤʝʪʨʳ, ʯʪʦ ʪʘʢʞʝ 

ʦʪʚʝʯʘʝʪ ʩʦʚʨʝʤʝʥʥʳʤ ʥʦʨʤʘʪʠʚʥʳʤ ʪʨʝʙʦʚʘʥʠʷʤ ʧʦ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʳʭ 

ʜʘʥʥʳʭ [30]. 

ʕʬʬʝʢʪʠʚʥʦʩʪʴ ʌʆ ʥʘʧʨʷʤʫʶ ʟʘʚʠʩʠʪ ʦʪ ʩʨʝʜʳ ʝʛʦ ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ. 

ɺ ʧʝʨʚʫʶ ʦʯʝʨʝʜʴ, ʵʪʦ ʘʧʧʘʨʘʪʥʦʝ ʦʙʝʩʧʝʯʝʥʠʝ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚ, ʢʦʪʦʨʦʝ 

ʜʦʣʞʥʦ ʦʙʝʩʧʝʯʠʚʘʪʴ ʜʦʩʪʘʪʦʯʥʳʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʤʦʱʥʦʩʪʠ ʜʣʷ ʧʨʦʚʝʜʝʥʠʷ 

ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʇʨʦʛʨʘʤʤʥʦʝ ʦʙʝʩʧʝʯʝʥʠʝ, ʨʝʘʣʠʟʫʶʱʝʝ ʘʣʛʦʨʠʪʤʳ 

ʌʆ, ʜʦʣʞʥʦ ʙʳʪʴ ʘʜʘʧʪʠʨʦʚʘʥʦ ʜʣʷ ʨʘʙʦʪʳ ʚ ʫʩʣʦʚʠʷʭ ʦʛʨʘʥʠʯʝʥʥʳʭ 

ʨʝʩʫʨʩʦʚ ʠ ʨʘʟʥʦʨʦʜʥʦʩʪʠ ʫʩʪʨʦʡʩʪʚ. ʉʝʪʝʚʘʷ ʠʥʬʨʘʩʪʨʫʢʪʫʨʘ ʠʛʨʘʝʪ ʚʘʞʥʫʶ 

ʨʦʣʴ, ʪʘʢ ʢʘʢ ʢʘʯʝʩʪʚʦ ʠ ʩʢʦʨʦʩʪʴ ʧʝʨʝʜʘʯʠ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʥʘʧʨʷʤʫʶ 

ʚʣʠʷʶʪ ʥʘ ʚʨʝʤʷ ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ ʦʙʱʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʩʠʩʪʝʤʳ. 

ʆʙʣʘʩʪʠ ʧʨʠʤʝʥʝʥʠʷ ʌʆ ʚʘʨʴʠʨʫʶʪʩʷ ʦʪ ʤʝʜʠʮʠʥʳ ʠ ʬʠʥʘʥʩʦʚ ʜʦ 

ʦʙʨʘʟʦʚʘʥʠʷ ʠ ʚʦʝʥʥʦʛʦ ʦʙʨʘʟʦʚʘʥʠʷ. ʂʘʞʜʘʷ ʠʟ ʵʪʠʭ ʦʪʨʘʩʣʝʡ ʧʨʝʜʲʷʚʣʷʝʪ 

ʩʧʝʮʠʬʠʯʝʩʢʠʝ ʪʨʝʙʦʚʘʥʠʷ ʢ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ 

ʦʙʨʘʙʘʪʳʚʘʝʤʳʭ ʜʘʥʥʳʭ, ʘ ʪʘʢʞʝ ʢ ʪʦʯʥʦʩʪʠ ʠ ʘʜʘʧʪʠʚʥʦʩʪʠ ʦʙʫʯʘʝʤʳʭ 
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ʤʦʜʝʣʝʡ. ʅʘʧʨʠʤʝʨ, ʚ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʠ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʦʟʚʦʣʷʝʪ 

ʩʦʟʜʘʚʘʪʴ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʤʦʜʝʣʠ ʜʠʘʛʥʦʩʪʠʢʠ, ʥʝ ʥʘʨʫʰʘʷ ʪʨʝʙʦʚʘʥʠʡ 

ʢ ʟʘʱʠʪʝ ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ [31], ʚ ʬʠʥʘʥʩʦʚʦʤ ʩʝʢʪʦʨʝ - 

ʨʘʟʨʘʙʘʪʳʚʘʪʴ ʩʠʩʪʝʤʳ ʦʙʥʘʨʫʞʝʥʠʷ ʤʦʰʝʥʥʠʯʝʩʪʚʘ, ʘ ʚ ʦʙʨʘʟʦʚʘʥʠʠ - 

ʦʙʝʩʧʝʯʠʚʘʪʴ ʘʜʘʧʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ, ʫʯʠʪʳʚʘʶʱʝʝ ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ 

ʦʩʦʙʝʥʥʦʩʪʠ ʩʪʫʜʝʥʪʦʚ [32]. ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʥʝ ʪʦʣʴʢʦ ʨʝʰʘʝʪ 

ʧʨʦʙʣʝʤʫ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʟʘ ʩʯʝʪ ʣʦʢʘʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ, ʥʦ ʠ 

ʦʧʪʠʤʠʟʠʨʫʝʪ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʠ ʩʝʪʝʚʳʭ ʨʝʩʫʨʩʦʚ, ʯʪʦ ʜʝʣʘʝʪ 

ʝʛʦ ʦʩʦʙʝʥʥʦ ʧʝʨʩʧʝʢʪʠʚʥʳʤ ʜʣʷ ʚʥʝʜʨʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʩʦʚʨʝʤʝʥʥʦʡ 

ʮʠʬʨʦʚʦʡ ʪʨʘʥʩʬʦʨʤʘʮʠʠ ʨʘʟʣʠʯʥʳʭ ʦʪʨʘʩʣʝʡ ʵʢʦʥʦʤʠʢʠ [33]. 

 

1.3 ʄʝʨʳ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ 

ʌʆ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʷ 

ʥʝʦʙʨʘʙʦʪʘʥʥʫʶ ʠʥʬʦʨʤʘʮʠʶ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʥʦ ʜʣʷ ʫʚʝʣʠʯʝʥʠʷ 

ʫʨʦʚʥʷ ʙʝʟʦʧʘʩʥʦʩʪʠ ʧʨʠʤʝʥʷʶʪʩʷ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ ʤʝʨʳ ʟʘʱʠʪʳ. 

ɼʠʬʬʝʨʝʥʮʠʘʣʴʥʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʦʙʘʚʣʷʝʪ ʰʫʤ ʢ ʦʙʥʦʚʣʝʥʠʷʤ 

ʤʦʜʝʣʠ ʧʝʨʝʜ ʠʭ ʧʝʨʝʜʘʯʝʡ ʥʘ ʩʝʨʚʝʨ, ʯʪʦ ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ 

ʚʦʩʩʪʘʥʦʚʣʝʥʠʷ ʠʩʭʦʜʥʳʭ ʢʣʠʝʥʪʩʢʠʭ ʜʘʥʥʳʭ. 

ɹʝʟʦʧʘʩʥʳʝ ʤʥʦʛʦʩʪʦʨʦʥʥʠʝ ʚʳʯʠʩʣʝʥʠʷ Secure Multi-Party Computation 

(ʜʘʣʝʝ SMPS) ʧʦʟʚʦʣʷʶʪ ʟʘʰʠʬʨʦʚʘʪʴ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ ʪʘʢʠʤ ʦʙʨʘʟʦʤ, 

ʯʪʦʙʳ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʥʝ ʠʤʝʣ ʜʦʩʪʫʧʘ ʢ ʦʪʜʝʣʴʥʳʤ ʢʣʠʝʥʪʩʢʠʤ ʜʘʥʥʳʤ, 

ʥʦ ʧʨʠ ʵʪʦʤ ʤʦʞʝʪ ʘʛʨʝʛʠʨʦʚʘʪʴ ʠʭ [34]. ɻʦʤʦʤʦʨʬʥʦʝ ʰʠʬʨʦʚʘʥʠʝ 

ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʚʳʧʦʣʥʷʪʴ ʚʳʯʠʩʣʝʥʠʷ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘʜ 

ʟʘʰʠʬʨʦʚʘʥʥʳʤʠ ʜʘʥʥʳʤʠ, ʥʝ ʪʨʝʙʫʷ ʠʭ ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʨʘʩʰʠʬʨʦʚʢʠ, ʯʪʦ 

ʜʦʧʦʣʥʠʪʝʣʴʥʦ ʩʥʠʞʘʝʪ ʨʠʩʢʠ ʫʪʝʯʢʠ ʠʥʬʦʨʤʘʮʠʠ. ʌʆ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʷ ʥʝʦʙʨʘʙʦʪʘʥʥʳʝ ʜʘʥʥʳʝ ʥʘ ʣʦʢʘʣʴʥʳʭ 

ʫʩʪʨʦʡʩʪʚʘʭ, ʦʜʥʘʢʦ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ ʤʝʨʳ ʙʝʟʦʧʘʩʥʦʩʪʠ ʧʦʟʚʦʣʷʶʪ 

ʟʥʘʯʠʪʝʣʴʥʦ ʧʦʚʳʩʠʪʴ ʫʨʦʚʝʥʴ ʟʘʱʠʪʳ ʠ ʥʘʜʝʞʥʦʩʪʠ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ. 

ɼʠʬʬʝʨʝʥʮʠʘʣʴʥʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ 

ʚʦʩʩʪʘʥʦʚʣʝʥʠʝ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʟʘ ʩʯʝʪ ʜʦʙʘʚʣʝʥʠʷ ʩʣʫʯʘʡʥʦʛʦ ʰʫʤʘ ʢ 

ʦʙʥʦʚʣʝʥʠʷʤ ʤʦʜʝʣʠ ʧʝʨʝʜ ʠʭ ʧʝʨʝʜʘʯʝʡ ʥʝ ʩʝʨʚʝʨ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʟʘʱʠʪʫ 

ʜʘʞʝ ʩʣʫʯʘʝ ʘʥʘʣʠʟʘ ʧʝʨʝʜʘʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ ʟʣʦʫʤʳʰʣʝʥʥʠʢʘʤʠ [35]. ɼʣʷ 

ʦʙʝʩʧʝʯʝʥʠʷ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠ ʩʦʭʨʘʥʝʥʠʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʧʨʝʜʣʘʛʘʝʪʩʷ ʤʝʪʦʜ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʦʝ ʌʆ, 

ʦʩʥʦʚʘʥʥʦʝ ʥʘ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʙʝʟʦʧʘʩʥʳʭ ʤʥʦʛʦʩʪʦʨʦʥʥʠʭ ʚʳʯʠʩʣʝʥʠʡ SMPC 

[36], ʢʦʪʦʨʦʝ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʢʨʠʧʪʦʛʨʘʬʠʯʝʩʢʠʡ ʤʝʪʦʜ, ʧʦʟʚʦʣʷʶʱʠʡ 

ʟʘʰʠʬʨʦʚʘʪʴ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ ʪʘʢʠʤ ʦʙʨʘʟʦʤ, ʯʪʦʙʳ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʥʝ ʧʦʣʫʯʘʝʪ ʜʦʩʪʫʧ ʢ ʦʪʜʝʣʴʥʳʤ ʢʦʣʠʝʥʪʩʢʠʤ ʜʘʥʥʳʤ, ʥʦ ʧʨʠ ʵʪʦʤ 

ʢʦʨʨʝʢʪʥʦʘʛʨʝʛʠʨʫʝʪ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ. 

ɻʦʤʦʤʦʨʬʥʦʝ ʰʠʬʨʦʚʘʥʠʝ ʷʚʜʷʝʪʩʷ ʧʝʨʝʜʦʚʦʡ ʪʝʭʥʦʣʦʛʠʝʡ, 

ʧʦʟʚʦʣʷʶʱʝʡ ʚʳʧʦʣʥʷʪʴ ʚʳʯʠʩʣʝʥʠʷ ʥʘʜ ʟʘʰʠʬʨʦʚʘʥʥʳʤʠ ʜʘʥʥʳʤʠ ʙʝʟ ʠʭ 

ʨʘʩʰʠʬʨʦʚʢʠ, ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʧʦʚʳʰʘʝʪ ʫʨʦʚʝʥʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. 

ɼʦʧʦʣʥʠʪʝʣʴʥʦ, ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʚʠʟʘʥʪʠʡʩʢʠʤ ʦʰʠʙʢʘʤ (BFT) ʟʘʱʠʱʘʝʪ 

ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʦʪ ʚʨʝʜʦʥʦʩʥʳʤ ʢʣʠʝʥʪʦʚ, ʢʦʪʦʨʳʝ ʤʦʛʫʪ ʦʪʧʨʘʚʣʷʪʴ 
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ʠʩʢʘʞʝʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ, ʧʳʪʘʷʩʴ ʦʪʨʘʚʠʪʴ ʤʦʜʝʣʴ ʠ ʩʥʠʟʠʪʴ ʝʝ ʪʦʯʥʦʩʪʴ. ɺ 

ʩʪʘʪʴʝ [37] ʧʨʝʜʩʪʘʚʣʝʥ ʤʝʪʦʜ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʌʆ, ʫʩʪʦʡʯʠʚʦʛʦ ʢ 

ʚʠʟʘʥʪʠʡʩʢʠʤ ʩʙʦʷʤ. ɸʚʪʦʨʳ ʧʨʝʜʣʘʛʘʶʪ ʦʜʥʦʨʘʥʛʦʚʫʶ ʩʝʪʴ (ʈ2ʈ), ʛʜʝ 

ʪʨʘʥʩʧʦʨʪʥʦʝ ʩʨʝʜʩʪʚʦ ʩʦʪʨʫʜʥʠʯʘʝʪ ʚ ʦʙʫʯʝʥʠʠ ʤʦʜʝʣʠ ʙʝʟ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

ʮʝʥʪʨʘʣʴʥʦʛʦ ʩʝʨʚʝʨʘ, ʘ ʤʝʭʘʥʠʟʤʳ ʦʙʝʩʧʝʯʠʚʘʶʪ ʟʘʱʠʪʫ ʦʪ ʥʝʥʘʜʝʞʥʳʭ ʠʣʠ 

ʚʨʝʜʦʥʦʩʥʳʭ ʫʯʘʩʪʥʠʢʦʚ. ɺ ʩʦʚʦʢʫʧʥʦʩʪʠ ʵʪʠ ʤʝʪʦʜʳ ʜʝʣʘʶʪ ʌʆ ʙʝʟʦʧʘʩʥʳʤ 

ʠ ʥʘʜʝʞʥʳʤ ʨʝʰʝʥʠʝʤ ʜʣʷ ʢʨʠʪʠʯʝʩʢʠ ʚʘʞʥʳʭ ʦʙʣʘʩʪʝʡ, ʢʘʢ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, 

ʬʠʥʘʥʩʳ ʠ ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ. ʏʘʱʝ ʌʆ 

ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʨʘʟʣʠʯʥʳʭ ʦʙʣʘʩʪʷʭ [38], ʛʜʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ, 

ʙʝʟʦʧʘʩʥʦʩʪʴ ʜʘʥʥʳʭ ʠ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʦʙʫʯʝʥʠʝ ʠʤʝʶʪ ʨʝʰʘʶʱʝʝ 

ʟʥʘʯʝʥʠʝ, ʢʘʢ ʩʬʝʨʘ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʷ ʠ ʤʝʜʠʮʠʥʩʢʠʝ ʠʩʩʣʝʜʦʚʘʥʠʷ, ʛʜʝ ʌʆ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʜʠʘʛʥʦʩʪʠʢʠ ʟʘʙʦʣʝʚʘʥʠʡ [39], ʧʦʟʚʦʣʷʷ 

ʙʦʣʴʥʠʮʘʤ ʠ ʥʘʫʯʥʦ-ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʤ ʠʥʩʪʠʪʫʪʘʤ ʦʙʫʯʘʪʴ ʤʦʜʝʣʠ ʄʆ ʥʘ 

ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʜʘʥʥʳʭ ʧʘʮʠʝʥʪʦʚ ʙʝʟ ʧʝʨʝʜʘʯʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʡ 

ʠʥʬʦʨʤʘʮʠʠ. ɺ ʦʙʣʘʩʪʠ ʤʝʜʠʮʠʥʩʢʦʡ ʚʠʟʫʘʣʠʟʘʮʠʠ ʌʆ ʩʧʦʩʦʙʩʪʚʫʝʪ 

ʩʦʚʤʝʩʪʥʦʤʫ ʦʙʫʯʝʥʠʶ ʤʦʜʝʣʝʡ ʚ ʨʘʟʥʳʭ ʙʦʣʴʥʠʮʘʭ, ʯʪʦ ʧʦʚʳʰʘʝʪ ʪʦʯʥʦʩʪʴ 

ʜʠʘʛʥʦʩʪʠʢʠ, ʥʘʧʨʠʤʝʨ, ʚ ʚʳʷʚʣʝʥʠʠ ʦʥʢʦʣʦʛʠʯʝʩʢʠʭ ʟʘʙʦʣʝʚʘʥʠʡ ʠ ʘʥʘʣʠʟʝ 

ʨʝʥʪʛʝʥʦʣʦʛʠʯʝʩʢʠʭ ʩʥʠʤʢʦʚ [40-42], ʢʨʦʤʝ ʪʦʛʦ, ʥʦʩʠʤʳʝ ʫʩʪʨʦʡʩʪʚʘ, ʢʘʢ 

ʫʤʥʳʝ ʯʘʩʳ ʠ ʬʠʪʥʝʩ-ʪʨʝʢʝʨʳ ʧʨʠʤʝʥʷʶʪ ʌʆ ʜʣʷ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʨʝʢʦʤʝʥʜʘʮʠʡ ʧʦ ʟʜʦʨʦʚʴʶ, ʧʨʠ ʵʪʦʤ ʦʙʝʩʧʝʯʠʚʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ 

ʧʦʣʴʟʦʚʘʪʝʣʝʡ. ɺ ʬʠʥʘʥʩʦʚʦʡ ʩʬʝʨʝ ʠ ʙʘʥʢʦʚʩʢʦʤ ʜʝʣʝ ʌʆ ʠʩʧʦʣʴʟʫʝʪʩʷ ʜʣʷ 

ʦʙʥʘʨʫʞʝʥʠʷ ʤʦʰʝʥʥʠʯʝʩʪʚʘ, ʧʦʟʚʦʣʷʷ ʙʘʥʢʘʤ ʩʦʚʤʝʩʪʥʦ ʦʙʫʯʘʪʴ ʤʦʜʝʣʠ 

ʚʳʷʚʣʷʷ ʧʦʜʦʟʨʠʪʝʣʴʥʳʭ ʪʨʘʥʟʘʢʮʠʡ ʙʝʟ ʨʘʩʢʨʳʪʠʷ ʜʘʥʥʳʭ ʢʣʠʝʥʪʦʚ [43], ʠ ʚ 

ʢʨʝʜʠʪʥʦʤ ʩʢʦʨʠʥʛʝ ʥʝʩʢʦʣʴʢʦ ʬʠʥʘʥʩʦʚʳʭ ʦʨʛʘʥʠʟʘʮʠʡ ʤʦʛʫʪ ʠʩʧʦʣʴʟʦʚʘʪʴ 

ʌʆ ʜʣʷ ʫʣʫʯʰʝʥʠʷ ʤʦʜʝʣʝʡ ʦʮʝʥʢʠ ʨʠʩʢʦʚ, ʥʝ ʦʙʴʝʜʠʥʷʷ ʬʠʥʘʥʩʦʚʳʝ ʟʘʧʠʩʠ 

ʢʣʠʝʥʪʦʚ ʚ ʝʜʠʥʫʶ ʙʘʟʫ. ʄʝʪʦʜ ʘʢʪʠʚʥʦ ʧʨʠʤʝʥʷʝʪʩʷ ʜʣʷ ʙʦʨʴʙʳ ʩ ʦʪʤʳʚʘʥʠʝʤ 

ʜʝʥʝʛ, ʧʦʤʦʛʘʷ ʚʳʷʚʣʷʪʴ ʧʦʜʦʟʨʠʪʝʣʴʥʳʝ ʪʨʘʥʟʘʢʮʠʠ ʚ ʨʘʟʣʠʯʥʳʭ ʬʠʥʘʥʩʦʚʳʭ 

ʦʨʛʘʥʠʟʘʮʠʷʭ ʧʨʠ ʩʦʙʣʶʜʝʥʠʠ ʪʨʝʙʦʚʘʥʠʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. ɺ ʦʙʣʘʩʪʠ 

ʫʤʥʳʭ ʛʦʨʦʜʦʚ ʚ ʀʥʪʝʨʥʝʪʝ ʚʝʱʝʡ [44], ʌʆ ʧʨʠʤʝʥʷʝʪʩʷ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʠ ʦʧʪʠʤʠʟʘʮʠʠ ʜʦʨʦʞʥʦʛʦ ʜʚʠʞʝʥʠʷ, ʧʦʟʚʦʣʷʷ ʛʦʨʦʜʩʢʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʝ 

ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʧʦʪʦʢʠ ʪʨʘʬʠʢʘ, ʠʩʧʦʣʴʟʫʷ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʝ ʜʘʥʥʳʝ ʦʪ 

ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠ ʜʘʪʯʠʢʦʚ. ʌʆ ʩʧʦʩʦʙʩʪʚʫʝʪ ʫʧʨʘʚʣʝʥʠʶ 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʝʤ, ʧʦʟʚʦʣʷʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʤ ʵʥʝʨʛʦʩʝʪʷʤ 

ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʤʦʜʝʣʠ ʧʦʪʨʝʙʣʝʥʠʷ ʵʣʝʢʪʨʦʵʥʝʨʛʠʠ, ʥʝ ʧʦʜʚʝʨʛʘʷ ʨʠʩʢʫ 

ʜʘʥʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʝʡ. ɺ ʩʬʝʨʝ ʘʚʪʦʥʦʤʥʦʛʦ ʪʨʘʥʩʧʦʨʪʘ ʧʦʜʢʣʶʯʝʥʥʳʝ 

ʘʚʪʦʤʦʙʠʣʠ ʠʩʧʦʣʴʟʫʶʪ ʌʆ ʜʣʷ ʦʙʤʝʥʘ ʠʥʬʦʨʤʘʮʠʝʡ ʦ ʜʦʨʦʞʥʳʭ ʫʩʣʦʚʠʷʭ ʠ 

ʩʭʝʤʘʭ ʚʦʞʜʝʥʠʷ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ ʚʦʜʠʪʝʣʝʡ. 

ɺ ʦʙʣʘʩʪʠ ʧʝʨʠʬʝʨʠʡʥʳʭ ʚʳʯʠʩʣʝʥʠʡ ʠ ʤʦʙʠʣʴʥʳʭ ʧʨʠʣʦʞʝʥʠʡ ʌʆ 

ʧʨʠʤʝʥʷʝʪʩʷ ʜʣʷ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ ʨʝʢʦʤʝʥʜʘʮʠʡ, ʫʣʫʯʰʘʷ ʨʘʙʦʪʫ 

ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʚ ʪʘʢʠʭ ʧʨʠʣʦʞʝʥʠʷʭ, ʢʘʢ ʢʣʘʚʠʘʪʫʨʳ, ʥʘʧʨʠʤʝʨ 

Gboard ʦʪ Google ʠ ʚʠʨʪʫʘʣʴʥʳʝ ʧʦʤʦʱʥʠʢʠ. ɺ ʤʦʜʝʣʷʭ ʨʝʯʠ ʠ ʷʟʳʢʘ ʌʆ 

ʧʦʤʦʛʘʝʪ ʦʙʫʯʘʪʴ ʤʦʜʝʣʠ ʨʘʩʧʦʟʥʘʚʘʥʠʷ ʨʝʯʠ ʙʝʟ ʟʘʛʨʫʟʢʠ ʛʦʣʦʩʦʚʳʭ ʜʘʥʥʳʭ 

ʥʘ ʮʝʥʪʨʘʣʴʥʳʝ ʩʝʨʚʝʨʳ, ʯʪʦ ʧʦʚʳʰʘʝʪ ʫʨʦʚʝʥʴ ʟʘʱʠʪʳ ʠʥʬʦʨʤʘʮʠʠ. 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʧʝʨʠʬʝʨʠʡʥʦʝ ʦʙʫʯʝʥʠʝ ʩʥʠʞʘʝʪ ʟʘʚʠʩʠʤʦʩʪʴ ʦʪ ʦʙʣʘʯʥʳʭ 
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ʚʳʯʠʩʣʝʥʠʡ, ʦʙʫʯʘʷ ʤʦʜʝʣʠ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʧʝʨʠʬʝʨʠʡʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʯʪʦ ʫʤʝʥʴʰʘʝʪ ʟʘʜʝʨʞʢʠ ʠ ʟʘʪʨʘʪʳ ʥʘ ʧʦʣʦʩʫ 

ʧʨʦʧʫʩʢʘʥʠʷ. ʌʆ ʘʢʪʠʚʥʦ ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʩʬʝʨʝ ʢʠʙʝʨʙʝʟʦʧʘʩʥʦʩʪʠ ʠ 

ʦʙʥʘʨʫʞʝʥʠʷ ʫʛʨʦʟ. ɺ ʩʠʩʪʝʤʘʭ ʦʙʥʘʨʫʞʝʥʠʷʭ ʚʪʦʨʞʝʥʠʡ ʤʝʪʦʜ ʧʦʟʚʦʣʷʝʪ 

ʚʳʷʚʣʷʪʴ ʫʛʨʦʟʳ ʢʠʙʝʨʙʝʟʦʧʘʩʥʦʩʪʠ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ, ʘʥʘʣʠʟʠʨʫʷ ʜʘʥʥʳʝ 

ʦʪ ʥʝʩʢʦʣʴʢʠʭ ʦʨʛʘʥʠʟʘʮʠʡ [45]. ɺ ʦʙʥʘʨʫʞʝʥʠʠ ʚʨʝʜʦʥʦʩʥʳʭ ʧʨʦʛʨʘʤʤ ʌʆ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʚʤʝʩʪʥʫʶ ʨʘʙʦʪʫ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʫʩʪʨʦʡʩʪʚ [46] ʜʣʷ 

ʚʳʷʚʣʝʥʠʷ ʥʦʚʳʭ ʫʛʨʦʟ ʙʝʟ ʨʘʩʢʨʳʪʠʷ ʞʫʨʥʘʣʦʚ ʙʝʟʦʧʘʩʥʦʩʪʠ. ɺ ʦʙʥʘʨʫʞʝʥʠʠ 

ʙʦʪʥʝʪʦʚ ʌʆ ʩʧʦʩʦʙʩʪʚʫʝʪ ʨʘʟʨʘʙʦʪʢʝ ʵʬʬʝʢʪʠʚʥʳʭ ʩʪʨʘʪʝʛʠʡ ʙʦʨʴʙʳ ʩ 

ʢʠʙʝʨʘʪʘʢʘʤʠ, ʠʩʧʦʣʴʟʫʷ ʜʘʥʥʳʝ ʠʟ ʨʘʟʥʳʭ ʩʝʪʝʡ ʜʣʷ ʩʚʦʝʚʨʝʤʝʥʥʦʛʦ 

ʨʝʘʛʠʨʦʚʘʥʠʷ. ɺ ʦʙʣʘʩʪʠ ʦʙʨʘʟʦʚʘʥʠʷ ʠ ʵʣʝʢʪʨʦʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʌʆ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʜʣʷ ʩʦʟʜʘʥʠʷ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ ʤʦʜʝʣʝʡ ʦʙʫʯʝʥʠʷ, ʧʦʟʚʦʣʷʷ 

ʫʥʠʚʝʨʩʠʪʝʪʘʤ ʠ ʦʥʣʘʡʥ-ʧʣʘʪʬʦʨʤʘʤ ʨʘʟʨʘʙʘʪʳʚʘʪʴ ʘʜʘʧʪʠʚʥʳʝ ʫʯʝʙʥʳʝ 

ʧʨʦʛʨʘʤʤʳ ʥʘ ʦʩʥʦʚʝ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʜʘʥʥʳʭ ʦ ʩʪʫʜʝʥʪʘʭ. ʄʝʪʦʜ 

ʧʨʠʤʝʥʷʝʪʩʷ ʥʘ ʨʘʟʨʘʙʦʪʢʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʧʨʝʧʦʜʘʚʘʪʝʣʝʡ ʠ ʯʘʪ-ʙʦʪʦʚ, 

ʢʦʪʦʨʳʝ ʧʦʚʳʰʘʶʪ ʪʦʯʥʦʩʪʴ ʩʚʦʠʭ ʦʪʚʝʪʦʚ, ʘʥʘʣʠʟʠʨʫʷ ʚʟʘʠʤʦʜʝʡʩʪʚʠʝ ʩ 

ʫʯʘʱʠʤʠʩʷ. ɺ ʩʬʝʨʝ ʢʦʥʪʨʦʣʷ ʯʝʩʪʥʦʩʪʠ ʵʢʟʘʤʝʥʦʚ ʌʆ ʫʣʫʯʰʘʝʪ 

ʦʙʥʘʨʫʞʝʥʠʝ ʩʣʫʯʘʝʚ ʤʦʰʝʥʥʠʯʝʩʪʚʘ ʩ ʧʦʤʦʱʴʶ ʀʀ ʧʨʠ ʧʨʦʚʝʜʝʥʠʠ ʦʥʣʘʡʥ-

ʪʝʩʪʠʨʦʚʘʥʠʷ, ʧʨʠ ʵʪʦʤ ʥʝ ʥʘʨʫʰʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʩʪʫʜʝʥʪʦʚ. ʌʆ 

ʩʪʘʥʦʚʠʪʩʷ ʢʣʶʯʝʚʦʡ ʪʝʭʥʦʣʦʛʠʝʡ ʜʣʷ ʤʥʦʞʝʩʪʚʘ ʦʪʨʘʩʣʝʡ, ʦʙʝʩʧʝʯʠʚʘʷ 

ʙʘʣʘʥʩ ʤʝʞʜʫ ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ ʤʦʜʝʣʝʡ ʠ ʟʘʱʠʪʦʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ 

ʜʘʥʥʳʭ. 

ʌʆ ʭʦʨʦʰʦ ʧʦʜʭʦʜʠʪ ʜʣʷ ʚʳʰʝʫʧʦʤʷʥʫʪʳʭ ʦʙʣʘʩʪʝʡ ʧʨʠʤʝʥʝʥʠʷ [47], 

ʧʦʩʢʦʣʴʢʫ ʦʥʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʠ ʙʝʟʦʧʘʩʥʦʩʪʴ ʜʘʥʥʳʭ, 

ʩʦʭʨʘʥʷʷ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʫʶ ʠʥʬʦʨʤʘʮʠʶ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ ʠ 

ʠʩʢʣʶʯʘʷ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʝʝ ʧʝʨʝʜʘʯʠ ʥʘ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʩʝʨʚʝʨ, ʯʪʦ 

ʩʥʠʞʘʝʪ ʧʦʪʨʝʙʥʦʩʪʴ ʚ ʤʘʩʰʪʘʙʥʦʡ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʝ ʜʣʷ 

ʭʨʘʥʝʥʠʷ ʜʘʥʥʳʭ, ʫʤʝʥʴʰʘʝʪ ʟʘʪʨʘʪʳ ʥʘ ʝʝ ʦʙʩʣʫʞʠʚʘʥʠʝ. ʌʆ ʧʦʟʚʦʣʷʝʪ 

ʦʙʫʯʘʪʴ ʠ ʦʙʥʦʚʣʷʪʴ ʤʦʜʝʣʠ ʚ ʨʝʞʠʤʝ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ, ʦʙʝʩʧʝʯʠʚʘʷ ʠʭ 

ʘʜʘʧʪʘʮʠʶ ʙʝʟ ʧʨʝʨʳʚʘʥʠʷ ʨʘʙʦʪʳ ʩʠʩʪʝʤʳ. ʆʜʥʠʤ ʠʟ ʩʫʱʝʩʪʚʝʥʥʳʭ 

ʧʨʝʠʤʫʱʝʩʪʚ ʷʚʣʷʝʪʩʷ ʧʦʜʜʝʨʞʢʘ ʦʙʫʯʝʥʠʷ ʥʘ ʦʩʥʦʚʝ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, 

ʯʪʦ ʜʝʣʘʝʪ ʵʪʦʪ ʧʦʜʭʦʜ ʵʬʬʝʢʪʠʚʥʳʤ ʚ ʨʘʟʥʦʦʙʨʘʟʥʳʭ ʠ ʥʝʦʜʥʦʨʦʜʥʳʭ ʩʨʝʜʘʭ. 

ʉʨʝʜʘ ʌʆ ʚʢʣʶʯʘʝʪ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʝ ʢʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ, 

ʟʘʱʠʱʝʥʥʳʝ ʢʘʥʘʣʳ ʩʚʷʟʠ ʠ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʝ ʬʨʝʡʤʚʦʨʢʠ ʌʆ, 

ʦʙʝʩʧʝʯʠʚʘʶʱʠʝ ʧʨʦʮʝʩʩ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ ʩʦʭʨʘʥʝʥʠʝʤ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ. ʆʙʣʘʩʪʠ ʧʨʠʤʝʥʝʥʠʷ ʌʆ ʦʭʚʘʪʳʚʘʶʪ 

ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʬʠʥʘʥʩʳ, ʀʥʪʝʨʥʝʪ ʚʝʱʝʡ, ʤʦʙʠʣʴʥʳʝ ʧʨʠʣʦʞʝʥʠʷ, 

ʢʠʙʝʨʙʝʟʦʧʘʩʥʦʩʪʴ ʠ ʦʙʨʘʟʦʚʘʥʠʝ ʦʪʨʘʩʣʠ, ʚ ʢʦʪʦʨʳʭ ʟʘʱʠʪʘ ʧʝʨʩʦʥʘʣʴʥʦʡ 

ʠʥʬʦʨʤʘʮʠʠ, ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʠʥʪʝʣʣʝʢʪ ʠ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ ʚ ʨʝʘʣʴʥʦʤ 

ʚʨʝʤʝʥʠ ʠʤʝʶʪ ʨʝʰʘʶʱʝʝ ʟʥʘʯʝʥʠʝ [48]. ʉʦʚʦʢʫʧʥʦʩʪʴ ʫʢʘʟʘʥʥʳʭ ʬʘʢʪʦʨʦʚ 

ʜʝʣʘʝʪ ʌʆ ʧʝʨʩʧʝʢʪʠʚʥʳʤ ʧʦʜʭʦʜʦʤ ʜʣʷ ʨʘʟʚʠʪʠʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʩʠʩʪʝʤ 

ʥʘ ʦʩʥʦʚʝ ʀʀ, ʦʪʚʝʯʘʶʱʠʭ ʩʦʚʨʝʤʝʥʥʳʤ ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤ, ʵʪʠʯʝʩʢʠʤ ʠ 

ʥʦʨʤʘʪʠʚʥʳʤ ʪʨʝʙʦʚʘʥʠʷʤ [49].  
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1.4 ʊʨʝʙʦʚʘʥʠʷ ʢ ʨʘʟʚʠʪʠʶ ʠ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʠʶ ʌʆ 

ʈʘʟʚʠʪʠʝ ʌʆ ʢʘʢ ʧʘʨʘʜʠʛʤʳ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʄʆ ʪʨʝʙʫʝʪ ʧʦʩʪʦʷʥʥʦʛʦ 

ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʠʷ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʝʛʦ ʵʬʬʝʢʪʠʚʥʦʩʪʠ, ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʠ, 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʧʨʠʤʝʥʠʤʦʩʪʠ ʚ ʨʘʟʣʠʯʥʳʭ ʩʬʝʨʘʭ, ʯʪʦ ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʝʛʦ 

ʵʚʦʣʶʮʠʠ ʥʝʦʙʭʦʜʠʤʦ ʫʯʠʪʳʚʘʪʴ ʥʝʩʢʦʣʴʢʦ ʚʘʞʥʳʭ ʪʨʝʙʦʚʘʥʠʡ, ʪʘʢʠʭ ʢʘʢ 

ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ ʵʬʬʝʢʪʠʚʥʦʩʪʴ, ʧʦʩʢʦʣʴʢʫ ʌʆ ʜʦʣʞʥʦ 

ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʨʘʙʦʪʝ ʚ ʙʦʣʴʰʠʭ ʩʝʪʷʭ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚ, ʩʦʭʨʘʥʷʷ ʧʨʠ 

ʵʪʦʤ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʠ ʤʠʥʠʤʘʣʴʥʳʝ ʟʘʪʨʘʪʳ ʥʘ ʚʳʯʠʩʣʝʥʠʷ. ɼʣʷ 

ʜʦʩʪʠʞʝʥʠʷ ʵʪʦʡ ʮʝʣʠ ʚʘʞʥʦ ʚʥʝʜʨʝʥʠʝ ʵʬʬʝʢʪʠʚʥʳʭ ʤʝʪʦʜʦʚ ʘʛʨʝʛʘʮʠʠ 

ʤʦʜʝʣʝʡ, ʪʘʢʠʭ ʢʘʢ ʬʝʜʝʨʘʪʠʚʥʦʝ ʫʩʨʝʜʥʝʥʠʝ, ʢʦʪʦʨʳʝ ʜʦʣʞʥʳ ʙʳʪʴ 

ʦʧʪʠʤʠʟʠʨʦʚʘʥʳ ʜʣʷ ʩʥʠʞʝʥʠʷ ʥʘʢʣʘʜʥʳʭ ʨʘʩʭʦʜʦʚ ʥʘ ʧʝʨʝʜʘʯʫ ʜʘʥʥʳʭ ʙʝʟ 

ʫʱʝʨʙʘ ʜʣʷ ʪʦʯʥʦʩʪʠ ʤʦʜʝʣʠ. ʉʠʩʪʝʤʳ ʌʆ ʜʦʣʞʥʳ ʧʦʜʜʝʨʞʠʚʘʪʴ ʘʜʘʧʪʠʚʥʦʝ 

ʫʯʘʩʪʠʝ ʢʣʠʝʥʪʦʚ, ʯʪʦ ʧʨʝʜʧʦʣʘʛʘʝʪ ʜʠʥʘʤʠʯʝʩʢʠʡ ʚʳʙʦʨ ʫʩʪʨʦʡʩʪʚ ʜʣʷ 

ʦʙʫʯʝʥʠʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʠʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʝʡ, ʧʨʦʧʫʩʢʥʦʡ 

ʩʧʦʩʦʙʥʦʩʪʠ ʩʝʪʠ ʠ ʢʘʯʝʩʪʚʘ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ. 

ɺʘʞʥʫʶ ʨʦʣʴ ʠʛʨʘʶʪ ʩʪʨʘʪʝʛʠʠ ʦʙʫʯʝʥʠʷ ʩ ʫʯʝʪʦʤ ʨʝʩʫʨʩʦʚ, ʢʦʪʦʨʳʝ 

ʥʘʧʨʘʚʣʝʥʳ ʥʘ ʨʘʟʨʘʙʦʪʢʫ ʦʙʣʝʛʯʝʥʥʳʭ ʤʦʜʝʣʝʡ, ʧʦʜʭʦʜʷʱʠʭ ʜʣʷ 

ʤʘʣʦʤʦʱʥʳʭ ʫʩʪʨʦʡʩʪʚ, ʪʘʢʠʭ ʢʘʢ ʩʠʩʪʝʤʳ ʀʥʪʝʨʥʝʪʘ ʚʝʱʝʡ, ʤʦʙʠʣʴʥʳʝ 

ʫʩʪʨʦʡʩʪʚʘ ʠ ʧʝʨʠʬʝʨʠʡʥʳʝ ʚʳʯʠʩʣʝʥʠʷ ʠ ʨʘʩʰʠʨʷʝʪ ʧʨʠʤʝʥʝʥʠʝ ʌʆ ʚ ʩʨʝʜʘʭ 

ʩ ʦʛʨʘʥʠʯʝʥʥʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʨʝʩʫʨʩʘʤʠ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʠ ʦʙʝʩʧʝʯʠʚʘʷ ʚʦʟʤʦʞʥʦʩʪʴ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʷ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʤʦʜʝʣʝʡ [50]. 

ʈʘʟʚʠʪʠʝ ʠ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʠʝ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʪʨʝʙʫʶʪ 

ʤʥʦʛʦʛʨʘʥʥʦʛʦ ʧʦʜʭʦʜʘ, ʢʦʪʦʨʳʡ ʫʯʠʪʳʚʘʝʪ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ, 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ, ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʢʦʤʤʫʥʠʢʘʮʠʠ, ʧʝʨʩʦʥʘʣʠʟʘʮʠʶ, 

ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ, ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʝʡ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʥʝʦʜʥʦʨʦʜʥʳʤ 

ʜʘʥʥʳʤ. ɹʫʜʫʱʠʝ ʥʘʧʨʘʚʣʝʥʠʷ ʠʩʩʣʝʜʦʚʘʥʠʡ ʜʦʣʞʥʳ ʙʳʪʴ ʩʦʩʨʝʜʦʪʦʯʝʥʳ ʥʘ 

ʨʘʟʨʘʙʦʪʢʝ ʩʠʩʪʝʤ ʌʆ, ʢʦʪʦʨʳʝ ʙʘʣʘʥʩʠʨʫʶʪ ʪʦʯʥʦʩʪʴ ʩ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ, ʦʙʝʩʧʝʯʠʚʘʶʪ ʤʝʭʘʥʠʟʤʳ ʩʦʭʨʘʥʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ 

ʠ ʦʙʝʩʧʝʯʠʚʘʶʪ ʘʜʘʧʪʠʨʫʝʤʦʩʪʴ ʢ ʨʘʟʣʠʯʥʳʤ ʨʝʘʣʴʥʳʤ ʧʨʠʣʦʞʝʥʠʷʤ. 

ʉʦʦʪʚʝʪʩʪʚʫʷ ʵʪʠʤ ʪʨʝʙʦʚʘʥʠʷʤ, ʌʆ ʤʦʞʝʪ ʙʳʪʴ ʰʠʨʦʢʦ ʧʨʠʥʷʪ ʚ ʪʘʢʠʭ 

ʦʪʨʘʩʣʷʭ, ʢʘʢ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʬʠʥʘʥʩʳ ʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʧʝʨʠʬʝʨʠʡʥʳʝ 

ʚʳʯʠʩʣʝʥʠʷ, ʧʨʠ ʵʪʦʤ ʩʦʙʣʶʜʘʷ ʵʪʠʯʝʩʢʠʝ ʠ ʥʦʨʤʘʪʠʚʥʳʝ ʪʨʝʙʦʚʘʥʠʷ. 

ʆʧʪʠʤʠʟʘʮʠʷ ʠʛʨʘʝʪ ʚʘʞʥʫʶ ʨʦʣʴ ʚ ʌʆ, ʧʦʩʢʦʣʴʢʫ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ 

ʭʘʨʘʢʪʝʨ ʧʦʜʭʦʜʘ ʩʦʟʜʘʝʪ ʨʷʜ ʪʨʫʜʥʦʩʪʝʡ ʪʘʢʠʝ ʢʘʢ, ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʩʚʷʟʠ, 

ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʝʡ ʠ ʥʝʦʜʥʦʨʦʜʥʦʩʪʴ ʢʣʠʝʥʪʩʢʠʭ ʜʘʥʥʳʭ. ɺ ʵʪʦʤ ʨʘʟʜʝʣʝ 

ʧʨʝʜʩʪʘʚʣʝʥ ʦʙʟʦʨ ʦʙʱʠʭ ʤʝʪʦʜʦʚ ʦʧʪʠʤʠʟʘʮʠʠ ʌʆ ʠ ʢʦʥʢʨʝʪʥʳʝ ʤʝʪʦʜʳ, 

ʢʦʪʦʨʳʝ ʨʘʟʨʘʙʦʪʘʥʳ ʨʘʟʣʠʯʥʳʝ ʤʝʪʦʜʳ ʦʧʪʠʤʠʟʘʮʠʠ ʜʣʷ ʧʦʚʳʰʝʥʠʷ 

ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʠ, ʩʪʘʙʠʣʴʥʦʩʪʠ ʠ ʪʦʯʥʦʩʪʠ ʚ ʩʨʝʜʘʭ ʌʆ. ɺ ʌʆ ʜʣʷ 

ʜʦʩʪʠʞʝʥʠʷ ʚʳʩʦʢʦʛʦ ʢʘʯʝʩʪʚʘ ʤʦʜʝʣʠ ʨʘʟʨʘʙʦʪʘʣʠ ʩʪʨʘʪʝʛʠʠ ʦʧʪʠʤʠʟʘʮʠʠ, 

ʢʦʪʦʨʳʝ ʫʩʢʦʨʷʶʪ ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʝʡ, ʩʧʨʘʚʣʷʶʪʩʷ ʩ ʥʝʦʜʥʦʨʦʜʥʦʩʪʴʶ 

ʜʘʥʥʳʭ ʧʣʶʩ ʩʥʠʞʘʶʪ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʠ ʩʝʪʝʚʳʝ ʟʘʪʨʘʪʳ. 

ʉʥʠʞʝʥʠʝ ʟʘʪʨʘʪ ʥʘ ʧʝʨʝʜʘʯʫ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʮʝʥʪʨʘʣʴʥʳʤ 

ʩʝʨʚʝʨʦʤ ʷʚʣʷʝʪʩʷ ʦʩʥʦʚʥʦʡ ʟʘʜʘʯʝʡ ʌʆ. ɺʳʩʦʢʘʷ ʯʘʩʪʦʪʘ ʦʙʤʝʥʘ 
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ʧʘʨʘʤʝʪʨʘʤʠ ʧʨʠʚʦʜʠʪ ʢ ʟʘʜʝʨʞʢʘʤ ʠ ʧʝʨʝʛʨʫʟʢʝ ʩʝʪʠ ʚ ʫʩʣʦʚʠʷʭ ʙʦʣʴʰʦʛʦ 

ʢʦʣʠʯʝʩʪʚʘ ʢʣʠʝʥʪʦʚ ʠ ʦʛʨʘʥʠʯʝʥʥʦʡ ʧʨʦʧʫʩʢʥʦʡ ʩʧʦʩʦʙʥʦʩʪʠ. ʄʝʪʦʜʳ, 

ʥʘʧʨʘʚʣʝʥʥʳʝ ʥʘ ʩʦʢʨʘʱʝʥʠʝ ʦʙʴʝʤʘ ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ ʠ ʧʦʚʳʰʝʥʠʝ 

ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ [51]. 

ʆʙʝʩʧʝʯʝʥʠʝ ʩʭʦʜʠʤʦʩʪʠ ʦʙʴʝʜʠʥʝʥʥʳʭ ʤʦʜʝʣʝʡ ʚ ʫʩʣʦʚʠʷʭ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʪʨʝʙʫʝʪ ʧʨʠʤʝʥʝʥʠʷ ʤʝʪʦʜʦʚ ʦʧʪʠʤʠʟʘʮʠʠ, 

ʢʦʪʦʨʳʝ ʫʯʠʪʳʚʘʶʪ ʦʛʨʘʥʠʯʝʥʠʷ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ, ʛʝʪʝʨʦʛʝʥʥʦʩʪʴ 

ʜʘʥʥʳʭ ʠ ʥʝʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ ʩʦ ʩʪʦʨʦʥʳ ʢʣʠʝʥʪʦʚ. ʆʜʥʠʤ ʠʭ ʤʝʪʦʜʦʚ 

ʷʚʣʷʝʪʩʷ ʘʜʘʧʪʠʚʥʘʷ ʬʝʜʝʨʘʪʠʚʥʘʷ ʦʧʪʠʤʠʟʘʮʠʷ (ʜʘʣʝʝ FedOpt), 

ʠʩʧʦʣʴʟʫʶʱʘʷ ʘʜʘʧʪʠʚʥʳʝ ʤʝʪʦʜʳ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ ʥʘ ʩʝʨʚʝʨʝ, 

ʥʘʧʨʠʤʝʨ, Adam ʠʣʠ Adagrad, ʜʣʷ ʫʩʢʦʨʝʥʠ ʩʭʦʜʠʤʦʩʪʠ ʠ ʩʥʠʞʝʥʠʷ ʚʣʠʷʥʠʷ 

ʨʘʟʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʦʙʫʯʝʥʠʝ [52]. 

ɼʨʫʛʦʡ ʧʦʜʭʦʜ - Federated Proximal (ʜʘʣʝʝ FedProx), ʢʦʪʦʨʳʡ ʚʚʦʜʠʪ 

ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʚ ʬʫʥʢʮʠʶ ʧʦʪʝʨʴ, ʦʛʨʘʥʠʯʠʚʘʷ ʨʘʩʭʦʞʜʝʥʠʝ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʯʪʦ ʷʚʣʷʝʪʩʷ ʧʦʣʝʟʥʳʤ ʚ 

ʩʠʪʫʘʮʠʷʭ, ʛʜʝ ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ ʥʝ ʷʚʣʷʶʪʩʷ ʛʝʪʝʨʦʛʝʥʥʳʤʠ non-IID, ʯʪʦ 

ʤʦʞʝʪ ʧʨʠʚʦʜʠʪʴ ʢ ʥʝʩʪʘʙʠʣʴʥʦʩʪʠ ʦʙʫʯʝʥʠʷ, FedProx ʧʦʤʦʛʘʝʪ ʩʛʣʘʞʠʚʘʪʴ 

ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʦʙʝʩʧʝʯʠʚʘʷ ʙʦʣʝʝ ʧʣʘʚʥʫʶ ʠ ʩʪʘʙʠʣʴʥʫʶ ʩʭʦʜʠʤʦʩʪʴ, 

ʜʘʞʝ ʝʩʣʠ ʢʣʠʝʥʪʳ ʠʤʝʶʪ ʨʘʟʥʳʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʚʦʟʤʦʞʥʦʩʪʠ ʠ ʦʙʴʝʤʳ 

ʜʘʥʥʳʭ. ʇʣʶʩʦʤ ʧʨʠ ʧʨʠʤʝʥʝʥʠʠ ʤʝʪʦʜʦʚ ʙʫʜʝʪ ʧʦʚʳʰʝʥʠʝ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ 

ʌʆ, ʯʪʦ ʫʣʫʯʰʘʝʪ ʪʦʯʥʦʩʪʴ, ʩʪʘʙʠʣʴʥʦʩʪʴ ʠ ʩʢʦʨʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ ʤʦʜʝʣʠ ʚ 

ʫʩʣʦʚʠʷʭ ʦʛʨʘʥʠʯʝʥʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʠ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ 

ʜʘʥʥʳʭ. 

ɸʨʭʠʪʝʢʪʫʨʥʳʝ ʤʦʜʝʣʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʊʠʧʳ ʌʆ.  

ɺ ʌʆ ʠʩʧʦʣʴʟʫʶʪʩʷ ʨʘʟʣʠʯʥʳʝ ʤʝʪʦʜʳ ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʳʝ ʚʭʦʜʷʪ ʚ 

ʩʪʨʫʢʪʫʨʫ ʌʆ, ʢʘʢ ʧʦʢʘʟʘʥʦ ʥʘ ʨʠʩʫʥʢʝ 1.1, ʢʦʪʦʨʳʡ ʚʢʣʶʯʘʝʪ ʚ ʩʝʙʷ 

ʩʠʥʭʨʦʥʥʳʡ, ʘʩʠʥʭʨʦʥʥʳʡ ʠ ʧʦʣʫʩʠʥʭʨʦʥʥʳʡ ʧʦʜʭʦʜʳ. ʂʘʞʜʳʡ ʠʟ ʥʠʭ ʠʤʝʝʪ 

ʩʚʦʠ ʦʩʦʙʝʥʥʦʩʪʠ ʠ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʪʨʝʙʦʚʘʥʠʡ ʢ ʫʩʧʝʰʥʦʩʪʠ 

ʦʙʫʯʝʥʠʷ, ʩʪʘʙʠʣʴʥʦʩʪʠ ʦʙʥʦʚʣʝʥʠʡ ʠ ʘʜʘʧʪʘʮʠʠ ʤʦʜʝʣʠ ʢ ʛʝʪʝʨʦʛʝʥʥʳʤ 

ʜʘʥʥʳʤ. ʉʠʥʭʨʦʥʥʦʝ ʦʙʫʯʝʥʠʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʠ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ, ʥʦ ʤʦʞʝʪ ʟʘʤʝʜʣʷʪʴʩʷ ʠʟ-ʟʘ ʤʝʜʣʝʥʥʳʭ 

ʢʣʠʝʥʪʦʚ. ɸʩʠʥʭʨʦʥʥʦʝ ʦʙʫʯʝʥʠʝ ʫʩʢʦʨʷʝʪ ʧʨʦʮʝʩʩ, ʧʦʟʚʦʣʷʷ ʢʣʠʝʥʪʘʤ 

ʦʙʥʦʚʣʷʪʴ ʤʦʜʝʣʴ ʥʝʟʘʚʠʩʠʤʦ, ʦʜʥʘʢʦ ʤʦʞʝʪ ʧʨʠʚʝʩʪʠ ʢ ʨʘʩʭʦʞʜʝʥʠʶ 

ʧʘʨʘʤʝʪʨʦʚ. ʇʦʣʫʩʠʥʭʨʦʥʥʳʡ ʧʦʜʭʦʜ ʷʚʣʷʝʪʩʷ ʘʣʴʪʝʨʥʘʪʠʚʥʳʤ ʨʝʰʝʥʠʝʤ, 

ʧʦʟʚʦʣʷʷ ʫʯʠʪʳʚʘʪʴ ʦʙʥʦʚʣʝʥʠʷ ʦʪ ʯʘʩʪʠ ʢʣʠʝʥʪʦʚ ʧʝʨʝʜ ʘʛʨʝʛʘʮʠʝʡ, ʯʪʦ 

ʩʥʠʞʘʝʪ ʟʘʜʝʨʞʢʠ ʠ ʫʣʫʯʰʘʝʪ ʘʜʘʧʪʘʮʠʶ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ ʥʝʦʜʥʦʨʦʜʥʦʛʦ 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ  

ɺ ʌʆ ʩʪʨʘʪʝʛʠʠ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʠ ʘʛʨʝʛʘʮʠʠ ʟʘʜʘʶʪ ʧʦʨʷʜʦʢ 

ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚ ʩ ʩʝʨʚʝʨʦʤ ʧʨʠ ʬʦʨʤʠʨʦʚʘʥʠʠ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ʆʥʠ ʦʧʨʝʜʝʣʷʶʪ ʤʦʤʝʥʪʳ ʧʝʨʝʜʘʯʠ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ ʠ ʩʧʦʩʦʙʳ ʠʭ ʦʙʴʝʜʠʥʝʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʷ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ 

ʧʨʦʮʝʩʩʘ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. 
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ʈʠʩʫʥʦʢ 1.1 - ʉʪʨʫʢʪʫʨʘ ʌʆ 

 

ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʠʩʧʦʣʴʟʦʚʘʥʦ ʩʠʥʭʨʦʥʥʦʝ ʌʆ, ʧʨʠ 

ʢʦʪʦʨʦʤ ʚʩʝ ʚʳʙʨʘʥʥʳʝ ʢʣʠʝʥʪʳ ʟʘʚʝʨʰʘʶʪ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʚ ʧʨʝʜʝʣʘʭ 

ʦʜʥʦʛʦ ʨʘʫʥʜʘ, ʘ ʩʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ ʠʭ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʣʣʝʣʴʥʦ, ʦʙʝʩʧʝʯʠʚʘʷ 

ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ, ʯʪʦ ʦʩʦʙʝʥʥʦ 

ʚʘʞʥʦ ʧʨʠ ʨʘʙʦʪʝ ʩ ʯʫʚʩʪʚʠʪʝʣʴʥʳʤʠ ʠ ʛʝʪʝʨʦʛʝʥʥʳʤʠ ʜʘʥʥʳʤʠ ʦ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʤ ʩʦʩʪʦʷʥʠʠ ʩʪʫʜʝʥʪʦʚ. 

ɸʩʠʥʭʨʦʥʥʳʝ ʠ ʧʦʣʫʩʠʥʭʨʦʥʥʳʝ ʩʪʨʘʪʝʛʠʠ, ʥʝʩʤʦʪʨʷ ʥʘ ʩʥʠʞʝʥʠʝ 

ʟʘʜʝʨʞʝʢ, ʤʦʛʫʪ ʧʨʠʚʦʜʠʪ ʢ ʨʘʩʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ ʦʙʥʦʚʣʝʥʠʡ ʠ ʥʝʩʪʘʙʠʣʴʥʦʩʪʠ 

ʤʦʜʝʣʠ, ʧʦʵʪʦʤʫ ʦʥʠ ʥʝ ʧʨʠʤʝʥʷʣʠʩʴ ʚ ʫʩʣʦʚʠʷʭ ʦʛʨʘʥʠʯʝʥʥʦʛʦ ʯʠʩʣʘ 

ʢʣʠʝʥʪʦʚ ʠ ʢʦʥʪʨʦʣʠʨʫʝʤʦʡ ʘʨʭʠʪʝʢʪʫʨʳ [53]. ɺʳʙʦʨ ʩʠʥʭʨʦʥʥʦʡ ʩʪʨʘʪʝʛʠʠ 

ʘʛʨʝʛʘʮʠʠ ʚ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʦʙʝʩʧʝʯʠʣ ʩʪʘʙʠʣʴʥʦʩʪʴ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ, 

ʢʦʨʨʝʢʪʥʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʠ ʥʘʜʝʞʥʫʶ ʨʘʙʦʪʫ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ 

ʚ ʫʩʣʦʚʠʷʭ non-IID ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ. ʇʨʠ ʠʩʧʦʣʴʟʦʚʘʥʠʠ ʩʠʥʭʨʦʥʥʦʛʦ 

ʧʦʜʭʦʜʘ ʜʦʩʪʠʛʘʝʪʩʷ ʚʳʩʦʢʫʶ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ, ʯʪʦ 

ʷʚʣʷʝʪʩʷ ʨʝʰʘʶʱʠʤ ʬʘʢʪʦʨʦʤ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʪʦʯʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʨʠ ʘʥʘʣʠʟʝ ʯʫʚʩʪʚʠʪʝʣʴʥʳʭ ʜʘʥʥʳʭ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ. 

ʉʠʥʭʨʦʥʥʦʝ ʌʆ ʧʨʝʜʧʦʣʘʛʘʝʪ, ʯʪʦ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʦʙʥʦʚʣʷʝʪʩʷ 

ʪʦʣʴʢʦ ʧʦʩʣʝ ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚʩʝʤʠ ʢʣʠʝʥʪʘʤʠ ʠ ʧʦʣʫʯʝʥʠʷ 

ʠʭ ʦʙʥʦʚʣʝʥʠʡ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ ʠ 

ʩʧʦʩʦʙʩʪʚʫʝʪ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʠ ʠ ʩʪʘʙʠʣʴʥʦʩʪʠ ʠʪʦʛʦʚʦʡ ʤʦʜʝʣʠ, ʥʦ ʦʜʥʠʤ ʠʟ 

ʝʛʦ ʥʝʜʦʩʪʘʪʢʦʚ ʷʚʣʷʝʪʩʷ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʢ ʤʝʜʣʝʥʥʳʤ ʢʣʠʝʥʪʘʤ, ʢʦʪʦʨʳʝ 

ʤʦʛʫʪ ʟʘʤʝʜʣʷʪʴ ʧʨʦʮʝʩʩ ʘʛʨʝʛʘʮʠʠ ʠʟ-ʟʘ ʨʘʟʥʦʡ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʤʦʱʥʦʩʪʠ 

ʠʣʠ ʥʝʩʪʘʙʠʣʴʥʦʛʦ ʩʝʪʝʚʦʛʦ ʩʦʝʜʠʥʝʥʠʷ. 

ɺ ʘʩʠʥʭʨʦʥʥʦʤ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ ʢʣʠʝʥʪʳ ʦʙʥʦʚʣʷʶʪ ʛʣʦʙʘʣʴʥʫʶ 

ʤʦʜʝʣʴ ʥʝʟʘʚʠʩʠʤʦ, ʢʘʢ ʪʦʣʴʢʦ ʟʘʚʝʨʰʘʶʪ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ, ʦʜʥʘʢʦ 

ʩʦʢʨʘʱʘʝʪ ʚʨʝʤʷ ʦʞʠʜʘʥʠʷ ʠ ʧʦʚʳʰʘʝʪ ʩʢʦʨʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʦʩʦʙʝʥʥʦ ʚ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ ʥʝʩʪʘʙʠʣʴʥʳʭ ʩʨʝʜʘʭ ʩ ʨʘʟʣʠʯʥʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ 

ʤʦʱʥʦʩʪʷʤʠ ʢʣʠʝʥʪʦʚ, ʥʦ ʦʪʩʫʪʩʪʚʠʝ ʝʜʠʥʦʛʦ ʤʦʤʝʥʪʘ ʘʛʨʝʛʘʮʠʠ ʤʦʞʝʪ 
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ʧʨʠʚʝʩʪʠ ʢ ʨʘʩʭʦʞʜʝʥʠʶ ʤʦʜʝʣʝʡ, ʝʩʣʠ ʦʙʥʦʚʣʝʥʠʷ ʧʦʩʪʫʧʘʶʪ ʩ ʨʘʟʥʳʤʠ 

ʠʥʪʝʨʚʘʣʘʤʠ [54]. 

ɺ ʠʩʩʣʝʜʦʚʘʥʠʠ ʪʨʝʙʦʚʘʣʘʩʴ ʩʪʘʙʠʣʴʥʦʩʪʴ ʜʠʥʘʤʠʢʠ ʦʙʫʯʝʥʠʷ ʠ 

ʢʦʥʪʨʦʣʠʨʫʝʤʳʝ ʦʙʥʦʚʣʝʥʠʷ, ʧʦʵʪʦʤʫ ʘʩʠʥʭʨʦʥʥʳʡ ʌʆ ʥʝ ʙʳʣ ʚʳʙʨʘʥ. ɽʛʦ 

ʧʨʠʤʝʥʝʥʠʝ ʤʦʛʣʦ ʙʳ ʧʨʠʚʝʩʪʠ ʢ ʜʠʩʙʘʣʘʥʩʫ ʚ ʦʙʫʯʝʥʠʠ, ʛʜʝ ʦʙʥʦʚʣʝʥʠʷ ʦʪ 

ʙʳʩʪʨʳʭ ʢʣʠʝʥʪʦʚ ʦʢʘʟʳʚʘʣʠ ʙʳ ʥʝʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʙʦʣʴʰʦʝ ʚʣʠʷʥʠʝ ʥʘ 

ʠʪʦʛʦʚʫʶ ʤʦʜʝʣʴ. 

ʇʦʣʫʩʠʥʭʨʦʥʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʛʠʙʨʠʜʥʳʡ 

ʧʦʜʭʦʜ, ʢʦʪʦʨʳʡ ʢʦʤʙʠʥʠʨʫʝʪ ʵʣʝʤʝʥʪʳ ʩʠʥʭʨʦʥʥʦʛʦ ʠ ʘʩʠʥʭʨʦʥʥʦʛʦ ʤʝʪʦʜʦʚ. 

ɺ ʵʪʦʤ ʤʝʪʦʜʝ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʦʙʥʦʚʣʷʝʪʩʷ ʧʦʩʣʝ ʧʦʣʫʯʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ ʦʪ 

ʦʧʨʝʜʝʣʝʥʥʦʛʦ ʧʦʜʤʥʦʞʝʩʪʚʘ ʢʣʠʝʥʪʦʚ, ʥʘʧʨʠʤʝʨ, 80% ʫʯʘʩʪʥʠʢʦʚ, ʯʪʦ 

ʧʦʟʚʦʣʷʝʪ ʫʤʝʥʴʰʠʪʴ ʟʘʜʝʨʞʢʠ, ʚʳʟʚʘʥʥʳʝ ʤʝʜʣʝʥʥʦʡ ʨʘʙʦʪʦʡ ʦʪʜʝʣʴʥʳʭ 

ʢʣʠʝʥʪʦʚ, ʧʨʠ ʵʪʦʤ ʩʦʭʨʘʥʷʷ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ, ʭʦʪʷ 

ʧʦʣʫʩʠʥʭʨʦʥʥʳʡ ʧʦʜʭʦʜ ʤʦʛ ʙʳ ʧʨʝʜʣʦʞʠʪʴ ʛʠʙʢʦʩʪʴ ʚ ʦʙʫʯʝʥʠʠ, ʥʦ ʚʩʝ-ʪʘʢʠ 

ʥʝ ʦʙʝʩʧʝʯʠʚʘʣ ʧʦʣʥʦʡ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ ʤʦʜʝʣʠ. ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʫʯʠʪʳʚʘʣʦʩʴ ʧʦʣʥʦʝ ʫʯʘʩʪʠʝ ʚʩʝʭ ʢʣʠʝʥʪʦʚ, ʯʪʦ ʧʦʟʚʦʣʠʣʦ 

ʠʟʙʝʞʘʪʴ ʧʦʪʝʥʮʠʘʣʴʥʳʭ ʧʨʦʙʣʝʤ ʩʦ ʩʭʦʜʠʤʦʩʪʴʶ ʠ ʩʦʭʨʘʥʠʪʴ ʩʪʘʙʠʣʴʥʦʩʪʴ 

ʦʙʥʦʚʣʝʥʠʡ [55]. ʉʠʥʭʨʦʥʥʦʝ ʦʙʫʯʝʥʠʝ ʚʳʙʨʘʥʦ ʚ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʤʝʪʦʜʘ, 

ʧʦʩʢʦʣʴʢʫ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ, ʨʘʚʥʦʤʝʨʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ ʠ 

ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʤʦʜʝʣʠ, ʘ ʪʘʢʞʝ ʛʘʨʘʥʪʠʨʫʝʪ ʨʘʚʥʦʤʝʨʥʳʡ ʚʢʣʘʜ ʚʩʝʭ 

ʢʣʠʝʥʪʩʢʠʭ ʤʦʜʝʣʝʡ ʚ ʧʨʦʮʝʩʩ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ, ʦʙʝʩʧʝʯʠʚʘʷ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʝ ʠ ʢʦʥʪʨʦʣʠʨʫʝʤʳʝ ʦʙʥʦʚʣʝʥʠʷ, ʯʪʦ ʚʘʞʥʦ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, ʛʜʝ ʘʩʠʥʭʨʦʥʥʦʝ ʦʙʥʦʚʣʝʥʠʝ ʤʦʛʣʦ ʙʳ ʧʨʠʚʝʩʪʠ ʢ 

ʩʠʣʴʥʦʤʫ ʨʘʩʭʦʞʜʝʥʠʶ ʤʦʜʝʣʝʡ. ɸʩʠʥʭʨʦʥʥʳʡ ʠ ʧʦʣʫʩʠʥʭʨʦʥʥʳʡ ʧʦʜʭʦʜʳ ʥʝ 

ʙʳʣʠ ʧʨʠʤʝʥʝʥʳ, ʪʘʢ ʢʘʢ ʠʭ ʥʝʜʦʩʪʘʪʢʠ (ʨʘʩʭʦʞʜʝʥʠʝ ʤʦʜʝʣʝʡ, 

ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʳʝ ʦʙʥʦʚʣʝʥʠʷ, ʚʣʠʷʥʠʝ ʙʳʩʪʨʳʭ ʢʣʠʝʥʪʦʚ ʥʘ ʠʪʦʛʦʚʫʶ 

ʤʦʜʝʣʴ) ʤʦʛʣʠ ʥʝʛʘʪʠʚʥʦ ʧʦʚʣʠʷʪʴ ʥʘ ʢʘʯʝʩʪʚʦ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ʉʭʝʤʳ ʌʆ ʠ ʠʭ ʧʨʠʤʝʥʝʥʠʝ. ɻʦʨʠʟʦʥʪʘʣʴʥʦʝ ʠ ʚʝʨʪʠʢʘʣʴʥʦʝ ʌʆ. 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʢʣʘʩʩʠʬʠʮʠʨʫʝʪʩʷ ʥʘ ʦʩʥʦʚʝ ʪʦʛʦ, ʢʘʢ ʜʘʥʥʳʝ 

ʨʘʩʧʨʝʜʝʣʷʶʪʩʷ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. ɼʚʘ ʦʩʥʦʚʥʳʭ ʪʠʧʘ - ɻ ʪʦ ʛʦʨʠʟʦʥʪʘʣʴʥʦʝ 

ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ (ʜʘʣʝʝ ɻɺʆ) ʠ ʚʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ 

(ʜʘʣʝʝ ɺʌʆ), ʢʘʞʜʳʡ ʠʟ ʢʦʪʦʨʳʭ ʧʨʝʜʥʘʟʥʘʯʝʥ ʜʣʷ ʨʘʟʥʳʭ ʩʮʝʥʘʨʠʝʚ. 

ɻɺʆ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʩʣʫʯʘʷʭ, ʢʦʛʜʘ ʨʘʟʣʠʯʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʠ ʠʣʠ 

ʫʩʪʨʦʡʩʪʚʘ ʦʙʣʘʜʘʶʪ ʜʘʥʥʳʤʠ ʩ ʦʜʠʥʘʢʦʚʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʧʨʠʟʥʘʢʦʚ, ʥʦ ʠʟ 

ʨʘʟʥʳʭ ʚʳʙʦʨʦʢ, ʛʜʝ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʦʙʫʯʘʝʪ ʤʦʜʝʣʴ ʣʦʢʘʣʴʥʦ, ʠʩʧʦʣʴʟʫʷ ʩʚʦʠ 

ʜʘʥʥʳʝ, ʢʦʪʦʨʳʝ ʠʤʝʶʪ ʠʜʝʥʪʠʯʥʫʶ ʩʪʨʫʢʪʫʨʫ ʧʨʠʟʥʘʢʦʚ, ʥʦ ʧʨʝʜʩʪʘʚʣʷʶʪ 

ʨʘʟʥʳʝ ʥʘʙʣʶʜʝʥʠʷ ʠ ʧʦʩʣʝ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ 

ʧʝʨʝʜʘʶʪʩʷ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ, ʛʜʝ ʦʥʠ ʘʛʨʝʛʠʨʫʶʪʩʷ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ 

ʝʜʠʥʦʡ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʯʪʦ ʧʦʢʘʟʳʚʘʝʪ ʤʝʪʦʜ ʦʙʫʯʝʥʠʷ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʝʥ 

ʚ ʩʠʪʫʘʮʠʷʭ, ʢʦʛʜʘ ʦʨʛʘʥʠʟʘʮʠʠ ʠʣʠ ʫʩʪʨʦʡʩʪʚʘ ʨʘʙʦʪʘʶʪ ʩ ʘʥʘʣʦʛʠʯʥʳʤʠ 

ʪʠʧʘʤʠ ʜʘʥʥʳʭ, ʥʦ ʥʝ ʤʦʛʫʪ ʧʝʨʝʜʘʚʘʪʴ ʠʭ ʥʘʧʨʷʤʫʶ ʠʟ-ʟʘ ʪʨʝʙʦʚʘʥʠʡ ʢ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʣʠ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ. ʇʨʠʤʝʨʦʤ 

ʧʨʠʤʝʥʝʥʠʷ ɻɺʆ ʷʚʣʷʝʪʩʷ ʩʦʚʤʝʩʪʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ ʚ ʤʝʜʠʮʠʥʩʢʠʭ 
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ʫʯʨʝʞʜʝʥʠʷʭ, ʛʜʝ ʥʝʩʢʦʣʴʢʦ ʙʦʣʴʥʠʮ ʤʦʛʫʪ ʫʯʘʩʪʚʦʚʘʪʴ ʚ ʩʦʟʜʘʥʠʠ ʦʙʱʝʡ 

ʤʦʜʝʣʠ ʜʠʘʛʥʦʩʪʠʢʠ ʟʘʙʦʣʝʚʘʥʠʡ, ʠʩʧʦʣʴʟʫʷ ʜʘʥʥʳʝ ʩʚʦʠʭ ʧʘʮʠʝʥʪʦʚ, ʧʨʠ 

ʵʪʦʤ ʢʘʞʜʦʝ ʤʝʜʠʮʠʥʩʢʦʝ ʫʯʨʝʞʜʝʥʠʝ ʨʘʙʦʪʘʝʪ ʩ ʦʜʥʠʤ ʠ ʪʝʤ ʞʝ ʥʘʙʦʨʦʤ 

ʧʨʠʟʥʘʢʦʚ, ʪʘʢʠʤʠ ʢʘʢ ʚʦʟʨʘʩʪ, ʩʠʤʧʪʦʤʳ ʠ ʜʠʘʛʥʦʟʳ, ʥʦ ʩ ʨʘʟʥʳʤʠ 

ʧʘʮʠʝʥʪʘʤʠ, ʧʦʟʚʦʣʷʷ ʤʦʜʝʣʷʤ ʫʯʠʪʴʩʷ ʥʘ ʙʦʣʝʝ ʦʙʰʠʨʥʳʭ ʠ ʨʘʟʥʦʦʙʨʘʟʥʳʭ 

ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ, 

ʪʘʢ ʢʘʢ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʝ ʧʝʨʝʜʘʶʪʩʷ ʟʘ ʧʨʝʜʝʣʳ ʢʦʥʢʨʝʪʥʦʡ ʙʦʣʴʥʠʮʳ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ɻɺʆ ʙʳʣʦ ʚʳʙʨʘʥʦ ʚ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʡ 

ʩʪʨʘʪʝʛʠʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʦʩʢʦʣʴʢʫ ʢʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ 

ʦʙʣʘʜʘʶʪ ʦʜʠʥʘʢʦʚʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʧʨʠʟʥʘʢʦʚ, ʚʢʣʶʯʘʶʱʠʤ ʧʘʨʘʤʝʪʨʳ 

ʧʨʦʜʦʣʞʠʪʝʣʴʥʦʩʪʠ ʩʥʘ, ʫʨʦʚʥʷ ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʨʝʞʠʤʦʚ ʧʠʪʘʥʠʷ ʠ 

ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʙʣʘʛʦʧʦʣʫʯʠʷ, ʧʨʠ ʵʪʦʤ ʢʘʞʜʦʝ ʫʯʨʝʞʜʝʥʠʝ ʦʙʫʯʘʝʪ 

ʣʦʢʘʣʴʥʫʶ ʤʦʜʝʣʴ ʥʘ ʠʥʜʠʚʠʜʫʘʣʴʥʦʤ ʥʘʙʦʨʝ ʜʘʥʥʳʭ, ʘ ʟʘʪʝʤ ʧʝʨʝʜʘʝʪ 

ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ ʥʘ ʩʝʨʚʝʨ, ʛʜʝ ʦʥʠ ʘʛʨʝʛʠʨʫʶʪʩʷ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ ʜʘʥʥʳʝ ʩʪʫʜʝʥʪʦʚ ʫʯʠʪʳʚʘʶʪʩʷ, 

ʦʜʥʦʚʨʝʤʝʥʥʦ ʦʙʝʩʧʝʯʠʚʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʠʥʬʦʨʤʘʮʠʠ, ʪʘʢ ʢʘʢ 

ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ. ʎʝʥʪʨʘʣʠʟʦʚʘʥʥʘʷ 

ʘʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʧʦʟʚʦʣʷʝʪ ʧʦʚʳʩʠʪʴ ʪʦʯʥʦʩʪʴ ʠ ʦʙʦʙʱʘʶʱʫʶ 

ʩʧʦʩʦʙʥʦʩʪʴ ʤʦʜʝʣʠ, ʯʪʦ ʜʝʣʘʝʪ ʜʘʥʥʳʡ ʤʝʪʦʜ ʦʩʦʙʝʥʥʦ ʵʬʬʝʢʪʠʚʥʳʤ ʜʣʷ 

ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ, ʩʚʷʟʘʥʥʳʭ ʩ ʧʩʠʭʦʣʦʛʠʯʝʩʢʠʤ ʠ ʬʠʟʠʯʝʩʢʠʤ ʩʦʩʪʦʷʥʠʝʤ 

ʩʪʫʜʝʥʪʦʚ ʚ ʫʩʣʦʚʠʷʭ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ [56]. 

ɻʦʨʠʟʦʥʪʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʥʘʧʨʘʚʣʝʥʦ ʥʘ ʛʦʨʠʟʦʥʪʘʣʴʥʫʶ 

ʮʝʥʪʨʘʣʠʟʘʮʠʶ ʜʘʥʥʳʭ ʧʦʭʦʞʠʭ ʫʩʪʨʦʡʩʪʚ ʚ ʧʨʝʜʝʣʘʭ ʦʜʥʦʛʦ ʫʨʦʚʥʷ ʠʣʠ 

ʛʦʨʠʟʦʥʪʘ, ʥʘʧʨʠʤʝʨ, ʦʙʱʠʝ ʤʝʪʢʠ ʢʣʘʩʩʦʚ ʠ ʧʨʠʤʝʨʳ ʜʘʥʥʳʭ ʤʦʛʫʪ 

ʦʙʲʝʜʠʥʷʪʴʩʷ ʛʦʨʠʟʦʥʪʘʣʴʥʦ [57]. ʆʙʤʝʥ ʜʘʥʥʳʭ ʧʨʦʠʩʭʦʜʠʪ ʤʝʞʜʫ 

ʧʦʜʦʙʥʳʤʠ ʫʩʪʨʦʡʩʪʚʘʤʠ, ʠ ʦʙʥʦʚʣʝʥʥʳʝ ʤʦʜʝʣʠ ʧʝʨʝʜʘʶʪʩʷ ʜʨʫʛ ʜʨʫʛʫ. 

ʄʝʪʦʜ ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʵʬʬʝʢʪʠʚʝʥ, ʢʦʛʜʘ ʦʙʱʠʝ 

ʰʘʙʣʦʥʳ ʠʣʠ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ ʤʦʛʫʪ ʙʳʪʴ ʠʟʚʣʝʯʝʥʳ ʠʟ ʜʘʥʥʳʭ ʨʘʟʣʠʯʥʳʭ 

ʫʩʪʨʦʡʩʪʚ, ʧʨʝʜʦʩʪʘʚʣʷʷ ʚʦʟʤʦʞʥʦʩʪʴ ʫʩʪʨʦʡʩʪʚʘʤ ʩʭʦʞʝʛʦ ʪʠʧʘ ʦʙʤʝʥʠʚʘʪʴʩʷ 

ʟʥʘʥʠʷʤʠ ʠ ʫʯʠʪʴʩʷ ʜʨʫʛ ʫ ʜʨʫʛʘ, ʯʪʦ ʤʦʞʝʪ ʙʳʪʴ ʧʦʣʝʟʥʦ, ʢʦʛʜʘ ʜʘʥʥʳʝ ʠʤʝʶʪ 

ʦʙʱʠʝ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ. ɻɺʆ [58] ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʘʨʭʠʪʝʢʪʫʨʫ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʨʠ ʢʦʪʦʨʦʡ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʦʙʣʘʜʘʝʪ ʩʦʙʩʪʚʝʥʥʳʤ 

ʥʘʙʦʨʦʤ ʜʘʥʥʳʭ ʩ ʦʜʠʥʘʢʦʚʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʧʨʠʟʥʘʢʦʚ, ʛʜʝ ʤʦʜʝʣʴ 

ʦʙʫʯʘʝʪʩʷ ʣʦʢʘʣʴʥʦ ʥʘ ʩʪʦʨʦʥʝ ʢʘʞʜʦʛʦ ʫʯʘʩʪʥʠʢʘ, ʧʦʩʣʝ ʯʝʛʦ ʦʙʥʦʚʣʝʥʥʳʝ 

ʧʘʨʘʤʝʪʨʳ ʧʝʨʝʜʘʶʪʩʷ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʜʣʷ ʘʛʨʝʛʘʮʠʠ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʝʪʦʜʦʚ ʚʟʚʝʰʝʥʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ. ʇʦʣʫʯʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ 

ʤʦʜʝʣʴ ʨʘʩʩʳʣʘʝʪʩʷ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ ʠ ʠʪʝʨʘʪʠʚʥʦ ʫʪʦʯʥʷʝʪʩʷ ʚ 

ʧʦʩʣʝʜʫʶʱʠʭ ʨʘʫʥʜʘʭ ʦʙʫʯʝʥʠʷ, ʫʯʠʪʳʚʘʷ ʣʦʢʘʣʴʥʳʝ ʦʩʦʙʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ 

ʦʜʥʦʚʨʝʤʝʥʥʦ ʬʦʨʤʠʨʫʷ ʦʙʦʙʱʝʥʥʫʶ ʤʦʜʝʣʴ, ʩʦʭʨʘʥʷʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ, 

ʧʦʩʢʦʣʴʢʫ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʝ ʧʦʢʠʜʘʶʪ ʢʣʠʝʥʪʩʢʠʝ ʫʟʣʳ. ɺ ʢʦʥʪʝʢʩʪʝ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʦʧʝʨʠʨʫʝʪ ʣʦʢʘʣʴʥʳʤʠ ʜʘʥʥʳʤʠ ʦʧʨʦʩʥʠʢʘ 

MBI, ʦʪʨʘʞʘʶʱʠʤʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ ʩʪʫʜʝʥʪʦʚ. 

ʄʝʪʦʜ ʧʦʟʚʦʣʷʝʪ ʨʝʰʘʪʴ ʪʝʭʥʠʯʝʩʢʠʝ ʠ ʧʨʘʢʪʠʯʝʩʢʠʝ ʟʘʜʘʯʠ ʧʫʪʝʤ 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ ʥʘ ʨʘʟʣʠʯʥʳʝ ʫʩʪʨʦʡʩʪʚʘ. ɸʣʛʦʨʠʪʤ ʩʨʘʚʥʠʚʘʝʪ 



30 

 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʠ ʩʚʷʟʳʚʘʝʪ ʠʭ ʩʦʦʪʚʝʪʩʪʚʫʶʱʠʤ ʦʙʨʘʟʦʤ. ʇʨʠʤʝʨ 

ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʝʜʩʪʘʚʣʝʥ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ 

ʨʠʩʫʥʢʦʤ 1.2. 

 

 
 

ʈʠʩʫʥʦʢ 1.2 - ɻʦʨʠʟʦʥʪʘʣʴʥʦʝ ʌʆ 

 

ɺʌʆ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʩʣʫʯʘʷʭ, ʢʦʛʜʘ ʨʘʟʣʠʯʥʳʝ ʦʨʛʘʥʠʟʘʮʠʠ ʠʣʠ 

ʫʯʘʩʪʥʠʢʠ ʦʙʣʘʜʘʶʪ ʜʘʥʥʳʤʠ ʦʙ ʦʜʥʠʭ ʠ ʪʝʭ ʞʝ ʧʦʣʴʟʦʚʘʪʝʣʷʭ, ʥʦ ʩ 

ʨʘʟʣʠʯʥʳʤʠ ʥʘʙʦʨʘʤʠ ʧʨʠʟʥʘʢʦʚ ʠ ʚ ʦʪʣʠʯʠʝ ʦʪ ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʛʜʝ ʢʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ ʨʘʙʦʪʘʶʪ ʩ ʦʜʠʥʘʢʦʚʳʤʠ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʜʘʥʥʳʭ, ʚ ɺʌʆ ʦʙʲʝʜʠʥʝʥʠʝ ʠʥʬʦʨʤʘʮʠʠ ʧʨʦʠʩʭʦʜʠʪ ʟʘ 

ʩʯʝʪ ʩʦʚʤʝʱʝʥʠʷ ʨʘʟʥʳʭ ʘʩʧʝʢʪʦʚ ʜʘʥʥʳʭ, ʧʨʠʥʘʜʣʝʞʘʱʠʭ ʦʜʥʠʤ ʠ ʪʝʤ ʞʝ 

ʩʫʙʲʝʢʪʘʤ [59]. ɺʌʆ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʥʦ ʚ ʩʮʝʥʘʨʠʷʭ, ʢʦʛʜʘ ʥʝʦʙʭʦʜʠʤʦ 

ʦʙʲʝʜʠʥʠʪʴ ʠʥʬʦʨʤʘʮʠʶ ʠʟ ʨʘʟʥʳʭ ʠʩʪʦʯʥʠʢʦʚ ʙʝʟ ʨʘʩʢʨʳʪʠʷ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ, ʥʘʧʨʠʤʝʨ, ʙʘʥʢ ʠ ʧʣʘʪʬʦʨʤʘ ʵʣʝʢʪʨʦʥʥʦʡ 

ʢʦʤʤʝʨʮʠʠ ʤʦʛʫʪ ʦʙʩʣʫʞʠʚʘʪʴ ʦʜʥʠʭ ʠ ʪʝʭ ʞʝ ʧʦʣʴʟʦʚʘʪʝʣʝʡ, ʥʦ ʧʨʠ ʵʪʦʤ ʙʘʥʢ 

ʨʘʩʧʦʣʘʛʘʝʪ ʜʘʥʥʳʤʠ ʦ ʬʠʥʘʥʩʦʚʳʭ ʪʨʘʥʟʘʢʮʠʷʭ, ʘ ʧʣʘʪʬʦʨʤʘ ʵʣʝʢʪʨʦʥʥʦʡ 

ʢʦʤʤʝʨʮʠʠ ʩʦʙʠʨʘʝʪ ʠʥʬʦʨʤʘʮʠʶ ʦ ʧʦʚʝʜʝʥʯʝʩʢʠʭ ʧʨʝʜʧʦʯʪʝʥʠʷʭ 

ʧʦʢʫʧʘʪʝʣʝʡ. ɺʌʆ ʧʦʟʚʦʣʷʝʪ ʦʙʲʝʜʠʥʠʪʴ ʵʪʠ ʜʘʥʥʳʝ ʜʣʷ ʩʦʟʜʘʥʠʷ ʙʦʣʝʝ 

ʪʦʯʥʳʭ ʤʦʜʝʣʝʡ, ʥʘʧʨʠʤʝʨ, ʜʣʷ ʧʨʝʜʩʢʘʟʘʥʠʷ ʧʣʘʪʝʞʝʩʧʦʩʦʙʥʦʩʪʠ ʢʣʠʝʥʪʘ, 

ʧʨʠ ʵʪʦʤ ʥʝ ʧʝʨʝʜʘʚʘʷ ʩʳʨʳʝ ʜʘʥʥʳʝ ʤʝʞʜʫ ʦʨʛʘʥʠʟʘʮʠʷʤʠ [60-62]. ʍʦʪʝʣʦʩʴ 

ʙʳ ʦʪʤʝʪʠʪʴ, ʯʪʦ ʚ ʜʘʥʥʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ ɺʌʆ ʥʝ ʠʩʧʦʣʴʟʦʚʘʣʦʩʴ, ʪʘʢ ʢʘʢ ʚʩʝ 

ʢʣʠʝʥʪʳ ʩʦʙʠʨʘʶʪ ʦʜʠʥʘʢʦʚʳʝ ʪʠʧʳ ʜʘʥʥʳʭ (ʧʨʦʜʦʣʞʠʪʝʣʴʥʦʩʪʴ ʩʥʘ, 

ʬʠʟʠʯʝʩʢʘʷ ʘʢʪʠʚʥʦʩʪʴ, ʧʨʠʝʤʳ ʧʠʱʠ ʠ ʫʨʦʚʝʥʴ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʙʣʘʛʦʧʦʣʫʯʠʷ) ʠ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʦʙʣʘʜʘʝʪ ʧʦʣʥʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʧʨʠʟʥʘʢʦʚ, 

ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚ ʦʙʲʝʜʠʥʝʥʠʠ ʨʘʟʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ ʦʙ ʦʜʥʠʭ ʠ ʪʝʭ ʞʝ 

ʧʦʣʴʟʦʚʘʪʝʣʷʭ ʦʪʩʫʪʩʪʚʫʝʪ, ʯʪʦ ʜʝʣʘʝʪ ʚʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ 

ʥʝʨʝʣʝʚʘʥʪʥʳʤ ʜʣʷ ʜʘʥʥʦʡ ʟʘʜʘʯʠ. ɺʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ 

ʦʨʠʝʥʪʠʨʦʚʘʥʦ ʥʘ ʦʙʲʝʜʠʥʝʥʠʝ ʚʝʨʪʠʢʘʣʴʥʦ ʨʘʟʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ ʧʦ 

ʧʨʠʟʥʘʢʘʤ ʠʣʠ ʘʪʨʠʙʫʪʘʤ. ʆʙʤʝʥ ʠʥʬʦʨʤʘʮʠʝʡ ʧʨʦʠʩʭʦʜʠʪ ʤʝʞʜʫ 

ʫʩʪʨʦʡʩʪʚʘʤʠ, ʚʣʘʜʝʶʱʠʤʠ ʨʘʟʥʳʤʠ ʘʩʧʝʢʪʘʤʠ ʜʘʥʥʳʭ [63]. ʄʦʜʝʣʠ 

ʦʙʫʯʘʶʪʩʷ ʥʘ ʵʪʠʭ ʯʘʩʪʷʭ ʜʘʥʥʳʭ, ʘ ʟʘʪʝʤ ʦʙʲʝʜʠʥʷʶʪʩʷ ʜʣʷ ʩʦʟʜʘʥʠʷ ʦʙʱʝʡ 

ʤʦʜʝʣʠ, ʯʪʦ ʜʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʫʩʪʨʦʡʩʪʚʘʤ ʩ ʨʘʟʣʠʯʥʳʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ 

ʦʙʤʝʥʠʚʘʪʴʩʷ ʟʥʘʥʠʷʤʠ, ʯʪʦ ʤʦʞʝʪ ʫʣʫʯʰʠʪʴ ʢʘʯʝʩʪʚʦ ʤʦʜʝʣʠ, ʦʩʦʙʝʥʥʦ ʢʦʛʜʘ 

ʨʘʟʥʳʝ ʫʩʪʨʦʡʩʪʚʘ ʩʦʜʝʨʞʘʪ ʫʥʠʢʘʣʴʥʳʝ ʘʩʧʝʢʪʳ ʜʘʥʥʳʭ. ʅʘʧʨʠʤʝʨ, 

ʧʨʝʜʧʦʣʦʞʠʤ, ʫ ʥʘʩ ʝʩʪʴ ʜʚʝ ʦʨʛʘʥʠʟʘʮʠʠ: ʦʜʥʘ ʠʤʝʝʪ ʜʘʥʥʳʝ ʦ ʧʘʮʠʝʥʪʘʭ, 
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ʥʘʧʨʠʤʝʨ, ʠʭ ʠʤʝʥʘ, ʘ ʜʨʫʛʘʷ - ʤʝʜʠʮʠʥʩʢʫʶ ʠʥʬʦʨʤʘʮʠʶ, ʥʘʧʨʠʤʝʨ, 

ʨʝʟʫʣʴʪʘʪʳ ʘʥʘʣʠʟʦʚ. ɺʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʦʟʚʦʣʠʣʦ ʙʳ 

ʵʪʠʤ ʦʨʛʘʥʠʟʘʮʠʷʤ ʩʦʚʤʝʩʪʥʦ ʦʙʫʯʘʪʴ ʤʦʜʝʣʴ, ʥʝ ʨʘʩʢʨʳʚʘʷ ʢʦʥʢʨʝʪʥʳʝ ʠʤʝʥʘ 

ʧʘʮʠʝʥʪʦʚ ʠ ʠʭ ʤʝʜʠʮʠʥʩʢʠʝ ʨʝʟʫʣʴʪʘʪʳ [64, 65]. ɺʝʨʪʠʢʘʣʴʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ 

ʦʙʫʯʝʥʠʝ [66] ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʩʮʝʥʘʨʠʷʭ, ʢʦʛʜʘ ʫʯʘʩʪʥʠʢʠ ʨʘʩʧʦʣʘʛʘʶʪ 

ʨʘʟʣʠʯʥʳʤʠ ʥʘʙʦʨʘʤʠ ʧʨʠʟʥʘʢʦʚ ʦʙ ʦʜʥʠʭ ʠ ʪʝʭ ʞʝ ʦʙʲʝʢʪʘʭ. ɺ ʦʪʣʠʯʠʝ ʦʪ 

ʛʦʨʠʟʦʥʪʘʣʴʥʦʛʦ ʧʦʜʭʦʜʘ, ʚʝʨʪʠʢʘʣʴʥʦʝ ʌʆ ʪʨʝʙʫʝʪ ʩʦʛʣʘʩʦʚʘʥʠʷ ʩʫʱʥʦʩʪʝʡ 

ʠ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʢʨʠʧʪʦʛʨʘʬʠʯʝʩʢʠʭ ʧʨʦʪʦʢʦʣʦʚ, ʤʝʪʦʜʦʚ ʙʝʟʦʧʘʩʥʦʛʦ 

ʤʫʣʴʪʠʧʘʨʪʠʡʥʦʛʦ ʚʳʯʠʩʣʝʥʠʷ ʠ ʟʘʱʠʱʝʥʥʦʡ ʘʛʨʝʛʘʮʠʠ, ʧʨʠ ʵʪʦʤ ʦʙʲʝʜʠʥʷʷ 

ʨʘʟʥʦʨʦʜʥʳʝ ʘʪʨʠʙʫʪʳ ʙʝʟ ʨʘʩʢʨʳʪʠʷ ʩʳʨʳʭ ʜʘʥʥʳʭ ʠ ʰʠʨʦʢʦ ʧʨʠʤʝʥʷʝʪʩʷ ʚ 

ʬʠʥʘʥʩʦʚʳʭ ʠ ʤʝʜʠʮʠʥʩʢʠʭ ʩʠʩʪʝʤʘʭ. ɺʳʩʦʢʘʷ ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ ʠ 

ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʘʷ ʩʣʦʞʥʦʩʪʴ ʚʝʨʪʠʢʘʣʴʥʦʛʦ ʌʆ ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʛʦ 

ʧʨʠʤʝʥʝʥʠʝ ʚ ʟʘʜʘʯʘʭ, ʘʥʘʣʦʛʠʯʥʳʭ ʨʘʩʩʤʘʪʨʠʚʘʝʤʦʤʫ ʠʩʩʣʝʜʦʚʘʥʠʶ. ʇʨʠʤʝʨ 

ʚʝʨʪʠʢʘʣʴʥʦʛʦ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʝʜʩʪʘʚʣʝʥ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ 

ʨʠʩʫʥʢʦʤ 1.3. 

 

 
 

ʈʠʩʫʥʦʢ 1.3 - ɺʝʨʪʠʢʘʣʴʥʦʝ ʌʆ 

 

1.5 ʊʠʧʳ ʨʘʟʚʝʨʪʳʚʘʥʠʷ ʌʆ. Cross-Silo ʠ ʢʨʦʩʩ-ʫʩʪʨʦʡʩʪʚʦ ʌʆ 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʞʝʪ ʙʳʪʴ ʢʣʘʩʩʠʬʠʮʠʨʦʚʘʥʦ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ 

ʢʦʣʠʯʝʩʪʚʘ ʠ ʪʠʧʘ ʫʯʘʩʪʚʫʶʱʠʭ ʢʣʠʝʥʪʦʚ, ʯʪʦ ʦʧʨʝʜʝʣʷʝʪ ʦʩʦʙʝʥʥʦʩʪʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʧʨʦʮʝʩʩʦʚ, ʪʨʝʙʦʚʘʥʠʷ ʢ ʩʝʪʝʚʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʝ ʠ 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʩʦʝʜʠʥʝʥʠʡ. ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣ ʠʩʧʦʣʴʟʦʚʘʥ 

ʧʦʜʭʦʜ Cross-Silo ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ [67]. ʀʟʚʝʩʪʥʦ, ʯʪʦ Cross-Silo 

ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʩʮʝʥʘʨʠʷʭ, ʛʜʝ ʚ ʦʙʫʯʝʥʠʠ ʫʯʘʩʪʚʫʝʪ 

ʦʛʨʘʥʠʯʝʥʥʦʝ ʯʠʩʣʦ ʥʘʜʝʞʥʳʭ ʠ ʫʩʪʦʡʯʠʚʳʭ ʢʣʠʝʥʪʦʚ, ʦʙʣʘʜʘʶʱʠʭ 

ʜʦʩʪʘʪʦʯʥʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʨʝʩʫʨʩʘʤʠ, ʩʪʘʙʠʣʴʥʳʤ ʩʝʪʝʚʳʤ 

ʧʦʜʢʣʶʯʝʥʠʝʤ ʠ ʟʥʘʯʠʪʝʣʴʥʳʤʠ ʦʙʲʝʤʘʤʠ ʜʘʥʥʳʭ, ʢ ʪʘʢʠʤ ʢʣʠʝʥʪʘʤ 

ʦʪʥʦʩʷʪʩʷ, ʚ ʯʘʩʪʥʦʩʪʠ, ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʝ ʫʯʨʝʞʜʝʥʠʷ, ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʝ 

ʦʨʛʘʥʠʟʘʮʠʠ ʠ ʢʦʨʧʦʨʘʪʠʚʥʳʝ ʩʠʩʪʝʤʳ, ʘ ʪʘʢʞʝ ʰʠʨʦʢʦ ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ 

ʤʝʞʦʨʛʘʥʠʟʘʮʠʦʥʥʳʭ ʟʘʜʘʯʘʭ, ʛʜʝ ʪʨʝʙʫʝʪʩʷ ʚʳʩʦʢʘʷ ʪʦʯʥʦʩʪʴ ʤʦʜʝʣʝʡ, 

ʢʦʥʪʨʦʣʠʨʫʝʤʳʡ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʠ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʘʷ ʢʦʦʨʜʠʥʘʮʠʷ 

ʘʛʨʝʛʘʮʠʠ [68, 69]. 

ɺ ʨʘʤʢʘʭ ʥʘʰʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʢʣʠʝʥʪʳ ʬʝʜʝʨʘʪʠʚʥʦʡ ʩʠʩʪʝʤʳ 

ʧʨʝʜʩʪʘʚʣʝʥʳ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʤʠ ʫʯʨʝʞʜʝʥʠʷʤʠ, ʢʘʞʜʦʝ ʠʟ ʢʦʪʦʨʳʭ ʩʦʙʠʨʘʝʪ 

ʜʘʥʥʳʝ ʩʪʫʜʝʥʪʦʚ ʣʦʢʘʣʴʥʦ ʠ ʚʳʧʦʣʥʷʝʪ ʦʙʫʯʝʥʠʝ ʩʦʙʩʪʚʝʥʥʦʡ ʣʦʢʘʣʴʥʦʡ 
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ʤʦʜʝʣʠ. ʅʝʩʤʦʪʨʷ ʥʘ ʪʦ, ʯʪʦ ʜʘʥʥʳʝ ʬʦʨʤʠʨʫʶʪʩʷ ʥʘ ʧʝʨʩʦʥʘʣʴʥʳʭ 

ʫʩʪʨʦʡʩʪʚʘʭ ʩʪʫʜʝʥʪʦʚ, ʧʨʦʮʝʩʩ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʨʛʘʥʠʟʦʚʘʥ ʥʘ 

ʫʨʦʚʥʝ ʫʯʨʝʞʜʝʥʠʡ, ʢʦʪʦʨʳʝ ʚʳʩʪʫʧʘʶʪ ʚ ʨʦʣʠ ʫʩʪʦʡʯʠʚʳʭ ʠ ʜʦʚʝʨʝʥʥʳʭ 

ʫʟʣʦʚ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʧʘʨʘʜʠʛʤʝ Cross-Silo 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʛʜʝ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ 

ʘʛʨʝʛʠʨʦʚʘʥʥʳʡ ʠʩʪʦʯʥʠʢ ʜʘʥʥʳʭ ʩ ʢʦʥʪʨʦʣʠʨʫʝʤʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ 

ʨʝʩʫʨʩʘʤʠ [70, 71]. 

ɺʳʙʦʨ Cross-Silo ʧʦʜʭʦʜʘ ʦʙʫʩʣʦʚʣʝʥ ʩʣʝʜʫʶʱʠʤʠ ʬʘʢʪʦʨʘʤʠ: 

Å ʦʛʨʘʥʠʯʝʥʥʳʤ ʠ ʬʠʢʩʠʨʦʚʘʥʥʳʤ ʯʠʩʣʦʤ ʢʣʠʝʥʪʦʚ; 

Å ʩʪʘʙʠʣʴʥʳʤ ʩʝʪʝʚʳʤ ʚʟʘʠʤʦʜʝʡʩʪʚʠʝʤ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʩʝʨʚʝʨʦʤ; 

Å ʦʜʥʦʨʦʜʥʳʤ ʧʨʠʟʥʘʢʦʚʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʜʘʥʥʳʭ; 

Å ʚʦʟʤʦʞʥʦʩʪʴʶ ʩʠʥʭʨʦʥʥʦʡ ʢʦʦʨʜʠʥʘʮʠʠ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ. 

ɺ ʠʩʩʣʝʜʦʚʘʥʠʠ ʠʩʧʦʣʴʟʦʚʘʥʦ ʩʠʥʭʨʦʥʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ, ʧʨʠ 

ʢʦʪʦʨʦʤ ʩʝʨʚʝʨ ʦʞʠʜʘʝʪ ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚʩʝʭ ʢʣʠʝʥʪʦʚ ʧʝʨʝʜ 

ʚʳʧʦʣʥʝʥʠʝʤ ʵʪʘʧʘ ʘʛʨʝʛʘʮʠʠ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ, 

ʧʨʝʜʩʢʘʟʫʝʤʫʶ ʜʠʥʘʤʠʢʫ ʩʭʦʜʠʤʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʯʪʦ 

ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʧʨʠ ʘʥʘʣʠʟʝ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ. ɺ ʨʘʙʦʪʝ 

ʨʝʘʣʠʟʦʚʘʥʘ ʛʦʨʠʟʦʥʪʘʣʴʥʘʷ ʩʭʝʤʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʦʩʢʦʣʴʢʫ ʚʩʝ 

ʢʣʠʝʥʪʳ ʦʧʝʨʠʨʫʶʪ ʜʘʥʥʳʤʠ ʩ ʦʜʠʥʘʢʦʚʳʤ ʧʨʦʩʪʨʘʥʩʪʚʦʤ ʧʨʠʟʥʘʢʦʚ, 

ʚʢʣʶʯʘʶʱʠʤ ʧʘʨʘʤʝʪʨʳ ʩʥʘ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʧʠʪʘʥʠʷ ʠ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ ʠ ʠʩʧʦʣʴʟʦʚʘʥʠʝ Cross-Silo 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʩʦʯʝʪʘʥʠʠ ʩ ʩʠʥʭʨʦʥʥʦʡ ʘʛʨʝʛʘʮʠʝʡ ʠ 

ʛʦʨʠʟʦʥʪʘʣʴʥʦʡ ʘʨʭʠʪʝʢʪʫʨʦʡ ʧʦʟʚʦʣʠʣʦ ʦʙʝʩʧʝʯʠʪʴ ʵʬʬʝʢʪʠʚʥʦʝ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʝ ʦʙʫʯʝʥʠʝ, ʩʦʭʨʘʥʠʪʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ ʠ ʜʦʩʪʠʯʴ 

ʫʩʪʦʡʯʠʚʦʡ ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ ʨʝʘʣʴʥʦʡ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʳ. 

 

1.6 ɺʠʜʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʎʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ.ɺ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʤ 

ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ ʦʜʠʥ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʪʚʝʯʘʝʪ ʟʘ ʢʦʦʨʜʠʥʘʮʠʶ 

ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ. ʈʘʙʦʯʠʡ ʧʨʦʮʝʩʩ ʧʨʝʜʩʪʘʚʣʝʥ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 

1.4. 

 

 
 

ʈʠʩʫʥʦʢ 1.4 - ʈʘʙʦʯʠʡ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʌʆ 



33 

 

ɸʨʭʠʪʝʢʪʫʨʘ ʷʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ ʰʠʨʦʢʦ ʠʩʧʦʣʴʟʫʝʤʦʡ ʠ ʩʣʫʞʠʪ ʦʩʥʦʚʦʡ 

ʜʣʷ ʤʥʦʛʠʭ ʧʨʠʣʦʞʝʥʠʡ ʌʆ ʙʣʘʛʦʜʘʨʷ ʩʚʦʝʡ ʧʨʦʩʪʦʪʝ ʠ ʭʦʨʦʰʦ 

ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʤʫ ʧʨʦʮʝʩʩʫ ʘʛʨʝʛʘʮʠʠ. ʇʨʝʠʤʫʱʝʩʪʚʘ ʠ ʧʨʦʙʣʝʤʳ 

ʧʦʢʘʟʘʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 1.5. 

 

 
 

ʈʠʩʫʥʦʢ 1.5 - ʇʨʝʠʤʫʱʝʩʪʚʘ ʠ ʧʨʦʙʣʝʤʳ 

 

ɼʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ 

ɺ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʤ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ [72] ʢʣʠʝʥʪʳ ʥʘʧʨʷʤʫʶ 

ʦʙʱʘʶʪʩʷ ʜʨʫʛ ʩ ʜʨʫʛʦʤ ʜʣʷ ʦʙʤʝʥʘ ʦʙʥʦʚʣʝʥʠʷʤʠ ʤʦʜʝʣʠ, ʥʝ ʧʦʣʘʛʘʷʩʴ ʥʘ 

ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. ʇʦʜʭʦʜ çʨʘʚʥʳʡ-ʨʘʚʥʦʤʫè (P2P) ʧʦʚʳʰʘʝʪ ʥʘʜʝʞʥʦʩʪʴ 

ʩʠʩʪʝʤʳ ʠ ʧʦʟʚʦʣʷʝʪ ʠʟʙʝʞʘʪʴ ʩʙʦʝʚ ʚ ʦʜʥʦʡ ʪʦʯʢʝ. ʕʪʘʧʳ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ 

ʧʦʢʘʟʘʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 1.6. 

 

 
 

ʈʠʩʫʥʦʢ 1.6 - ʕʪʘʧʳ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ 

 

ɸʨʭʠʪʝʢʪʫʨʘ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʥʘ ʜʣʷ ʩʝʪʝʡ, ʛʜʝ ʮʝʥʪʨʘʣʴʥʳʡ 

ʢʦʦʨʜʠʥʠʨʫʶʱʠʡ ʩʝʨʚʝʨ ʥʝʮʝʣʝʩʦʦʙʨʘʟʝʥ ʠʣʠ ʥʝʞʝʣʘʪʝʣʝʥ ʠʟ-ʟʘ ʦʛʨʘʥʠʯʝʥʠʡ 
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ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, ʙʝʟʦʧʘʩʥʦʩʪʠ ʠʣʠ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ, ʛʜʝ ʦʜʥʠʤ ʠʟ 

ʢʣʶʯʝʚʳʭ ʧʨʝʠʤʫʱʝʩʪʚ ʨʘʩʩʤʘʪʨʠʚʘʝʤʦʛʦ ʧʦʜʭʦʜʘ ʷʚʣʷʝʪʩʷ ʧʦʚʳʰʝʥʥʘʷ 

ʦʪʢʘʟʦʫʩʪʦʡʯʠʚʦʩʪʴ, ʦʙʫʩʣʦʚʣʝʥʥʘʷ ʦʪʩʫʪʩʪʚʠʝʤ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʝʜʠʥʦʛʦ 

ʩʝʨʚʝʨʘ, ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʩʥʠʞʘʝʪ ʚʝʨʦʷʪʥʦʩʪʴ ʩʙʦʷ ʩʠʩʪʝʤʳ ʠ ʧʦʚʳʰʘʝʪ ʝʝ 

ʥʘʜʝʞʥʦʩʪʴ, ʛʜʝ ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʧʦʚʳʰʝʥʥʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ, ʧʦʩʢʦʣʴʢʫ 

ʢʣʠʝʥʪʳ ʚʟʘʠʤʦʜʝʡʩʪʚʫʶʪ ʠʩʢʣʶʯʠʪʝʣʴʥʦ ʩ ʚʳʙʨʘʥʥʳʤʠ ʦʜʥʦʨʘʥʛʦʚʳʤʠ 

ʫʟʣʘʤʠ, ʯʪʦ ʫʤʝʥʴʰʘʝʪ ʨʠʩʢ ʘʪʘʢ ʟʣʦʫʤʳʰʣʝʥʥʠʢʦʚ ʠ ʫʪʝʯʝʢ ʜʘʥʥʳʭ. ɽʱʝ 

ʦʜʥʠʤ ʚʘʞʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʷʚʣʷʝʪʩʷ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ, ʧʦʟʚʦʣʷʶʱʘʷ 

ʵʬʬʝʢʪʠʚʥʦ ʧʦʜʜʝʨʞʠʚʘʪʴ ʢʨʫʧʥʦʤʘʩʰʪʘʙʥʳʝ ʩʠʩʪʝʤʳ ʩ ʙʦʣʴʰʠʤ 

ʢʦʣʠʯʝʩʪʚʦʤ ʢʣʠʝʥʪʦʚ, ʯʪʦ ʜʝʣʘʝʪ ʜʘʥʥʳʡ ʧʦʜʭʦʜ ʧʨʠʤʝʥʠʤʳʤ ʚ ʫʩʣʦʚʠʷʭ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ. 

ʅʘʨʷʜʫ ʩ ʧʨʝʠʤʫʱʝʩʪʚʘʤʠ ʩʫʱʝʩʪʚʫʝʪ ʨʷʜ ʧʨʦʙʣʝʤ, ʢʫʜʘ ʚʭʦʜʷʪ 

ʧʦʚʳʰʝʥʥʘʷ ʩʣʦʞʥʦʩʪʴ ʢʦʤʤʫʥʠʢʘʮʠʠ, ʪʨʝʙʫʶʱʘʷ ʵʬʬʝʢʪʠʚʥʳʭ ʤʝʭʘʥʠʟʤʦʚ 

ʦʜʥʦʨʘʥʛʦʚʦʡ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʜʣʷ ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ ʨʘʩʭʦʞʜʝʥʠʷ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ ʠ ʢʦʨʨʝʢʪʥʦʛʦ ʦʙʥʦʚʣʝʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ ʦʜʥʠʤ ʠʟ 

ʦʛʨʘʥʠʯʝʥʠʡ, ʷʚʣʷʝʪʩʷ ʙʦʣʝʝ ʤʝʜʣʝʥʥʘʷ ʩʭʦʜʠʤʦʩʪʴ, ʧʦʩʢʦʣʴʢʫ ʦʪʩʫʪʩʪʚʠʝ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʘʛʨʝʛʘʪʦʨʘ ʤʦʞʝʪ ʧʨʠʚʝʩʪʠ ʢ ʥʝʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ 

ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ, ʯʪʦ ʫʚʝʣʠʯʠʚʘʝʪ ʚʨʝʤʷ ʜʦʩʪʠʞʝʥʠʷ ʦʧʪʠʤʘʣʴʥʦʛʦ 

ʩʦʩʪʦʷʥʠʷ. ʄʝʪʦʜ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʚʳʩʦʢʠʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʟʘʪʨʘʪʘʤʠ, ʪʘʢ 

ʢʘʢ ʢʣʠʝʥʪʳ ʚʳʥʫʞʜʝʥʳ ʥʝ ʪʦʣʴʢʦ ʚʳʧʦʣʥʷʪʴ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʠ, ʥʦ 

ʠ ʦʙʝʩʧʝʯʠʚʘʪʴ ʦʜʥʦʨʘʥʛʦʚʫʶ ʢʦʤʤʫʥʠʢʘʮʠʶ, ʯʪʦ ʪʨʝʙʫʝʪ ʟʥʘʯʠʪʝʣʴʥʳʭ 

ʘʧʧʘʨʘʪʥʳʭ ʨʝʩʫʨʩʦʚ, ʫʢʘʟʳʚʘʷ ʥʘ ʪʦ, ʯʪʦ ʨʘʩʩʤʘʪʨʠʚʘʝʤʳʡ ʧʦʜʭʦʜ ʩʦʯʝʪʘʝʪ ʚ 

ʩʝʙʝ ʢʘʢ ʚʳʩʦʢʫʶ ʥʘʜʝʞʥʦʩʪʴ, ʙʝʟʦʧʘʩʥʦʩʪʴ ʠ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ, ʪʘʢ ʠ 

ʩʣʦʞʥʦʩʪʴ ʨʝʘʣʠʟʘʮʠʠ, ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʪʦʯʥʦʡ ʥʘʩʪʨʦʡʢʠ ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʳʭ 

ʤʝʭʘʥʠʟʤʦʚ ʠ ʟʥʘʯʠʪʝʣʴʥʳʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʟʘʪʨʘʪʳ. 

ʀʝʨʘʨʭʠʯʝʩʢʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ. 

ʀʝʨʘʨʭʠʯʝʩʢʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ (ʀʌʆ) [73] ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ 

ʛʠʙʨʠʜʥʫʶ ʘʨʭʠʪʝʢʪʫʨʫ, ʚ ʢʦʪʦʨʦʡ ʘʛʨʝʛʘʮʠʷ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ 

ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʥʘ ʥʝʩʢʦʣʴʢʠʭ ʫʨʦʚʥʷʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʧʨʦʤʝʞʫʪʦʯʥʳʭ 

(ʧʦʛʨʘʥʠʯʥʳʭ) ʩʝʨʚʝʨʦʚ ʧʝʨʝʜ ʬʠʥʘʣʴʥʦʡ ʘʛʨʝʛʘʮʠʝʡ ʥʘ ʮʝʥʪʨʘʣʴʥʦʤ ʩʝʨʚʝʨʝ. 

ɺ ʜʘʥʥʦʡ ʩʭʝʤʝ ʢʣʠʝʥʪʳ ʧʝʨʝʜʘʶʪ ʦʙʥʦʚʣʝʥʠʷ ʙʣʠʞʘʡʰʠʤ ʧʦʛʨʘʥʠʯʥʳʤ 

ʫʟʣʘʤ, ʢʦʪʦʨʳʝ ʚʳʧʦʣʥʷʶʪ ʧʨʝʜʚʘʨʠʪʝʣʴʥʫʶ ʘʛʨʝʛʘʮʠʶ ʠ ʥʘʧʨʘʚʣʷʶʪ 

ʨʝʟʫʣʴʪʘʪʳ ʥʘ ʚʝʨʭʥʠʡ ʫʨʦʚʝʥʴ ʠʝʨʘʨʭʠʠ, ʯʪʦ ʩʥʠʞʘʝʪ ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʫʶ 

ʥʘʛʨʫʟʢʫ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ, ʧʦʚʳʰʘʝʪ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʩʠʩʪʝʤʳ ʠ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʚ ʢʨʫʧʥʦʤʘʩʰʪʘʙʥʳʭ ʠ ʛʝʦʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʩʮʝʥʘʨʠʷʭ. ʀʌʆ ʦʩʦʙʝʥʥʦ ʘʢʪʫʘʣʴʥʦ ʜʣʷ ʦʙʣʘʩʪʝʡ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʷ, ʫʤʥʳʭ 

ʛʦʨʦʜʦʚ ʠ ʧʨʦʤʳʰʣʝʥʥʦʛʦ IoT, ʛʜʝ ʪʨʝʙʫʝʪʩʷ ʦʙʨʘʙʦʪʢʘ ʙʦʣʴʰʠʭ ʦʙʲʝʤʦʚ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ. ɺ ʩʚʦʶ ʦʯʝʨʝʜʴ, ʠʝʨʘʨʭʠʯʝʩʢʘʷ ʘʨʭʠʪʝʢʪʫʨʘ 

ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʧʦʚʳʰʝʥʥʦʡ ʩʣʦʞʥʦʩʪʴʶ ʨʝʘʣʠʟʘʮʠʠ, ʜʦʧʦʣʥʠʪʝʣʴʥʳʤʠ 

ʪʨʝʙʦʚʘʥʠʷʤʠ ʢ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʤʦʜʝʣʝʡ ʠ ʫʩʠʣʝʥʥʳʤʠ ʤʝʨʘʤʠ ʙʝʟʦʧʘʩʥʦʩʪʠ, 

ʧʦʩʢʦʣʴʢʫ ʧʦʛʨʘʥʠʯʥʳʝ ʩʝʨʚʝʨʳ ʤʦʛʫʪ ʚʳʩʪʫʧʘʪʴ ʫʷʟʚʠʤʳʤʠ ʪʦʯʢʘʤʠ 

ʩʠʩʪʝʤʳ [74-78]. ʀʌʆ ʦʙʝʩʧʝʯʠʚʘʝʪ ʵʬʬʝʢʪʠʚʥʫʶ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʠ 

ʩʥʠʞʝʥʠʝ ʩʝʪʝʚʳʭ ʟʘʪʨʘʪ, ʦʜʥʘʢʦ ʝʛʦ ʧʨʠʤʝʥʝʥʠʝ ʪʨʝʙʫʝʪ ʪʱʘʪʝʣʴʥʦʛʦ 

ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʘʨʭʠʪʝʢʪʫʨʳ ʠ ʤʝʭʘʥʠʟʤʦʚ ʢʦʦʨʜʠʥʘʮʠʠ [79]. ɺʳʙʦʨ ʜʘʥʥʦʡ 
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ʘʨʭʠʪʝʢʪʫʨʳ ʦʧʨʝʜʝʣʷʝʪʩʷ ʪʨʝʙʦʚʘʥʠʷʤʠ ʧʨʠʣʦʞʝʥʠʷ ʢ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ 

ʜʘʥʥʳʭ, ʚʳʯʠʩʣʠʪʝʣʴʥʳʤ ʨʝʩʫʨʩʘʤ ʠ ʩʝʪʝʚʳʤ ʦʛʨʘʥʠʯʝʥʠʷʤ, ʧʨʝʜʩʪʘʚʣʝʥʥʳʭ 

ʚ ʪʘʙʣʠʮʝ 1.1.  

 

ʊʘʙʣʠʮʘ 1.1 - ʇʨʝʠʤʫʱʝʩʪʚʘ ʠ ʥʝʜʦʩʪʘʪʢʠ ʘʨʭʠʪʝʢʪʫʨʳ ʌʆ 
 

ɸʨʭʠʪʝʢʪʫʨʘ ʌʆ ʇʨʝʠʤʫʱʝʩʪʚʘ ʅʝʜʦʩʪʘʪʢʠ 

ʎʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ 

ʌʆ 

ʕʬʬʝʢʪʠʚʥʘʷ ʢʦʦʨʜʠʥʘʮʠʷ, 

ʦʪʨʘʙʦʪʘʥʥʳʝ ʤʝʪʦʜʳ, ʧʨʦʩʪʦʪʘ 

ʨʘʟʚʝʨʪʳʚʘʥʠʷ 

ɽʜʠʥʘʷ ʪʦʯʢʘ 

ʦʪʢʘʟʘ, ʧʨʦʙʣʝʤʳ 

ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʠ 

ɼʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ 

ʌʆ 

ɺʳʩʦʢʘʷ ʦʪʢʘʟʦʫʩʪʦʡʯʠʚʦʩʪʴ, 

ʧʦʚʳʰʝʥʥʘʷ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ, 

ʫʣʫʯʰʝʥʥʘʷ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ 

ʉʣʦʞʥʦʩʪʴ 

ʢʦʤʤʫʥʠʢʘʮʠʠ, 

ʙʦʣʝʝ ʤʝʜʣʝʥʥʘʷ 

ʢʦʥʚʝʨʛʝʥʮʠʷ 

ʀʝʨʘʨʭʠʯʝʩʢʦʝ ʌʆ 

ʉʦʢʨʘʱʝʥʠʝ ʥʘʢʣʘʜʥʳʭ 

ʨʘʩʭʦʜʦʚ ʥʘ ʩʚʷʟʴ, ʧʦʜʜʝʨʞʢʘ 

ʢʨʫʧʥʦʤʘʩʰʪʘʙʥʳʭ ʩʝʪʝʡ, 

ʫʣʫʯʰʝʥʥʘʷ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ 

ɺʳʩʦʢʘʷ 

ʩʣʦʞʥʦʩʪʴ 

ʩʠʩʪʝʤʳ, 

ʧʦʪʝʥʮʠʘʣʴʥʳʝ 

ʨʠʩʢʠ 

ʙʝʟʦʧʘʩʥʦʩʪʠ 

 

ʂʘʞʜʳʡ ʠʟ ʨʘʩʩʤʦʪʨʝʥʥʳʭ ʧʦʜʭʦʜʦʚ ʧʨʝʜʧʦʣʘʛʘʝʪ ʦʧʨʝʜʝʣʝʥʥʳʝ 

ʢʦʤʧʨʦʤʠʩʩʳ ʤʝʞʜʫ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ, ʫʨʦʚʥʝʤ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʥʘʜʝʞʥʦʩʪʴʶ ʩʠʩʪʝʤʳ. ʎʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ 

ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʦʩʪʘʝʪʩʷ ʥʘʠʙʦʣʝʝ ʨʘʩʧʨʦʩʪʨʘʥʝʥʥʦʡ ʘʨʭʠʪʝʢʪʫʨʦʡ 

ʙʣʘʛʦʜʘʨʷ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʤʫ ʠ ʢʦʥʪʨʦʣʠʨʫʝʤʦʤʫ ʧʨʦʮʝʩʩʫ ʘʛʨʝʛʘʮʠʠ. ɺ ʪʦ 

ʞʝ ʚʨʝʤʷ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʠ ʠʝʨʘʨʭʠʯʝʩʢʦʝ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ 

ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ ʧʝʨʩʧʝʢʪʠʚʥʳʝ ʘʣʴʪʝʨʥʘʪʠʚʳ ʜʣʷ ʢʨʫʧʥʦʤʘʩʰʪʘʙʥʳʭ 

ʩʠʩʪʝʤ ʠ ʩʮʝʥʘʨʠʝʚ ʩ ʧʦʚʳʰʝʥʥʳʤʠ ʪʨʝʙʦʚʘʥʠʷʤʠ ʢ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʩʪʠ ʚʳʯʠʩʣʝʥʠʡ [80]. 

 

1.7 ɺʳʚʦʜʳ ʧʦ 1 ʛʣʘʚʝ 

ɺ ʧʝʨʚʦʡ ʛʣʘʚʝ ʨʘʩʩʤʦʪʨʝʥʳ ʪʝʦʨʝʪʠʯʝʩʢʠʝ ʦʩʥʦʚʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʝʛʦ ʘʨʭʠʪʝʢʪʫʨʥʳʝ ʤʦʜʝʣʠ, ʨʝʞʠʤʳ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʠ ʦʙʣʘʩʪʠ 

ʧʨʠʤʝʥʝʥʠʷ. ɺʳʙʦʨ ʩʠʥʭʨʦʥʥʦʛʦ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʙʦʩʥʦʚʘʥ ʥʘ 

ʦʩʥʦʚʝ ʘʥʘʣʠʟʘ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʛʦ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ ʠ ʫʩʪʦʡʯʠʚʫʶ 

ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʧʨʠ ʨʘʙʦʪʝ ʩ ʛʝʪʝʨʦʛʝʥʥʳʤʠ ʜʘʥʥʳʤʠ ʦ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʤ ʩʦʩʪʦʷʥʠʠ ʩʪʫʜʝʥʪʦʚ, ʫʯʠʪʳʚʘʷ, ʯʪʦ ʚʩʝ ʢʣʠʝʥʪʳ 

ʠʩʧʦʣʴʟʫʶʪ ʝʜʠʥʦʝ ʧʨʦʩʪʨʘʥʩʪʚʦ ʧʨʠʟʥʘʢʦʚ, ʧʨʠʥʷʪʘ ʛʦʨʠʟʦʥʪʘʣʴʥʘʷ ʩʭʝʤʘ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʧʘʨʘʜʠʛʤʝ Cross-Silo, ʛʜʝ ʚ ʨʦʣʠ ʢʣʠʝʥʪʦʚ 

ʚʳʩʪʫʧʘʶʪ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʝ ʫʯʨʝʞʜʝʥʠʷ ʩ ʣʦʢʘʣʴʥʳʤʠ ʥʘʙʦʨʘʤʠ ʜʘʥʥʳʭ. 

ʂʦʤʙʠʥʘʮʠʷ ʧʦʜʭʦʜʦʚ ʦʙʝʩʧʝʯʠʚʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʘʛʨʝʛʘʮʠʠ, ʩʦʭʨʘʥʝʥʠʝ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʧʨʘʢʪʠʯʝʩʢʫʶ ʧʨʠʤʝʥʠʤʦʩʪʴ ʧʨʝʜʣʦʞʝʥʥʦʛʦ 

ʨʝʰʝʥʠʷ ʚ ʨʝʘʣʴʥʦʡ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʝ.  
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2 ʂʃɸʉʉʀʌʀʂɸʎʀʗ ɸʃɻʆʈʀʊʄʆɺ ʄɸʐʀʅʅʆɻʆ ʀ 

ʌɽɼɽʈɸʊʀɺʅʆɻʆ ʆɹʋʏɽʅʀʗ 

 

2.1 ɸʣʛʦʨʠʪʤʳ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ɺ ʨʘʤʢʘʭ ʥʘʰʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʙʳʣʠ ʧʨʦʪʝʩʪʠʨʦʚʘʥʳ ʥʝʩʢʦʣʴʢʦ ʘʣʛʦʨʠʪʤʦʚ 

ʄʆ, ʧʨʠʯʝʤ ʢʘʞʜʳʡ ʦʙʣʘʜʘʝʪ ʩʚʦʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ. ʂʣʘʩʩʠʯʝʩʢʠʝ 

ʨʝʛʨʝʩʩʠʦʥʥʳʝ ʤʦʜʝʣʠ ʣʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Lasso ʠ Ridge-ʨʝʛʨʝʩʩʠʷ, 

ʘʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ ʩʣʫʯʘʡʥʳʡ ʣʝʩ, ʛʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ, ʚʢʣʶʯʘʷ XGBoost 

ʠ CatBoost, ʘ ʪʘʢʞʝ ʨʝʢʢʫʨʝʥʪʥʳʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ LSTM [81, 82] ʧʨʝʜʩʪʘʚʣʝʥʳ 

ʥʘ ʨʠʩʫʥʢʝ 2.1. ʈʘʩʩʤʦʪʨʝʥʥʳʝ ʤʦʜʝʣʠ ʜʘʣʠ ʚʦʟʤʦʞʥʦʩʪʴ ʧʨʦʚʝʩʪʠ 

ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʨʘʟʣʠʯʥʳʭ ʧʦʜʭʦʜʦʚ ʢ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʶ. ʆʧʨʝʜʝʣʝʥʠʝ 

ʧʦʜʭʦʜʷʱʝʡ ʤʦʜʝʣʠ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʫʨʦʚʥʝʡ ʚʳʛʦʨʘʥʠʷ, ʧʨʦʚʝʜʷ ʦʮʝʥʢʫ 

ʠʭ ʪʦʯʥʦʩʪʠ ʠ ʩʪʘʙʠʣʴʥʦʩʪʠ. 

 

 
 

ʈʠʩʫʥʦʢ 2.1 - ɸʣʛʦʨʠʪʤʳ ʄʆ 

 

ʃʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Lasso [83] ʠ Ridge-ʨʝʛʨʝʩʩʠʠ [84] ʦʩʥʦʚʘʥʳ ʥʘ 

ʧʨʝʜʧʦʣʦʞʝʥʠʠ ʦ ʣʠʥʝʡʥʦʡ ʟʘʚʠʩʠʤʦʩʪʠ ʤʝʞʜʫ ʚʭʦʜʥʳʤʠ ʧʨʠʟʥʘʢʘʤʠ ʠ 

ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ. ʄʝʪʦʜʳ ʧʨʦʩʪʳ ʚ ʨʝʘʣʠʟʘʮʠʠ ʠ ʣʝʛʢʦ ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʳ, 

ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʦʮʝʥʠʪʴ ʚʣʠʷʥʠʝ ʢʘʞʜʦʛʦ ʧʨʠʟʥʘʢʘ. ʆʥʠ ʥʝ cʧʦʩʦʙʥʳ ʘʜʝʢʚʘʪʥʦ 

ʤʦʜʝʣʠʨʦʚʘʪʴ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʚʟʘʠʤʦʩʚʷʟʠ, ʭʘʨʘʢʪʝʨʥʳʝ ʜʣʷ 

ʧʩʠʭʦʤʝʪʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ, ʧʦʣʫʯʝʥʥʳʭ ʦʪ ʩʪʫʜʝʥʪʦʚ. 

Cʣʫʯʘʡʥʳʡ ʣʝʩ [85], ʛʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ, XGBoost ʠ CatBoost [86], 

ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʘʥʩʘʤʙʣʝʚʳʡ ʤʝʪʦʜ, ʢʦʪʦʨʳʡ cʪʨʦʠʪ ʤʦʜʝʣʴ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦ, ʢʦʨʨʝʢʪʠʨʫʷ ʦʰʠʙʢʠ ʧʨʝʜʳʜʫʱʠʭ ʠʪʝʨʘʮʠʡ. ɸʣʛʦʨʠʪʤʳ 

ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʥʘ ʩʣʦʞʥʳʭ ʜʘʥʥʳʭ, ʧʨʠ ʵʪʦʤ ʝʩʪʴ 

ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʥʘʩʪʨʦʡʢʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ.  
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Long Short-Term Memory (ʜʘʣʝʝ LSTM) - ʵʪʦ ʨʘʟʥʦʚʠʜʥʦʩʪʴ 

ʨʝʢʫʨʨʝʥʪʥʳʭ ʥʝʡʨʦʥʥʳʭ ʩʝʪʝʡ, ʜʣʷ ʨʘʙʦʪʳ ʩ ʚʨʝʤʝʥʥʳʤʠ ʨʷʜʘʤʠ ʠ 

ʚʳʷʚʣʝʥʠʷ ʜʣʠʪʝʣʴʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ, ʥʝʩʤʦʪʨʷ ʥʘ ʠʭ ʧʦʪʝʥʮʠʘʣ ʧʨʠ ʥʘʣʠʯʠʠ 

ʷʨʢʦ ʚʳʨʘʞʝʥʥʦʡ ʚʨʝʤʝʥʥʦʡ ʜʠʥʘʤʠʢʠ, ʚ ʥʘʰʝʤ ʵʢʩʧʝʨʠʤʝʥʪʝ ʜʘʥʥʳʝ ʥʝ 

ʦʙʣʘʜʘʣʠ ʦʯʝʚʠʜʥʦʡ ʚʨʝʤʝʥʥʦʡ ʩʪʨʫʢʪʫʨʦʡ ʧʣʶʩ ʦʙʴʝʤ ʚʳʙʦʨʢʠ ʙʳʣ 

ʦʛʨʘʥʠʯʝʥ, ʯʪʦ ʧʨʠʚʝʣʦ ʢ ʥʠʟʢʦʡ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʤʦʜʝʣʠ LSTM.  

ʄʦʜʝʣʴ ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ (Random Forest) ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʘ 

ʦʧʪʠʤʘʣʴʥʦʝ ʩʦʦʪʥʦʰʝʥʠʝ ʪʦʯʥʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʥʘʛʨʫʟʢʠ, ʯʪʦ ʙʳʣʦ ʚʳʷʚʣʝʥʦ ʥʘ ʦʩʥʦʚʘʥʠʠ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʚʩʝʭ 

ʨʘʩʩʤʦʪʨʝʥʥʳʭ ʘʣʛʦʨʠʪʤʦʚ, ʚʢʣʶʯʘʷ ʤʝʪʨʠʢʠ Mean Squared Error (MSE), R2 ʠ 

ʪ.ʜ. ʉʣʫʯʘʡʥʳʡ ʣʝʩ, ʷʚʣʷʷʩʴ ʘʥʩʘʤʙʣʝʚʳʤ ʤʝʪʦʜʦʤ, ʩʪʨʦʠʪ ʤʥʦʞʝʩʪʚʦ 

ʨʝʰʘʶʱʠʭ ʜʝʨʝʚʴʝʚ ʥʘ ʩʣʫʯʘʡʥʦʤ ʧʦʜʤʥʦʞʝʩʪʚʝ ʜʘʥʥʳʭ ʠ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ 

ʧʦʟʚʦʣʷʝʪ ʫʯʠʪʳʚʘʪʴ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ. ʆʥ ʪʘʢʞʝ ʦʪʣʠʯʘʝʪʩʷ 

ʚʳʩʦʢʦʡ ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʢ ʚʳʙʨʦʩʘʤ ʠ ʰʫʤʫ. ɼʦʧʦʣʥʠʪʝʣʴʥʳʤ 

ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʷʚʣʷʝʪʩʷ ʚʦʟʤʦʞʥʦʩʪʴ ʦʮʝʥʢʠ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ 

ʧʦʤʦʛʘʝʪ ʚʳʷʚʠʪʴ ʢʣʶʯʝʚʳʝ ʬʘʢʪʦʨʳ, ʚʣʠʷʶʱʠʝ ʥʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ 

ʚʳʛʦʨʘʥʠʝ, ʨʘʟʨʘʙʘʪʳʚʘʷ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʨʘʥʥʝʛʦ 

ʚʤʝʰʘʪʝʣʴʩʪʚʘ. Random Forest ʙʳʣ ʚʳʙʨʘʥ ʢʘʢ ʦʩʥʦʚʥʦʡ ʘʣʛʦʨʠʪʤ, ʭʦʪʷ ʜʨʫʛʠʝ 

ʘʣʛʦʨʠʪʤʳ ʪʘʢʞʝ ʧʦʢʘʟʘʣʠ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʚ ʦʧʨʝʜʝʣʝʥʥʳʭ ʘʩʧʝʢʪʘʭ. ɽʛʦ 

ʩʧʦʩʦʙʥʦʩʪʴ ʤʦʜʝʣʠʨʦʚʘʪʴ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ 

ʰʫʤʫ, ʦʪʥʦʩʠʪʝʣʴʥʦ ʥʝʚʳʩʦʢʘʷ ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ ʩʣʦʞʥʦʩʪʴ ʠ ʚʦʟʤʦʞʥʦʩʪʴ 

ʠʥʪʝʨʧʨʝʪʘʮʠʠ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ ʜʝʣʘʶʪ ʝʛʦ ʦʧʪʠʤʘʣʴʥʳʤ ʨʝʰʝʥʠʝʤ ʜʣʷ 

ʧʨʠʤʝʥʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʌʆ, ʛʜʝ ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ 

ʩ ʦʛʨʘʥʠʯʝʥʥʳʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʨʝʩʫʨʩʘʤʠ. 

ʂʣʘʩʩʠʯʝʩʢʠʝ ʤʝʪʦʜʳ: ʃʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ ʷʚʣʷʝʪʩʷ ʢʣʘʩʩʠʯʝʩʢʠʤ 

ʤʝʪʦʜʦʤ ʩʪʘʪʠʩʪʠʯʝʩʢʦʛʦ ʘʥʘʣʠʟʘ, ʦʩʥʦʚʘʥʥʳʤ ʥʘ ʧʨʝʜʧʦʣʦʞʝʥʠʠ ʦ ʣʠʥʝʡʥʦʡ 

ʟʘʚʠʩʠʤʦʩʪʠ ʤʝʞʜʫ ʥʝʟʘʚʠʩʠʤʳʤʠ ʧʝʨʝʤʝʥʥʳʤʠ (ʧʨʠʟʥʘʢʘʤʠ) ʠ ʟʘʚʠʩʠʤʦʡ 

ʧʝʨʝʤʝʥʥʦʡ. ʄʘʪʝʤʘʪʠʯʝʩʢʘʷ ʤʦʜʝʣʴ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʦʧʠʩʳʚʘʝʪʩʷ 

ʫʨʘʚʥʝʥʠʝʤ: 

 

 ‎ ‍ ‍ ‍ Ễ ‍ ‐ȟ     (2.1) 

 

ʛʜʝ ‎ ï ʧʨʦʛʥʦʟʠʨʫʝʤʦʝ ʟʥʘʯʝʥʠʝ, ὼȟὼȟỄȟὼ ï ʚʭʦʜʥʳʝ ʧʨʠʟʥʘʢʠ, ‍
‍ Ễ ‍ ï ʢʦʵʬʬʠʮʠʝʥʪʳ ʤʦʜʝʣʠ, ʘ ‐ï ʩʣʫʯʘʡʥʘʷ ʦʰʠʙʢʘ. ʇʨʝʠʤʫʱʝʩʪʚʘ 
ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʟʘʢʣʶʯʘʶʪʩʷ ʚ ʝʝ ʧʨʦʩʪʦʪʝ, ʙʳʩʪʨʦʪʝ ʦʙʫʯʝʥʠʷ ʠ ʚʳʩʦʢʦʡ 

ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʠ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʯʝʪʢʦ ʧʦʥʷʪʴ ʚʣʠʷʥʠʝ ʢʘʞʜʦʛʦ ʧʨʠʟʥʘʢʘ ʥʘ 

ʠʪʦʛʦʚʳʡ ʧʨʦʛʥʦʟ. ʄʝʪʦʜ ʠʤʝʝʪ ʩʫʱʝʩʪʚʝʥʥʦʝ ʦʛʨʘʥʠʯʝʥʠʝ ʠ ʥʝ ʩʧʦʩʦʙʝʥ 

ʘʜʝʢʚʘʪʥʦ ʤʦʜʝʣʠʨʦʚʘʪʴ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʚʟʘʠʤʦʩʚʷʟʠ, ʯʪʦ ʤʦʞʝʪ ʙʳʪʴ 

ʢʨʠʪʠʯʥʳʤ ʧʨʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ, ʛʜʝ 

ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʤʝʞʜʫ ʨʘʟʣʠʯʥʳʤʠ ʬʘʢʪʦʨʘʤʠ ʯʘʩʪʦ ʷʚʣʷʶʪʩʷ ʩʣʦʞʥʳʤʠ ʠ 

ʤʥʦʛʦʤʝʨʥʳʤʠ.  

Lasso-ʨʝʛʨʝʩʩʠʷ (Least Absolute Shrinkage and Selection Operator) 

ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʨʘʟʥʦʚʠʜʥʦʩʪʴ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ, ʢʦʪʦʨʘʷ ʚʢʣʶʯʘʝʪ L1 - 

ʨʝʛʫʣʷʨʠʟʘʮʠʶ. ʄʘʪʝʤʘʪʠʯʝʩʢʠ ʤʦʜʝʣʴ ʤʦʜʠʬʠʮʠʨʫʝʪʩʷ ʩʣʝʜʫʶʱʠʤ ʦʙʨʘʟʦʤ: 



38 

 

 

ÍÉÎ В ‎ ‍ В ‍ὼ ‗В ‍ ȟ    (2.2) 

 

ʛʜʝ ‗ ï ʧʘʨʘʤʝʪʨ ʨʝʛʫʣʷʨʠʟʘʮʠʠ, ʦʧʨʝʜʝʣʷʶʱʠʡ ʩʪʝʧʝʥʴ ʰʪʨʘʬʘ ʟʘ 
ʙʦʣʴʰʠʝ ʟʥʘʯʝʥʠʷ ʢʦʵʬʬʠʮʠʝʥʪʦʚ. ɺʚʝʜʝʥʠʝ L1 - ʨʝʛʫʣʷʨʠʟʘʮʠʠ ʩʧʦʩʦʙʩʪʚʫʝʪ 

ʟʘʥʫʣʝʥʠʶ ʤʝʥʝʝ ʟʥʘʯʠʤʳʭ ʢʦʵʬʬʠʮʠʝʥʪʦʚ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʘʚʪʦʤʘʪʠʯʝʩʢʦʤʫ 

ʦʪʙʦʨʫ ʧʨʠʟʥʘʢʦʚ. ʇʨʠ ʨʘʙʦʪʝ ʩ ʚʳʩʦʢʦʨʘʟʤʝʨʥʳʤʠ ʜʘʥʥʳʤʠ, ʢʦʛʜʘ ʥʝʦʙʭʦʜʠʤʦ 

ʚʳʜʝʣʠʪʴ ʥʘʠʙʦʣʝʝ ʟʥʘʯʠʤʳʝ ʜʝʪʝʨʤʠʥʘʥʪʳ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. 

ʅʝʩʤʦʪʨʷ ʥʘ ʚʳʩʦʢʫʶ ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴ, Lasso ʪʨʝʙʫʝʪ ʪʱʘʪʝʣʴʥʦʡ 

ʥʘʩʪʨʦʡʢʠ ʧʘʨʘʤʝʪʨʘ ‗ ʜʣʷ ʦʧʪʠʤʠʟʘʮʠʠ ʤʦʜʝʣʠ. 

Ridge-ʨʝʛʨʝʩʩʠʷ ʷʚʣʷʝʪʩʷ ʘʥʘʣʦʛʦʤ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʩ L2 - 

ʨʝʛʫʣʷʨʠʟʘʮʠʝʡ, ʢʦʪʦʨʘʷ ʚʚʦʜʠʪ ʰʪʨʘʬ ʟʘ ʢʚʘʜʨʘʪ ʥʦʨʤʳ ʢʦʵʬʬʠʮʠʝʥʪʦʚ: 

 

ÍÉÎ В ‎ ‍ В ‍ὼ ‗В ‍ ȟ    (2.3) 

 

L2 - ʨʝʛʫʣʷʨʠʟʘʮʠʷ ʧʦʤʦʛʘʝʪ ʫʤʝʥʴʰʠʪʴ ʚʣʠʷʥʠʝ ʤʫʣʴʪʠʢʦʣʣʠʥʝʘʨʥʦʩʪʠ 

ʤʝʞʜʫ ʧʨʠʟʥʘʢʘʤʠ ʠ ʩʪʘʙʠʣʠʟʠʨʫʝʪ ʦʮʝʥʢʠ ʢʦʵʬʬʠʮʠʝʥʪʦʚ, ʧʨʝʜʦʪʚʨʘʱʘʷ 

ʧʝʨʝʦʙʫʯʝʥʠʝ. Ridge-ʨʝʛʨʝʩʩʠʷ ʵʬʬʝʢʪʠʚʥʘ ʧʨʠ ʨʘʙʦʪʝ ʩ ʜʘʥʥʳʤʠ, ʛʜʝ ʚʩʝ 

ʧʨʠʟʥʘʢʠ ʚʥʦʩʷʪ ʚʢʣʘʜ ʚ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ, ʦʜʥʘʢʦ ʥʝ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʘʚʪʦʤʘʪʠʯʝʩʢʦʛʦ ʦʪʙʦʨʘ ʧʨʠʟʥʘʢʦʚ, ʢʘʢ Lasso. 

ɸʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ: ʉʣʫʯʘʡʥʳʡ ʣʝʩ (Random Forest) ʧʨʝʜʩʪʘʚʣʷʝʪ 

ʩʦʙʦʡ ʘʥʩʘʤʙʣʝʚʳʡ ʤʝʪʦʜ, ʦʩʥʦʚʘʥʥʳʡ ʥʘ ʧʦʩʪʨʦʝʥʠʠ ʙʦʣʴʰʦʛʦ ʢʦʣʠʯʝʩʪʚʘ 

ʨʝʰʘʶʱʠʭ ʜʝʨʝʚʴʝʚ, ʢʘʞʜʦʝ ʠʟ ʢʦʪʦʨʳʭ ʦʙʫʯʘʝʪʩʷ ʥʘ ʩʣʫʯʘʡʥʦʤ ʧʦʜʤʥʦʞʝʩʪʚʝ 

ʜʘʥʥʳʭ ʠ ʧʨʠʟʥʘʢʦʚ. ʀʪʦʛʦʚʳʡ ʧʨʦʛʥʦʟ ʬʦʨʤʠʨʫʝʪʩʷ ʧʦʩʨʝʜʩʪʚʦʤ ʫʩʨʝʜʥʝʥʠʷ 

(ʜʣʷ ʨʝʛʨʝʩʩʠʠ) ʠʣʠ ʛʦʣʦʩʦʚʘʥʠʷ (ʜʣʷ ʢʣʘʩʩʠʬʠʢʘʮʠʠ) ʨʝʟʫʣʴʪʘʪʦʚ ʚʩʝʭ 

ʜʝʨʝʚʴʝʚ. ʄʝʪʦʜ ʦʙʣʘʜʘʝʪ ʨʷʜʦʤ ʧʨʝʠʤʫʱʝʩʪʚ: ʦʥ ʩʧʦʩʦʙʝʥ ʤʦʜʝʣʠʨʦʚʘʪʴ 

ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʚʟʘʠʤʦʩʚʷʟʠ, ʫʩʪʦʡʯʠʚ ʢ ʚʳʙʨʦʩʘʤ ʠ ʰʫʤʫ, ʘ ʪʘʢʞʝ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʦʮʝʥʢʫ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʥʦ ʧʨʠ ʨʘʙʦʪʝ ʩ 

ʧʩʠʭʦʤʝʪʨʠʯʝʩʢʠʤʠ ʜʘʥʥʳʤʠ, ʪʘʢʠʤʠ ʢʘʢ ʨʝʟʫʣʴʪʘʪʳ ʦʧʨʦʩʥʠʢʘ MBI. ʂʨʦʤʝ 

ʪʦʛʦ, ʘʥʩʘʤʙʣʝʚʳʡ ʧʦʜʭʦʜ ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ ʩʥʠʞʘʝʪ ʨʠʩʢ ʧʝʨʝʦʙʫʯʝʥʠʷ ʟʘ ʩʯʝʪ 

ʘʛʨʝʛʘʮʠʠ ʤʥʦʞʝʩʪʚʘ ʥʝʟʘʚʠʩʠʤʳʭ ʤʦʜʝʣʝʡ. ʕʪʠ ʩʚʦʡʩʪʚʘ ʜʝʣʘʶʪ ʩʣʫʯʘʡʥʳʡ 

ʣʝʩ ʦʧʪʠʤʘʣʴʥʳʤ ʚʳʙʦʨʦʤ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʚʳʛʦʨʘʥʠʷ, ʛʜʝ ʜʘʥʥʳʝ ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʚʳʩʦʢʦʡ ʨʘʟʥʦʨʦʜʥʦʩʪʴʶ ʠ ʩʣʦʞʥʳʤʠ 

ʚʟʘʠʤʦʩʚʷʟʷʤʠ. 

ɻʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ (XGBoost, CatBoost) - ɻ ʪʦ ʩʝʤʝʡʩʪʚʦ ʘʣʛʦʨʠʪʤʦʚ, ʚ 

ʦʩʥʦʚʝ ʢʦʪʦʨʳʭ ʣʝʞʠʪ ʧʦʩʪʨʦʝʥʠʝ ʤʦʜʝʣʝʡ ʚ ʚʠʜʝ ʘʥʩʘʤʙʣʷ ʩʣʘʙʳʭ 

ʧʨʝʜʩʢʘʟʘʪʝʣʝʡ, ʠʣʠ ʨʝʰʘʶʱʠʭ ʜʝʨʝʚʴʝʚ, ʛʜʝ ʢʘʞʜʘʷ ʧʦʩʣʝʜʫʶʱʘʷ ʤʦʜʝʣʴ 

ʩʪʨʝʤʠʪʩʷ ʩʢʦʨʨʝʢʪʠʨʦʚʘʪʴ ʦʰʠʙʢʠ ʧʨʝʜʳʜʫʱʝʡ. XGBoost (Extreme Gradient 

Boosting) ʦʙʣʘʜʘʝʪ ʩʚʦʝʡ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʴʶ, ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ ʠ 

ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴʶ, ʦʜʥʘʢʦ ʪʨʝʙʫʝʪ ʪʱʘʪʝʣʴʥʦʡ ʥʘʩʪʨʦʡʢʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ, 

ʪ.ʝ. ʛʣʫʙʠʥʘ ʜʝʨʝʚʴʝʚ, ʩʢʦʨʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʨʝʛʫʣʷʨʠʟʘʮʠʷ, ʯʪʦ ʤʦʞʝʪ ʫʚʝʣʠʯʠʚʘʪʴ 

ʚʳʯʠʩʣʠʪʝʣʴʥʫʶ ʥʘʛʨʫʟʢʫ. CatBoost - ɻ ʪʦ ʚʘʨʠʘʥʪ ʛʨʘʜʠʝʥʪʥʦʛʦ ʙʫʩʪʠʥʛʘ, 

ʢʦʪʦʨʳʡ ʦʩʦʙʝʥʥʦ ʵʬʬʝʢʪʠʚʥʦ ʨʘʙʦʪʘʝʪ ʩ ʢʘʪʝʛʦʨʠʘʣʴʥʳʤʠ ʧʨʠʟʥʘʢʘʤʠ 
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ʙʣʘʛʦʜʘʨʷ ʩʧʝʮʠʘʣʴʥʳʤ ʤʝʪʦʜʘʤ ʠʭ ʦʙʨʘʙʦʪʢʠ, ʥʦ ʧʨʠ ʵʪʦʤ ʩʦʭʨʘʥʷʝʪ 

ʧʨʝʠʤʫʱʝʩʪʚʘ ʪʦʯʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ. ʆʙʘ ʤʝʪʦʜʘ ʩʧʦʩʦʙʥʳ ʫʣʦʚʠʪʴ 

ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʤʝʞʜʫ ʧʨʠʟʥʘʢʘʤʠ, ʯʪʦ ʜʝʣʘʝʪ ʠʭ 

ʧʨʠʚʣʝʢʘʪʝʣʴʥʳʤʠ ʜʣʷ ʨʘʙʦʪʳ ʩ ʨʘʟʥʦʦʙʨʘʟʥʳʤʠ ʜʘʥʥʳʤʠ, ʦʜʥʘʢʦ ʠʭ 

ʩʣʦʞʥʦʩʪʴ ʥʘʩʪʨʦʡʢʠ ʤʦʞʝʪ ʩʪʘʪʴ ʦʛʨʘʥʠʯʠʚʘʶʱʠʤ ʬʘʢʪʦʨʦʤ ʚ ʫʩʣʦʚʠʷʭ 

ʦʛʨʘʥʠʯʝʥʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ. 

ʈʝʢʫʨʨʝʥʪʥʳʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ: ʨʘʟʥʦʚʠʜʥʦʩʪʴ ʨʝʢʫʨʨʝʥʪʥʳʭ ʥʝʡʨʦʥʥʳʭ 

ʩʝʪʝʡ, ʩʧʝʮʠʘʣʴʥʦ ʨʘʟʨʘʙʦʪʘʥʥʘʷ ʜʣʷ ʦʙʨʘʙʦʪʢʠ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʭ ʜʘʥʥʳʭ ʠ 

ʚʳʷʚʣʝʥʠʷ ʜʣʠʪʝʣʴʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ. ʄʦʜʝʣʴ LSTM ʠʤʝʝʪ ʚʥʫʪʨʝʥʥʠʝ 

ʤʝʭʘʥʠʟʤʳ ʧʘʤʷʪʠ, ʢʦʪʦʨʳʝ ʧʦʟʚʦʣʷʶʪ ʝʡ çʟʘʧʦʤʠʥʘʪʴè ʠʥʬʦʨʤʘʮʠʶ ʥʘ 

ʧʨʦʪʷʞʝʥʠʠ ʜʣʠʪʝʣʴʥʳʭ ʠʥʪʝʨʚʘʣʦʚ ʚʨʝʤʝʥʠ. ɺ ʢʦʥʪʝʢʩʪʝ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ LSTM ʤʦʞʝʪ ʙʳʪʴ ʧʦʣʝʟʥʘ, ʝʩʣʠ ʜʘʥʥʳʝ ʩʦʜʝʨʞʘʪ 

ʷʨʢʦ ʚʳʨʘʞʝʥʥʳʝ ʚʨʝʤʝʥʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʠʣʠ ʝʩʣʠ ʪʨʝʙʫʝʪʩʷ ʫʯʠʪʳʚʘʪʴ 

ʜʠʥʘʤʠʢʫ ʠʟʤʝʥʝʥʠʡ ʩʦʩʪʦʷʥʠʷ ʩ ʪʝʯʝʥʠʝʤ ʚʨʝʤʝʥʠ. ʆʜʥʘʢʦ LSTM ʪʨʝʙʫʝʪ 

ʙʦʣʴʰʦʛʦ ʦʙʲʝʤʘ ʜʘʥʥʳʭ ʜʣʷ ʵʬʬʝʢʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʦʙʣʘʜʘʝʪ ʚʳʩʦʢʦʡ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʩʣʦʞʥʦʩʪʴʶ, ʯʪʦ ʤʦʞʝʪ ʧʨʠʚʝʩʪʠ ʢ ʧʝʨʝʦʙʫʯʝʥʠʶ ʥʘ ʤʘʣʳʭ 

ʚʳʙʦʨʢʘʭ ʠ ʟʘʪʨʫʜʥʠʪʴ ʠʥʪʝʨʧʨʝʪʘʮʠʶ ʨʝʟʫʣʴʪʘʪʦʚ. 

ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʅʘ ʦʩʥʦʚʝ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʨʘʟʣʠʯʥʳʭ ʘʣʛʦʨʠʪʤʦʚ ʤʘʰʠʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʧʨʦʚʝʜʝʥʥʦʛʦ ʚ ʵʢʩʧʝʨʠʤʝʥʪʝ, ʤʦʞʥʦ ʩʜʝʣʘʪʴ ʩʣʝʜʫʶʱʠʡ ʚʳʚʦʜ ʠ 

ʦʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʤʦʜʝʣʠ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ 

ʚʳʛʦʨʘʥʠʷ. 

ʀʩʩʣʝʜʦʚʘʥʠʝ ʚʢʣʶʯʘʣʦ ʦʮʝʥʢʫ ʤʦʜʝʣʝʡ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ, Lasso, 

Ridge, ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ, ʛʨʘʜʠʝʥʪʥʦʛʦ ʙʫʩʪʠʥʛʘ (XGBoost, CatBoost) ʠ LSTM. 

ʃʠʥʝʡʥʳʝ ʤoʜʝʣʠ, ʪʘʢʠʝ ʢʘʢ ʣʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Lasso, Ridge ʧʦʢʘʟʘʣʠ 

ʧʨʘʢʪʠʯʝʩʢʠ ʠʜʝʘʣʴʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʥʘ oʙʫʯʘʶʱʠʭ ʜʘʥʥʳʭ, ʧʨʠ MSE, ʙʣʠʟʢʠʡ 

ʢ ʥʫʣʶ, ʠ RĮ = 1.0, ʦʜʥʘʢʦ ʠʭ ʚʳʩʦʢʦʝ ʢʘʯʝʩʪʚʦ ʧʨʝʜʩʢʘʟʘʥʠʡ ʩʢʦʨʝʝ 

ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʧʝʨʝʦʙʫʯʝʥʠʠ, ʦʩʦʙʝʥʥʦ ʝʩʣʠ ʟʘʚʠʩʠʤʦʩʪʴ ʤʝʞʜʫ 

ʧʨʠʟʥʘʢʘʤʠ ʠ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ ʠʤʝʝʪ ʩʣoʞʥʳʡ ʥʝʣʠʥʝʡʥʳʡ ʭʘʨʘʢʪʝʨ. ɺ 

oʪʣʠʯʠʝ ʦʪ ʥʠʭ, ʘʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ, ʪʘʢʠʝ ʢʘʢ ʩʣʫʯʘʡʥʳʡ ʣʝʩ, 

ʜʝʤoʥʩʪʨʠʨʫʶʪ ʥʝ ʪoʣʴʢo ʚʳʩoʢʫʶ ʪʦʯʥʦʩʪʴ, ʢʘʢ MSE å 1.52e-03, RĮ å 

0.999999, ʥʦ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʚʳʙʨʦʩʘʤ ʠ ʰʫʤʫ. ʂʨʦʤʝ ʪʦʛʦ, ʩʣʫʯʘʡʥʳʡ ʣʝʩ 

ʧʦʟʚʦʣʷʝʪ ʦʮʝʥʠʚʘʪʴ ʚʘʞʥʦʩʪʴ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʜʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʚʳʷʚʠʪʴ 

ʢʣʶʯʝʚʳʝ ʜʝʪʝʨʤʠʥʘʥʪʳ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʠ ʨʘʟʨʘʙʦʪʘʪʴ 

ʧʝʨʩoʥʘʣʠʟʠʨoʚʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʧʨoʬʠʣʘʢʪʠʢʠ. ʇʨʠ ʩʨʘʚʥʝʥʠʠ ʤoʜʝʣʝʡ 

ʛʨʘʜʠʝʥʪʥʦʛʦ ʙʫʩʪʠʥʛʘ XGBoost ʠ CatBoost ʙʳʣʦ oʪʤʝʯʝʥʦ, ʯʪʦ oʥʠ ʪʘʢʞʝ 

ʦʙʝʩʧʝʯʠʚʘʶʪ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ, oʜʥʘʢo ʪʨʝʙʫʶʪ ʙoʣʝʝ ʩʣʦʞʥʦʡ ʥʘʩʪʨʦʡʢʠ 

ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ ʠ ʦʙʣʘʜʘʶʪ ʙʦʣʴʰʝʡ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʥʘʛʨʫʟʢʦʡ, ʯʪʦ ʤʦʞʝʪ 

ʙʳʪʴ oʛʨʘʥʠʯʠʚʘʶʱʠʤ ʬʘʢʪoʨoʤ ʚ ʫʩʣoʚʠʷʭ ʌʆ, ʛʜʝ ʜʘʥʥʳʝ ʨʘʩʧʨʝʜʝʣʝʥʳ 

ʤʝʞʜʫ ʣoʢʘʣʴʥʳʤʠ ʫʩʪʨʦʡʩʪʚʘʤʠ ʩ ʦʛʨʘʥʠʯʝʥʥʳʤʠ ʨʝʩʫʨʩʘʤʠ. ʄʦʜʝʣʴ LSTM, 

ʧʨʝʜʥʘʟʥʘʯʝʥʥʘʷ ʜʣʷ ʦʙʨʘʙʦʪʢʠ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ, ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʘ 

ʥʠʟʢʫʶ ʩʭoʜʠʤʦʩʪʴ, ʯʪʦ ʤoʞʝʪ ʙʳʪʴ ʩʚʷʟʘʥʦ ʩ oʪʩʫʪʩʪʚʠʝʤ ʷʨʢʦ ʚʳʨʘʞʝʥʥʦʡ 

ʚʨʝʤʝʥʥʦʡ ʩʪʨʫʢʪʫʨʳ ʚ ʜʘʥʥʳʭ ʠʣʠ ʥʝʜʦʩʪʘʪʦʯʥʳʤ ʦʙʲʝʤʦʤ ʚʳʙʦʨʢʠ. 

ʉʦʚʤʝʩʪʥʦʝ ʧʨʠʤʝʥʝʥʠʝ MSE ʠ RĮ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʤʧʣʝʢʩʥʫʶ ʦʮʝʥʢʫ ʢʘʯʝʩʪʚʘ 
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ʤʦʜʝʣʠ, ʫʯʠʪʳʚʘʷ, ʢʘʢ ʪʦʯʥʦʩʪʴ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʪʘʢ ʠ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʦʙʲʷʩʥʝʥʠʷ ʚʘʨʠʘʪʠʚʥʦʩʪʠ ʜʘʥʥʳʭ. ʕʪʦʪ ʧʨʠʝʤ ʧʦʟʚʦʣʷʝʪ ʦʙʲʝʢʪʠʚʥʦ 

ʩʨʘʚʥʠʚʘʪʴ ʤʦʜʝʣʠ ʠ ʚʳʙʠʨʘʪʴ ʦʧʪʠʤʘʣʴʥʫʶ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ, ʯʪʦ ʷʚʣʷʝʪʩʷ ʢʨʠʪʠʯʝʩʢʠ ʚʘʞʥʳʤ ʧʨʠ ʨʘʙʦʪʝ ʩ 

ʜʘʥʥʳʤʠ, ʩʦʜʝʨʞʘʱʠʤʠ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʠ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ 

ʰʫʤʘ ʧʨʠʚʝʜʝʥʳ ʚ ʪʘʙʣʠʮʝ 2.1. 

 

ʊʘʙʣʠʮʘ 2.1 - ʉʚʦʜʥʘʷ ʪʘʙʣʠʮʘ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʤʦʜʝʣʝʡ 

 

ʄʦʜʝʣʴ MSE RĮ ʇʨʝʠʤʫʱʝʩʪʚʘ ʅʝʜʦʩʪʘʪʢʠ 

ʃʠʥʝʡʥʘʷ 

ʨʝʛʨʝʩʩʠʷ 
~3.81e-28 1.00 

ʇʨʦʩʪʦʪʘ, ʚʳʩʦʢʘʷ 

ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴ 

ʇʝʨʝʦʙʫʯʝʥʠʝ, 

ʥʝʘʜʝʢʚʘʪʥʦʩʪʴ ʜʣʷ 

ʩʣʦʞʥʳʭ 

ʥʝʣʠʥʝʡʥʳʭ 

ʟʘʚʠʩʠʤʦʩʪʝʡ 

Lasso ~1.26e-05 1.00 
ʆʪʙʦʨ ʧʨʠʟʥʘʢʦʚ, 

ʨʝʛʫʣʷʨʠʟʘʮʠʷ 

ʊʨʝʙʫʝʪ ʪʦʥʢʦʡ 

ʥʘʩʪʨʦʡʢʠ 

ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ 

Ridge ~8.48e-11 1.00 

ʉʪʘʙʠʣʴʥʘʷ ʧʨʠ 

ʤʫʣʴʪʠʢʦʣʣʠʥʝʘʨʥʦʩʪ

ʠ 

ʆʛʨʘʥʠʯʝʥʥʘʷ 

ʩʧʦʩʦʙʥʦʩʪʴ 

ʚʳʷʚʣʷʪʴ ʩʣʦʞʥʳʝ 

ʟʘʚʠʩʠʤʦʩʪʠ 

Random 

Forest 
~1.52e-03 ~0.99 

ɺʳʩʦʢʘʷ ʪʦʯʥʦʩʪʴ, 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ 

ʚʳʙʨʦʩʘʤ, 

ʤʦʜʝʣʠʨʦʚʘʥʠʝ 

ʥʝʣʠʥʝʡʥʳʭ 

ʟʘʚʠʩʠʤʦʩʪʝʡ, ʦʮʝʥʢʘ 

ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ 

ʅʝʤʥʦʛʦ ʙʦʣʝʝ 

ʚʳʩʦʢʘʷ 

ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ 

ʥʘʛʨʫʟʢʘ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ 

ʣʠʥʝʡʥʳʤʠ 

ʤʦʜʝʣʷʤʠ 

ɻʨʘʜʠʝʥʪ

ʥʳʡ 

ʙʫʩʪʠʥʛ 

~1.58e-02 ~0.99 

ɺʳʩʦʢʘʷ ʪʦʯʥʦʩʪʴ, 

ʢʦʨʨʝʢʪʠʨʦʚʢʘ 

ʦʰʠʙʦʢ ʧʨʝʜʳʜʫʱʠʭ 

ʠʪʝʨʘʮʠʡ 

ʉʣʦʞʥʘʷ ʥʘʩʪʨʦʡʢʘ, 

ʨʠʩʢ ʧʝʨʝʦʙʫʯʝʥʠʷ, 

ʙʦʣʴʰʘʷ 

ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ 

ʩʪʦʠʤʦʩʪʴ 

CatBoost ~2.19e-02 ~0.99 

ɸʚʪʦʤʘʪʠʯʝʩʢʘʷ 

ʦʙʨʘʙʦʪʢʘ 

ʢʘʪʝʛʦʨʠʘʣʴʥʳʭ 

ʧʨʠʟʥʘʢʦʚ, ʚʳʩʦʢʘʷ 

ʪʦʯʥʦʩʪʴ 

ɹʦʣʝʝ ʩʣʦʞʥʘʷ 

ʠʥʪʝʨʧʨʝʪʘʮʠʷ, 

ʪʨʝʙʦʚʘʪʝʣʴʥʦʩʪʴ ʢ 

ʥʘʩʪʨʦʡʢʝ 

LSTM 
ʟʥʘʯʠʪʝʣʴ

ʥʦ ʚʳʰʝ 
ʥʠʞʝ 

ʕʬʬʝʢʪʠʚʥʘ ʜʣʷ 

ʚʨʝʤʝʥʥʳʭ 

ʟʘʚʠʩʠʤʦʩʪʝʡ (ʧʨʠ 

ʜʦʩʪʘʪʦʯʥʦʤ ʦʙʲʝʤʝ 

ʜʘʥʥʳʭ) 

ɺʳʩʦʢʘʷ 

ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ 

ʩʣʦʞʥʦʩʪʴ, ʨʠʩʢ 

ʧʝʨʝʦʙʫʯʝʥʠʷ ʥʘ 

ʤʘʣʳʭ ʚʳʙʦʨʢʘʭ 
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ɺ ʠʩʩʣʝʜʦʚʘʥʠʠ ʜʣʷ ʦʮʝʥʢʠ ʢʘʯʝʩʪʚʘ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʤʦʜʝʣʠ 

ʠʩʧʦʣʴʟʦʚʘʥʳ ʤʝʪʨʠʢʠ MSE, ʢʦʪʦʨʘʷ ʭʘʨʘʢʪʝʨʠʟʫʝʪ ʘʙʩʦʣʶʪʥʫʶ ʚʝʣʠʯʠʥʫ 

ʦʰʠʙʦʢ ʧʨʝʜʩʢʘʟʘʥʠʷ ʠ ʯʫʚʩʪʚʠʪʝʣʴʥʘ ʢ ʙʦʣʴʰʠʤ ʦʪʢʣʦʥʝʥʠʷʤ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ 

ʚʳʷʚʣʷʪʴ ʩʫʱʝʩʪʚʝʥʥʳʝ ʦʰʠʙʢʠ ʤʦʜʝʣʠ ʧʨʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ ʥʝʧʨʝʨʳʚʥʳʭ 

ʟʥʘʯʝʥʠʡ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʠ RĮ, ʢʦʪʦʨʳʡ ʦʪʨʘʞʘʝʪ ʜʦʣʶ 

ʜʠʩʧʝʨʩʠʠ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ, ʦʙʲʷʩʥʷʝʤʫʶ ʤʦʜʝʣʴʶ, ʠ ʧʦʟʚʦʣʷʝʪ ʦʮʝʥʠʪʴ 

ʝʝ ʦʙʦʙʱʘʶʱʫʶ ʩʧʦʩʦʙʥʦʩʪʴ. ʉʧʦʩʦʙʥʦʩʪʴʶ ʬʦʨʤʠʨʦʚʘʪʴ ʪʦʯʥʳʝ ʠ 

ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʳʝ ʧʨʦʛʥʦʟʳ ʦʙʦʩʥʦʚʳʚʘʝʪ ʚʳʙʦʨ ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ ʝʛʦ, ʯʪʦ 

ʷʚʣʷʝʪʩʷ ʢʣʶʯʝʚʳʤ ʪʨʝʙʦʚʘʥʠʝʤ ʜʣʷ ʨʘʟʨʘʙʦʪʢʠ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʩʪʨʘʪʝʛʠʡ ʨʘʥʥʝʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ ʚ ʩʣʫʯʘʝ ʚʳʩʦʢʦʛʦ ʫʨʦʚʥʷ ʚʳʛʦʨʘʥʠʷ. 

 

2.2 ɸʣʛʦʨʠʪʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ɺ ʩʪʘʪʴʝ [87] ʨʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʦʩʥʦʚʥʳʝ ʘʩʧʝʢʪʳ ʌʆ, ʫʯʠʪʳʚʘʷ ʝʛʦ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʳʝ ʧʨʠʥʮʠʧʳ, ʘʨʭʠʪʝʢʪʫʨʳ, ʘ ʪʘʢʞʝ ʧʝʨʩʧʝʢʪʠʚʥʳʝ ʦʙʣʘʩʪʠ 

ʧʨʠʤʝʥʝʥʠʷ. ɸʚʪʦʨʳ ʘʥʘʣʠʟʠʨʫʝʪ ʧʨʝʠʤʫʱʝʩʪʚʘ ʌʆ ʚ ʦʙʝʩʧʝʯʝʥʠʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʩʥʠʞʝʥʠʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʥʘʛʨʫʟʢʠ, ʘ ʪʘʢʞʝ 

ʚʳʜʝʣʷʶʪ ʚʳʟʦʚʳ, ʩʚʷʟʘʥʥʳʝ ʩ ʦʙʨʘʙʦʪʢʦʡ non-IID [88] ʠ ʦʧʪʠʤʠʟʘʮʠʝʡ 

ʧʝʨʝʜʘʯʠ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ. ɺʳʙʦʨ ʘʣʛʦʨʠʪʤʘ ʌʆ ʟʘʚʠʩʠʪ ʦʪ ʭʘʨʘʢʪʝʨʘ 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʦʛʨʘʥʠʯʝʥʠʡ. ʆʩʥʦʚʦʧʦʣʘʛʘʶʱʠʝ 

ʘʣʛʦʨʠʪʤʳ ʦʧʨʝʜʝʣʷʶʪ ʦʩʥʦʚʥʦʡ ʧʨʦʮʝʩʩ ʌʆ, ʚ ʢʦʪʦʨʦʤ ʥʝʩʢʦʣʴʢʦ ʢʣʠʝʥʪʦʚ 

ʦʙʫʯʘʶʪ ʤʦʜʝʣʠ ʣʦʢʘʣʴʥʦ ʠ ʦʪʧʨʘʚʣʷʶʪ ʦʙʥʦʚʣʝʥʠʷ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

 

2.3 ʌʝʜʝʨʘʪʠʚʥʦʝ ʫʩʨʝʜʥʝʥʠʝ (FedAvg)  

ɺʧʝʨʚʳʝ ʧʨʝʜʣʦʞʝʥ ʘʣʛʦʨʠʪʤ FedAvg ʚ ʩʪʘʪʴʝ [89] ʠ ʷʚʣʷʝʪʩʷ ʙʘʟʦʚʳʤ. 

ʌʦʨʤʠʨʦʚʘʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʥʘ ʙʘʟʝ ʜʘʥʥʳʭ, ʧʦʣʫʯʝʥʥʳʭ ʦʪ 

ʨʘʟʥʦʨʦʜʥʳʭ ʢʣʠʝʥʪʩʢʠʭ ʜʘʥʥʳʭ, ʥʝ ʧʝʨʝʜʘʚʘʷ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ, ʯʪʦ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʙʣʶʜʝʥʠʝ ʪʨʝʙʦʚʘʥʠʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʧʝʨʝʜʘʯʠ 

ʜʘʥʥʳʭ. 

ʆʩʥʦʚʥʳʝ ʵʪʘʧʳ, ʦʪʨʘʞʘʶʱʠʝ ʨʘʙʦʪʫ FedAvg: 

1. ʀʥʠʮʠʘʣʠʟʘʮʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʠʥʠʮʠʘʣʠʟʠʨʫʝʪ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʩ ʥʘʯʘʣʴʥʳʤ ʥʘʙʦʨʦʤ ʧʘʨʘʤʝʪʨʦʚ ʠ ‫ 
ʨʘʩʧʨʝʜʝʣʷʝʪ ʝʝ ʢʦʧʠʶ ʩʨʝʜʠ ʚʩʝʭ ʫʯʘʩʪʚʫʶʱʠʭ ʢʣʠʝʥʪʦʚ. 

2. ɺʳʙʦʨ ʢʣʠʝʥʪʦʚ ʜʣʷ ʦʙʫʯʝʥʠʷ: ʅʘ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ (ʠʣʠ ʨʘʫʥʜʝ) 
ʩʝʨʚʝʨ ʩʣʫʯʘʡʥʳʤ ʦʙʨʘʟʦʤ ʚʳʙʠʨʘʝʪ ʧʦʜʤʥʦʞʝʩʪʚʦ ʢʣʠʝʥʪʦʚ ῺṖ  ́ʠʟ 

ʦʙʱʝʛʦ ʯʠʩʣʘ ʜʦʩʪʫʧʥʳʭ ʫʩʪʨʦʡʩʪʚ ,́ ʯʪʦ ʩʥʠʞʘʝʪ ʥʘʛʨʫʟʢʫ ʥʘ ʚʳʯʠʩʣʝʥʠʷ ʠ 

ʢʦʤʤʫʥʠʢʘʮʠʶ. 

3. ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʢʣʠʝʥʪʦʚ: ʂʘʞʜʳʡ ʚʳʙʨʘʥʥʳʡ ʢʣʠʝʥʪ Ὧᶰὑ 
ʦʙʥʦʚʣʷʝʪ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ ʣʦʢʘʣʴʥʦʛʦ ʥʘʙʦʨʘ ʜʘʥʥʳʭ Ὀ ʩ ‫ 
ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʩʪʦʭʘʩʪʠʯʝʩʢʦʛʦ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ (SGD) ʠʣʠ ʝʛʦ 

ʤʦʜʠʬʠʢʘʮʠʡ, ʯʪʦ ʤʦʞʥʦ ʚʳʨʘʟʠʪʴ ʩʣʝʜʫʶʱʠʤ ʦʙʨʘʟʦʤ: 

 

‫ ‫ ‘ɳὊ ‫ ȟ      (2.4) 
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ʛʜʝ Ὂ ʣʦʢʘʣʴʥʘʷ ʬʫʥʢʮʠʷ ʧʦʪʝʨʴ, ‘ - ʩʢʦʨʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʘ Ὂɳ - ‫ ‫  

ʛʨʘʜʠʝʥʪ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ, ʚʳʯʠʩʣʝʥʥʳʡ ʥʘ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ. 

4. ʆʪʧʨʘʚʢʘ ʦʙʥʦʚʣʝʥʠʡ ʥʘ ʩʝʨʚʝʨ: ʇʦʩʣʝ ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʦʪʧʨʘʚʣʷʝʪ ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ ‫  ʥʘ 

ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

5. ɸʛʨʝʛʘʮʠʷ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʥʘ ʩʝʨʚʝʨʝ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʘʛʨʝʛʠʨʫʝʪ ʧʦʣʫʯʝʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʝʡ ʦʪ ʚʩʝʭ ʫʯʘʩʪʚʫʶʱʠʭ ʢʣʠʝʥʪʦʚ, 

ʚʳʯʠʩʣʷʷ ʚʟʚʝʰʝʥʥʦʝ ʩʨʝʜʥʝʝ ʦʙʥʦʚʣʝʥʠʡ: 

 

‫ Вᶰ ‫        (2.5) 

 

ʛʜʝ 

‫  - ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ 

‫  - ʧʘʨʘʤʝʪʨʳ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘ 

ὲ - ʢʦʣʠʯʝʩʪʚʦ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʘ k 

ὲ В ὲᶰ  - ʦʙʱʝʝ ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ 

6. ʆʙʥʦʚʣʝʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʆʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ‫  

ʦʪʧʨʘʚʣʷʶʪʩʷ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ, ʠ ʧʨʦʮʝʩʩ ʧʦʚʪʦʨʷʝʪʩʷ ʚ ʩʣʝʜʫʶʱʠʭ ʨʘʫʥʜʘʭ 

ʦʙʫʯʝʥʠʷ. 

ʇʦʧʫʣʷʨʥʳʤ ʘʣʛʦʨʠʪʤʦʤ ʚ ʌʆ ʩʯʠʪʘʝʪʩʷ FedAvg. ʆʙʝʩʧʝʯʝʥʠʝ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʩʪʨʦʛʠʤ ʪʨʝʙʦʚʘʥʠʷʤ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʣʠʯʥʦʡ ʠʥʬʦʨʤʘʮʠʠ ʢʘʢ GDPR [90] ʠ HIPAA ̫ ʚʣʷʝʪʩʷ 

ʧʨʝʠʤʫʱʝʩʪʚʦʤ. FedAvg [91] ʫʤʝʥʴʰʘʝʪ ʩʝʪʝʚʫʶ ʥʘʛʨʫʟʢʫ, ʪʘʢ ʢʘʢ ʥʘ ʩʝʨʚʝʨ 

ʧʝʨʝʜʘʶʪʩʷ ʪʦʣʴʢʦ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʯʪʦ ʩʦʢʨʘʱʘʝʪ ʟʘʪʨʘʪʳ ʥʘ ʧʝʨʝʜʘʯʫ 

ʠʥʬʦʨʤʘʮʠʠ. ɻʠʙʢʦʩʪʴ ʠ ʘʜʘʧʪʠʚʥʦʩʪʴ ʩʯʠʪʘʶʪʩʷ ʧʣʶʩʦʤ, ʯʪʦ ʜʘʝʪ 

ʚʦʟʤʦʞʥʦʩʪʴ ʨʘʙʦʪʳ ʚ ʛʝʪʝʨʦʛʝʥʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʩʨʝʜʘʭ, ʚ ʢʦʪʦʨʳʭ 

ʫʩʪʨʦʡʩʪʚʘ ʤʦʛʫʪ ʠʤʝʪʴ ʨʘʟʣʠʯʥʳʝ ʦʙʴʝʤʳ ʠ ʤʦʱʥʦʩʪʠ ʜʘʥʥʳʭ. ʆʩʥʦʚʥʳʤ 

ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʷʚʣʷʝʪʩʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʠʟ-ʟʘ ʪʦʛʦ, ʯʪʦ ʫʩʨʝʜʥʝʥʠʝ 

ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʝʡ ʥʘ ʩʝʨʚʝʨʝ ʫʩʢʦʨʷʝʪ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʧʦʤʦʛʘʝʪ 

ʙʳʩʪʨʝʝ ʦʙʫʯʠʪʴ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ. 

FedAvg ʠʤʝʝʪ ʥʝʩʢʦʣʴʢʦ ʦʛʨʘʥʠʯʝʥʠʡ, ʥʝʩʤʦʪʨʷ ʥʘ ʩʚʦʶ 

ʧʨʦʜʫʢʪʠʚʥʦʩʪʴ, ʢʦʪʦʨʳʝ ʚʣʠʷʶʪ ʥʘ ʝʛʦ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ ʠ ʩʣʦʞʥʳʭ 

ʩʮʝʥʘʨʠʷʭ ʌʆ. ʆʩʥʦʚʥʳʤ ʤʠʥʫʩʦʤ ʷʚʣʷʝʪʩʷ ʥʝʦʜʥʦʨʦʜʥʦʩʪʴ ʨʘʩʧʨʝʜʝʣʝʥʠʷ 

ʜʘʥʥʳʭ, ʢʦʛʜʘ ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ ʩʠʣʴʥʦ ʦʪʣʠʯʘʶʪʩʷ ʧʦ ʩʚʦʠʤ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤ. 

ɺ ʪʘʢʦʡ ʩʠʪʫʘʮʠʠ ʫʩʨʝʜʥʝʥʠʝ ʤʦʜʝʣʝʡ ʤʦʞʝʪ ʧʨʠʚʦʜʠʪʴ ʢ ʫʭʫʜʰʝʥʠʶ ʢʘʯʝʩʪʚʘ 

ʦʙʫʯʝʥʠʷ ʠ ʩʥʠʞʝʥʠʶ ʪʦʯʥʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ʂʨʦʤʝ ʪʦʛʦ, 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʴ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʢʣʠʝʥʪʦʚ ʩʦʟʜʘʝʪ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ 

ʩʣʦʞʥʦʩʪʠ, ʪʘʢ ʢʘʢ ʫʩʪʨʦʡʩʪʚʘ ʤʦʛʫʪ ʠʤʝʪʴ ʨʘʟʣʠʯʥʫʶ ʚʳʯʠʩʣʠʪʝʣʴʥʫʶ 

ʤʦʱʥʦʩʪʴ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʘʩʠʥʭʨʦʥʥʦʩʪʠ ʦʙʥʦʚʣʝʥʠʡ ʠ ʟʘʤʝʜʣʝʥʠʶ ʦʙʫʯʝʥʠʷ. 

ʄʝʜʣʝʥʥʘʷ ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ ʟʥʘʯʠʪʝʣʴʥʳʭ ʨʘʟʣʠʯʠʡ ʚ ʜʘʥʥʳʭ 

ʢʣʠʝʥʪʦʚ ʜʝʣʘʝʪ ʦʙʫʯʝʥʠʝ ʤʝʥʝʝ ʧʨʦʜʫʢʪʠʚʥʳʤ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʤʠ ʤʝʪʦʜʘʤʠ. 

FedAvg ʷʚʣʷʝʪʩʷ ʙʘʟʦʚʳʤ ʘʣʛʦʨʠʪʤʦʤ ʠ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʪʘʢʠʭ ʦʙʣʘʩʪʷʭ, 

ʢʘʢ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʬʠʥʘʥʩʦʚʳʡ ʩʝʢʪʦʨ, ʦʙʨʘʟʦʚʘʥʠʝ ʠ ʚʦʝʥʥʦʝ ʜʝʣʦ. 
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ʉʧʦʩʦʙʥʦʩʪʴ ʦʙʝʩʧʝʯʠʚʘʪʴ ʧʨʠʚʘʪʥʦʩʪʴ ʜʘʥʥʳʭ ʠ ʩʥʠʞʘʪʴ ʥʘʛʨʫʟʢʫ ʥʘ 

ʮʝʥʪʨʘʣʴʥʳʝ ʩʝʨʚʝʨʳ ʜʝʣʘʝʪ ʝʛʦ ʦʩʥʦʚʥʳʤ ʵʣʝʤʝʥʪʦʤ ʩʦʚʨʝʤʝʥʥʳʭ 

ʬʝʜʝʨʘʪʠʚʥʳʭ ʧʦʜʭʦʜʦʚ. ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʝʛʦ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʚ ʫʩʣʦʚʠʷʭ 

ʨʝʘʣʴʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʩʠʩʪʝʤ ʪʨʝʙʫʝʪʩʷ ʜʘʣʴʥʝʡʰʘʷ ʦʧʪʠʤʠʟʘʮʠʷ, 

ʥʘʧʨʘʚʣʝʥʥʘʷ ʥʘ ʫʣʫʯʰʝʥʠʝ ʘʜʘʧʪʘʮʠʠ ʢ ʛʝʪʝʨʦʛʝʥʥʳʤ ʜʘʥʥʳʤ, ʯʪʦ ʧʨʠʚʝʣʦ ʢ 

ʨʘʟʨʘʙʦʪʢʝ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʳʭ ʤʝʪʦʜʦʚ, ʪʘʢʠʭ ʢʘʢ FedOpt ʠ FedProx [92]. 

ʇʦʧʫʣʷʨʥʳʡ ʙʘʟʦʚʳʡ ʘʣʛʦʨʠʪʤ ʚ ʌʆ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʧʨʦʮʝʩʩ, ʛʜʝ 

ʢʣʠʝʥʪʳ ʦʙʫʯʘʶʪ ʤʦʜʝʣʴ ʣʦʢʘʣʴʥʦ ʥʘ ʩʚʦʠʭ ʜʘʥʥʳʭ, ʧʨʠ ʵʪʦʤ ʥʝ ʧʝʨʝʜʘʚʘʷ 

ʩʳʨʳʝ ʜʘʥʥʳʝ ʥʘ ʩʝʨʚʝʨ. ʅʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʪʧʨʘʚʣʷʶʪ ʦʙʥʦʚʣʝʥʥʳʝ 

ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ. ʅʘ ʩʝʨʚʝʨʝ ʚʳʧʦʣʥʷʝʪʩʷ ʘʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ ʠ 

ʫʪʦʯʥʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʦʪʧʨʘʚʣʷʝʪʩʷ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ, ʧʨʠ ʵʪʦʤ 

ʜʘʥʥʳʡ ʧʨʦʮʝʩʩ ʧʦʚʪʦʨʷʝʪʩʷ ʤʥʦʛʦʢʨʘʪʥʦ ʜʦ ʜʦʩʪʠʞʝʥʠʷ ʪʨʝʙʫʝʤʦʡ 

ʩʭʦʜʠʤʦʩʪʠ. 

ɼʘʥʥʳʡ ʧʦʜʭʦʜ ʦʙʣʘʜʘʝʪ ʨʷʜʦʤ ʧʨʝʠʤʫʱʝʩʪʚ. ʆʥ ʩʥʠʞʘʝʪ ʥʘʢʣʘʜʥʳʝ 

ʨʘʩʭʦʜʳ ʥʘ ʩʚʷʟʴ, ʪʘʢ ʢʘʢ ʢʣʠʝʥʪʳ ʚʳʧʦʣʥʷʶʪ ʥʝʩʢʦʣʴʢʦ ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ 

ʧʝʨʝʜ ʧʝʨʝʜʘʯʝʡ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ ʥʘ ʩʝʨʚʝʨ, ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʫʤʝʥʴʰʘʝʪ 

ʦʙʴʝʤ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ. ʂʨʦʤʝ ʪʦʛʦ, ʘʣʛʦʨʠʪʤ ʨʘʙʦʪʘʝʪ ʩ ʛʝʪʝʨʦʛʝʥʥʳʤʠ 

ʜʘʥʥʳʤʠ, ʧʦʩʢʦʣʴʢʫ ʣʦʢʘʣʴʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʩʭʦʞʠ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʝʨʚʝʨʫ 

ʬʦʨʤʠʨʦʚʘʪʴ ʪʦʯʥʫʶ ʠ ʩʦʛʣʘʩʦʚʘʥʥʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ. ʄʠʥʫʩʦʤ ʜʘʥʥʦʛʦ 

ʤʝʪʦʜʘ ʪʦ, ʯʪʦ ʦʥ ʧʣʦʭʦ ʘʜʘʧʪʠʨʫʝʪʩʷ ʩ ʛʝʪʝʨʦʛʝʥʥʳʤʠ ʜʘʥʥʳʤʠ, ʧʦʩʢʦʣʴʢʫ 

ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʩʫʱʝʩʪʚʝʥʥʦ ʨʘʟʣʠʯʘʶʪʩʷ, ʯʪʦ 

ʧʨʠʚʦʜʠʪ ʢ ʨʘʩʭʦʞʜʝʥʠʶ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʠ ʫʭʫʜʰʘʶʪ ʩʭʦʜʠʤʦʩʪʴ. 

ʉʫʱʝʩʪʚʫʝʪ ʧʨʦʙʣʝʤʘ ʜʦʤʠʥʠʨʦʚʘʥʠʷ ʢʣʠʝʥʪʦʚ ʤʦʛʫʪ ʦʢʘʟʳʚʘʪʴ 

ʥʝʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʙʦʣʴʰʦʝ ʚʣʠʷʥʠʝ ʥʘ ʠʪʦʛʦʚʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ, 

ʧʨʠʚʦʜʷ ʢ ʝʝ ʩʤʝʱʝʥʠʶ ʠ ʩʥʠʞʝʥʠʶ ʦʙʦʙʱʘʶʱʝʡ ʩʧʦʩʦʙʥʦʩʪʠ. ɹʘʟʦʚʳʡ 

ʘʣʛʦʨʠʪʤ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʌʆ ʙʣʘʛʦʜʘʨʷ ʩʚʦʝʡ ʧʨʦʩʪʦʪʝ ʠ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʚ 

ʫʩʣʦʚʠʷʭ ʦʜʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ, ʥʦ ʥʝʦʙʭʦʜʠʤʦ ʜʦʨʘʙʦʪʘʪʴ ʠ ʤʦʜʠʬʠʮʠʨʦʚʘʪʴ, 

ʪʘʢʠʭ ʢʘʢ FedOpt ʠ FedProx [93, 94], ʯʪʦʙʳ ʫʣʫʯʰʠʪʴ ʝʛʦ ʨʘʙʦʪʫ ʚ ʛʝʪʝʨʦʛʝʥʥʳʭ 

ʩʨʝʜʘʭ. 

 

2.4 ʌʝʜʝʨʘʪʠʚʥʳʡ ʩʪʦʭʘʩʪʠʯʝʩʢʠʡ ʛʨʘʜʠʝʥʪʥʳʡ ʩʧʫʩʢ (FedSGD) 

FedSGD ʷʚʣʷʝʪʩʷ ʦʜʥʠʤ ʠʟ ʙʘʟʦʚʳʭ ʘʣʛʦʨʠʪʤʦʚ, ʢʦʪʦʨʳʡ ʧʨʝʜʩʪʘʚʣʷʝʪ 

ʩʦʙʦʡ ʨʘʩʧʨʝʜʝʣʝʥʥʫʶ ʚʝʨʩʠʶ ʩʪʦʭʘʩʪʠʯʝʩʢʦʛʦ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ. ʆʥ 

ʩʯʠʪʘʝʪʩʷ ʧʨʦʩʪʝʡʰʠʤ ʤʝʪʦʜʦʤ ʘʛʨʝʛʘʮʠʠ ʛʨʘʜʠʝʥʪʦʚ ʦʪ ʢʣʠʝʥʪʦʚ. ɺ ʦʪʣʠʯʠʝ 

ʦʪ FedAvg, ʛʜʝ ʢʣʠʝʥʪʳ ʚʳʧʦʣʥʷʶʪ ʥʝʩʢʦʣʴʢʦ ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ ʦʙʫʯʝʥʠʷ 

ʧʝʨʝʜ ʦʪʧʨʘʚʢʦʡ ʦʙʥʦʚʣʝʥʠʡ, FedSGD ʧʨʝʜʧʦʣʘʛʘʝʪ, ʯʪʦ ʢʘʞʜʳʡ ʢʣʠʝʥʪ 

ʚʳʯʠʩʣʷʝʪ ʛʨʘʜʠʝʥʪ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʥʘ ʩʚʦʝʤ ʣʦʢʘʣʴʥʦʤ ʥʘʙʦʨʝ ʜʘʥʥʳʭ ʠ 

ʦʪʧʨʘʚʣʷʝʪ ʝʛʦ ʥʘ ʩʝʨʚʝʨ ʧʦʩʣʝ ʦʜʥʦʡ ʠʪʝʨʘʮʠʠ ʦʙʫʯʝʥʠʷ. ɿʘʪʝʤ ʮʝʥʪʨʘʣʴʥʳʡ 

ʩʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ ʚʩʝ ʧʦʣʫʯʝʥʥʳʝ ʛʨʘʜʠʝʥʪʳ ʠ ʦʙʥʦʚʣʷʝʪ ʧʘʨʘʤʝʪʨʳ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʦʙʳʯʥʦʛʦ SGD. FedSGD ʤʦʞʝʪ ʙʳʪʴ 

ʧʦʣʝʟʝʥ ʚ ʩʮʝʥʘʨʠʷʭ, ʛʜʝ ʪʨʝʙʫʝʪʩʷ ʙʦʣʝʝ ʪʦʯʥʳʡ ʢʦʥʪʨʦʣʴ ʟʘ ʛʣʦʙʘʣʴʥʳʤʠ 

ʦʙʥʦʚʣʝʥʠʷʤʠ. 

ʆʙʱʠʡ ʘʣʛʦʨʠʪʤ FedSGD 
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1. ʀʥʠʮʠʘʣʠʟʘʮʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʠʥʠʮʠʘʣʠʟʠʨʫʝʪ ʤʦʜʝʣʴ ʩ ʧʘʨʘʤʝʪʨʘʤʠ .ʠ ʦʪʧʨʘʚʣʷʝʪ ʝʝ ʢʦʧʠʶ ʢʣʠʝʥʪʘʤ ‫ 

2. ɺʳʙʦʨ ʢʣʠʝʥʪʦʚ: ʉʝʨʚʝʨ ʩʣʫʯʘʡʥʳʤ ʦʙʨʘʟʦʤ ʚʳʙʠʨʘʝʪ ʧʦʜʤʥʦʞʝʩʪʚʦ 
ʢʣʠʝʥʪʦʚ K ʠʟ ʦʙʱʝʛʦ ʯʠʩʣʘ ʫʩʪʨʦʡʩʪʚ N ʜʣʷ ʫʯʘʩʪʠʷ ʚ ʪʝʢʫʱʝʤ ʨʘʫʥʜʝ 

ʦʙʫʯʝʥʠʷ. 

3. ɺʳʯʠʩʣʝʥʠʝ ʛʨʘʜʠʝʥʪʦʚ ʢʣʠʝʥʪʘʤʠ: ʂʘʞʜʳʡ ʢʣʠʝʥʪ Ὧᶰὑ ʚʳʯʠʩʣʷʝʪ 
ʛʨʘʜʠʝʥʪ Ὂɳ ‫  ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʥʘ ʩʚʦʝʤ ʣʦʢʘʣʴʥʦʤ ʥʘʙʦʨʝ ʜʘʥʥʳʭ Ὀ: 

 

Ὣ  ɳὊ ‫ ,        (2.6) 

 

ʛʜʝ Ὂ .ʣʦʢʘʣʴʥʘʷ ʬʫʥʢʮʠʷ ʧʦʪʝʨʴ ʥʘ ʢʣʠʝʥʪʝ k ‫ 

4. ʇʝʨʝʜʘʯʘ ʛʨʘʜʠʝʥʪʦʚ ʩʝʨʚʝʨʫ: ʂʣʠʝʥʪʳ ʦʪʧʨʘʚʣʷʶʪ ʚʳʯʠʩʣʝʥʥʳʝ 

ʛʨʘʜʠʝʥʪʳ Ὣ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

5. ɸʛʨʝʛʘʮʠʷ ʛʨʘʜʠʝʥʪʦʚ ʥʘ ʩʝʨʚʝʨʝ: ʉʝʨʚʝʨ ʫʩʨʝʜʥʷʝʪ ʧʦʣʫʯʝʥʥʳʝ 
ʛʨʘʜʠʝʥʪʳ, ʠʩʧʦʣʴʟʫʷ ʚʟʚʝʰʝʥʥʦʝ ʩʨʝʜʥʝʝ: 

 

‫ Вᶰ Ὣ,        (2.7) 

 

ʛʜʝ ὲ - ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʘ k, ʘ ὲ В ὲᶰ  - ʦʙʱʝʝ ʯʠʩʣʦ 

ʜʘʥʥʳʭ ʩʨʝʜʠ ʚʩʝʭ ʢʣʠʝʥʪʦʚ. 

6. ʆʙʥʦʚʣʝʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʙʥʦʚʣʷʝʪ 

ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ ʧʦ ʧʨʘʚʠʣʫ ʩʪʦʭʘʩʪʠʯʝʩʢʦʛʦ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ: 

 

‫ ‫ ‘Ὣ,        (2.8) 

 

ʛʜʝ ‘ - ʩʢʦʨʦʩʪʴ ʦʙʫʯʝʥʠʷ. 

7. ʈʘʩʩʳʣʢʘ ʦʙʥʦʚʣʝʥʥʦʡ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘʤ: ʆʙʥʦʚʣʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ 

ʤʦʜʝʣʴ ʧʝʨʝʜʘʝʪʩʷ ʢʣʠʝʥʪʘʤ, ʠ ʧʨʦʮʝʩʩ ʧʦʚʪʦʨʷʝʪʩʷ ʥʘ ʩʣʝʜʫʶʱʝʤ ʨʘʫʥʜʝ 

ʦʙʫʯʝʥʠʷ. 

Federated Stochastic Gradient Descent (ʜʘʣʝʝ FedSGD) [95] ʷʚʣʷʝʪʩʷ ʦʜʥʠʤ 

ʠʟ ʙʘʟʦʚʳʭ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʩʥʦʚʘʥʥʳʤ ʥʘ ʢʣʘʩʩʠʯʝʩʢʦʤ 

ʩʪʦʭʘʩʪʠʯʝʩʢʦʤ ʛʨʘʜʠʝʥʪʥʦʤ ʩʧʫʩʢʝ SGD. ɽʛʦ ʢʣʶʯʝʚʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ 

ʷʚʣʷʝʪʩʷ ʧʨʦʩʪʦʪʘ ʨʝʘʣʠʟʘʮʠʠ, ʪʘʢ ʢʘʢ ʦʥ ʠʩʧʦʣʴʟʫʝʪ ʩʪʘʥʜʘʨʪʥʳʡ ʘʣʛʦʨʠʪʤ 

SGD, ʯʪʦ ʜʝʣʘʝʪ ʝʛʦ ʧʦʥʷʪʥʳʤ ʠ ʫʜʦʙʥʳʤ ʜʣʷ ʠʥʪʝʛʨʘʮʠʠ ʚ ʨʘʩʧʨʝʜʝʣʝʥʥʳʝ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʩʨʝʜʳ. ɽʱʝ ʦʜʥʠʤ ʚʘʞʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʷʚʣʷʝʪʩʷ ʪʦʯʥʦʝ 

ʦʙʥʦʚʣʝʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʧʦʩʢʦʣʴʢʫ ʦʙʥʦʚʣʝʥʠʷ ʧʨʦʠʩʭʦʜʷʪ ʧʦʩʣʝ 

ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʤʦʜʝʣʠ ʙʳʩʪʨʝʝ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʧʦ ʩʨʘʚʥʝʥʠʶ 

ʩ FedAvg, ʛʜʝ ʧʝʨʝʜʘʯʘ ʦʙʥʦʚʣʝʥʠʡ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʧʦʩʣʝ ʥʝʩʢʦʣʴʢʠʭ 

ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ. ɸʣʛʦʨʠʪʤ ʩʧʦʩʦʙʩʪʚʫʝʪ ʦʙʝʩʧʝʯʝʥʠʶ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ, ʪʘʢ ʢʘʢ ʢʣʠʝʥʪʳ ʧʝʨʝʜʘʶʪ ʪʦʣʴʢʦ ʛʨʘʜʠʝʥʪʳ, ʘ 

ʥʝ ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ, ʯʪʦ ʩʥʠʞʘʝʪ ʨʠʩʢ ʠʭ ʫʪʝʯʢʠ ʠ ʜʝʣʘʝʪ ʦʙʫʯʝʥʠʝ 

ʙʝʟʦʧʘʩʥʳʤ ʚ ʫʩʣʦʚʠʷʭ ʩʪʨʦʛʠʭ ʪʨʝʙʦʚʘʥʠʡ ʢ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ. 

FedSGD, ʥʝʩʤʦʪʨʷ ʥʘ ʦʯʝʚʠʜʥʳʝ ʧʨʝʠʤʫʱʝʩʪʚʘ, ʠʤʝʝʪ ʩʫʱʝʩʪʚʝʥʥʳʝ 

ʦʛʨʘʥʠʯʝʥʠʷ, ʢʦʪʦʨʳʝ ʤʦʛʫʪ ʩʥʠʞʘʪʴ ʝʛʦ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʚ ʨʝʘʣʴʥʳʭ ʩʮʝʥʘʨʠʷʭ 
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ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʆʜʥʠʤ ʠʟ ʦʩʥʦʚʥʳʭ ʥʝʜʦʩʪʘʪʢʦʚ ʷʚʣʷʝʪʩʷ ʚʳʩʦʢʘʷ 

ʥʘʛʨʫʟʢʘ ʥʘ ʩʝʪʴ, ʧʦʩʢʦʣʴʢʫ ʦʙʥʦʚʣʝʥʠʷ ʧʝʨʝʜʘʶʪʩʷ ʧʦʩʣʝ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ, 

ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʫʚʝʣʠʯʠʚʘʝʪ ʦʙʲʝʤ ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ ʠ ʤʦʞʝʪ 

ʧʝʨʝʛʨʫʞʘʪʴ ʩʝʪʴ, ʦʩʦʙʝʥʥʦ ʧʨʠ ʙʦʣʴʰʦʤ ʢʦʣʠʯʝʩʪʚʝ ʢʣʠʝʥʪʦʚ. ʂʨʦʤʝ ʪʦʛʦ, 

ʤʝʜʣʝʥʥʘʷ ʩʭʦʜʠʤʦʩʪʴ ʷʚʣʷʝʪʩʷ ʝʱʝ ʦʜʥʦʡ ʧʨʦʙʣʝʤʦʡ, ʪʘʢ ʢʘʢ ʯʘʩʪʳʝ 

ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ ʤʦʛʫʪ ʩʦʜʝʨʞʘʪʴ ʟʥʘʯʠʪʝʣʴʥʦʝ ʢʦʣʠʯʝʩʪʚʦ ʰʫʤʘ, ʯʪʦ 

ʟʘʪʨʫʜʥʷʝʪ ʧʨʦʮʝʩʩ ʦʧʪʠʤʠʟʘʮʠʠ ʠ ʩʪʘʙʠʣʠʟʘʮʠʶ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ɺ 

ʦʪʣʠʯʠʝ ʦʪ FedAvg, ʛʜʝ ʢʣʠʝʥʪʳ ʚʳʧʦʣʥʷʶʪ ʥʝʩʢʦʣʴʢʦ ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ 

ʧʝʨʝʜ ʧʝʨʝʜʘʯʝʡ ʦʙʥʦʚʣʝʥʠʡ, FedSGD ʤʦʞʝʪ ʩʭʦʜʠʪʴʩʷ ʟʥʘʯʠʪʝʣʴʥʦ 

ʤʝʜʣʝʥʥʝʝ. ɽʱʝ ʦʜʥʠʤ ʩʝʨʴʝʟʥʳʤ ʦʛʨʘʥʠʯʝʥʠʝʤ ʷʚʣʷʝʪʩʷ ʥʝʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʧʨʠ non-IID ʜʘʥʥʳʭ, ʧʦʩʢʦʣʴʢʫ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʚʳʧʦʣʥʷʝʪ ʪʦʣʴʢʦ ʦʜʥʫ 

ʠʪʝʨʘʮʠʶ ʦʙʫʯʝʥʠʷ ʧʝʨʝʜ ʦʪʧʨʘʚʢʦʡ ʛʨʘʜʠʝʥʪʦʚ, ʯʪʦ ʤʦʞʝʪ ʧʨʠʚʦʜʠʪʴ ʢ 

ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʦʤʫ ʦʙʥʦʚʣʝʥʠʶ ʤʦʜʝʣʠ ʠ ʫʭʫʜʰʝʥʠʶ ʝʝ ʢʘʯʝʩʪʚʘ ʚ 

ʫʩʣʦʚʠʷʭ ʨʘʟʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ. 

FedSGD ʷʚʣʷʝʪʩʷ ʧʨʦʩʪʳʤ ʠ ʠʥʪʫʠʪʠʚʥʦ ʧʦʥʷʪʥʳʤ ʘʣʛʦʨʠʪʤʦʤ, ʥʦ ʝʛʦ 

ʚʳʩʦʢʘʷ ʩʝʪʝʚʘʷ ʥʘʛʨʫʟʢʘ, ʤʝʜʣʝʥʥʘʷ ʩʭʦʜʠʤʦʩʪʴ ʠ ʥʠʟʢʘʷ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠ 

ʨʘʙʦʪʝ ʩ non-IID ʜʘʥʥʳʤʠ ʜʝʣʘʶʪ ʝʛʦ ʤʝʥʝʝ ʧʨʝʜʧʦʯʪʠʪʝʣʴʥʳʤ ʧʦ ʩʨʘʚʥʝʥʠʶ 

ʩ ʙʦʣʝʝ ʩʦʚʨʝʤʝʥʥʳʤʠ ʤʝʪʦʜʘʤʠ, ʪʘʢʠʤʠ ʢʘʢ FedAvg, FedProx ʠ FedOpt, 

ʢʦʪʦʨʳʝ ʦʙʝʩʧʝʯʠʚʘʶʪ ʣʫʯʰʠʡ ʙʘʣʘʥʩ ʤʝʞʜʫ ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ ʠ 

ʩʪʘʙʠʣʴʥʦʩʪʴʶ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʧʦʢʘʟʘʥʦ ʚ ʪʘʙʣʠʮʝ 2.2. 

 

ʊʘʙʣʠʮʘ 2.2 - ʉʨʘʚʥʝʥʠʝ FedSGD ʠ FedAvg 

 

ʄʝʪʦʜ 
ʃʦʢʘʣʴʥʳʝ 

ʠʪʝʨʘʮʠʠ 

ʇʝʨʝʜʘʯʘ 

ʦʙʥʦʚʣʝʥʠʡ 
ʉʭʦʜʠʤʦʩʪʴ 

ɿʘʪʨʘʪʳ 

ʥʘ 

ʧʝʨʝʜʘʯʫ 

FedSGD 
1 ʠʪʝʨʘʮʠʷ ʥʘ 

ʢʣʠʝʥʪʝ 

ɻʨʘʜʠʝʥʪʳ ʧʦʩʣʝ 

ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ 
1 3 

FedAvg 

ʅʝʩʢʦʣʴʢʦ 

ʣʦʢʘʣʴʥʳʭ 

ʠʪʝʨʘʮʠʡ 

ʋʩʨʝʜʥʝʥʥʳʝ 

ʧʘʨʘʤʝʪʨʳ ʧʦʩʣʝ 

ʦʙʫʯʝʥʠʷ 

3 1 

 

ʆʩʥʦʚʥʳʤʠ ʧʨʝʠʤʫʱʝʩʪʚʘʤʠ FedSGD ʷʚʣʷʶʪʩʷ ʙʦʣʝʝ ʯʘʩʪʳʝ 

ʦʙʥʦʚʣʝʥʠʷ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʨʝʘʢʮʠʶ ʤʦʜʝʣʠ ʥʘ ʠʟʤʝʥʝʥʠʷ ʚ 

ʜʘʥʥʳʭ, ʘ ʪʘʢʞʝ ʪʝʦʨʝʪʠʯʝʩʢʠ ʩʪʘʙʠʣʴʥʘʷ ʩʭʦʜʠʤʦʩʪʴ, ʧʦʩʢʦʣʴʢʫ ʦʙʥʦʚʣʝʥʠʷ 

ʛʨʘʜʠʝʥʪʦʚ ʧʨʦʠʩʭʦʜʷʪ ʚ ʢʘʞʜʦʤ ʨʘʫʥʜʝ. ʆʜʥʘʢʦ ʘʣʛʦʨʠʪʤ ʠʤʝʝʪ ʠ 

ʩʫʱʝʩʪʚʝʥʥʳʝ ʥʝʜʦʩʪʘʪʢʠ. ʆʜʥʠʤ ʠʟ ʥʠʭ ʷʚʣʷʝʪʩʷ ʚʳʩʦʢʘʷ ʩʪʦʠʤʦʩʪʴ ʩʚʷʟʠ, 

ʧʦʩʢʦʣʴʢʫ ʛʨʘʜʠʝʥʪʳ ʧʝʨʝʜʘʶʪʩʷ ʧʦʩʣʝ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ, ʯʪʦ ʫʚʝʣʠʯʠʚʘʝʪ 

ʦʙʲʝʤ ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ ʠ ʩʦʟʜʘʝʪ ʟʥʘʯʠʪʝʣʴʥʫʶ ʥʘʛʨʫʟʢʫ ʥʘ ʩʝʪʴ. 

FedSGD ʤʦʞʝʪ ʩʪʨʘʜʘʪʴ ʦʪ ʤʝʜʣʝʥʥʦʡ ʩʭʦʜʠʤʦʩʪʠ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ 

ʚʳʩʦʢʦʡ ʚʘʨʠʘʪʠʚʥʦʩʪʠ ʜʘʥʥʳʭ, ʯʪʦ ʜʝʣʘʝʪ ʝʛʦ ʤʝʥʝʝ ʵʬʬʝʢʪʠʚʥʳʤ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ FedAvg, ʛʜʝ ʣʦʢʘʣʴʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʚʳʧʦʣʥʷʶʪʩʷ ʧʝʨʝʜ ʦʪʧʨʘʚʢʦʡ 

ʧʘʨʘʤʝʪʨʦʚ ʥʘ ʩʝʨʚʝʨ. FedSGD ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʠ ʪʦʯʥʦʩʪʴ 

ʦʙʥʦʚʣʝʥʠʡ, ʥʦ ʝʛʦ ʚʳʩʦʢʠʝ ʪʨʝʙʦʚʘʥʠʷ ʢ ʧʝʨʝʜʘʯʝ ʜʘʥʥʳʭ ʠ ʧʦʪʝʥʮʠʘʣʴʥʳʝ 
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ʧʨʦʙʣʝʤʳ ʩʦ ʩʭʦʜʠʤʦʩʪʴʶ ʜʝʣʘʶʪ ʝʛʦ ʤʝʥʝʝ ʧʨʝʜʧʦʯʪʠʪʝʣʴʥʳʤ ʚʳʙʦʨʦʤ ʜʣʷ 

ʩʮʝʥʘʨʠʝʚ, ʛʜʝ ʩʝʪʴ ʷʚʣʷʝʪʩʷ ʫʟʢʠʤ ʤʝʩʪʦʤ, ʘ ʪʘʢʞʝ ʜʣʷ ʩʣʫʯʘʝʚ ʩ 

ʨʘʟʥʦʨʦʜʥʳʤʠ non-IID ʜʘʥʥʳʤʠ. FedAvg [96] ʷʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ ʰʠʨʦʢʦ 

ʠʩʧʦʣʴʟʫʝʤʳʤ ʤʝʪʦʜʦʤ ʦʧʪʠʤʠʟʘʮʠʠ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ. ɸʣʛʦʨʠʪʤ 

ʧʨʝʜʧʦʣʘʛʘʝʪ, ʯʪʦ ʢʣʠʝʥʪʳ ʚʳʧʦʣʥʷʶʪ ʥʝʩʢʦʣʴʢʦ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ 

ʤʦʜʝʣʠ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʩʪʦʭʘʩʪʠʯʝʩʢʦʛʦ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ ʧʝʨʝʜ 

ʧʝʨʝʜʘʯʝʡ ʘʛʨʝʛʠʨʦʚʘʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ ʥʘ ʩʝʨʚʝʨ. ʋʢʘʟʘʥʥʳʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ 

ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʟʠʪʴ ʯʘʩʪʦʪʫ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ, ʧʦʩʢʦʣʴʢʫ ʢʣʠʝʥʪʳ ʥʝ 

ʦʪʧʨʘʚʣʷʶʪ ʢʘʞʜʦʝ ʣʦʢʘʣʴʥʦʝ ʦʙʥʦʚʣʝʥʠʝ ʥʝʤʝʜʣʝʥʥʦ, ʘ ʧʝʨʝʜʘʶʪ 

ʫʩʨʝʜʥʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʧʦʩʣʝ ʥʝʩʢʦʣʴʢʠʭ ʠʪʝʨʘʮʠʡ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʯʪʦ 

ʫʤʝʥʴʰʘʝʪ ʥʘʛʨʫʟʢʫ ʥʘ ʩʝʪʴ ʠ ʩʥʠʞʘʝʪ ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʳʝ ʠʟʜʝʨʞʢʠ, ʩʦʭʨʘʥʷʷ 

ʧʨʠ ʵʪʦʤ ʧʨʠʝʤʣʝʤʳʝ ʩʚʦʡʩʪʚʘ ʩʭʦʜʠʤʦʩʪʠ ʤʦʜʝʣʠ. ɺʤʝʩʪʝ ʩ ʪʝʤ ʘʣʛʦʨʠʪʤ 

FedAvg ʤʦʞʝʪ ʠʩʧʳʪʳʚʘʪʴ ʟʘʪʨʫʜʥʝʥʠʷ ʧʨʠ ʨʘʙʦʪʝ ʩ non-IID ʜʘʥʥʳʤʠ, 

ʧʦʩʢʦʣʴʢʫ ʣʦʢʘʣʴʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʦʪʜʝʣʴʥʳʭ ʢʣʠʝʥʪʦʚ ʤʦʛʫʪ ʧʨʠʚʦʜʠʪʴ ʢ 

ʟʥʘʯʠʪʝʣʴʥʳʤ ʨʘʩʭʦʞʜʝʥʠʷʤ ʧʘʨʘʤʝʪʨʦʚ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ɼʦʧʦʣʥʠʪʝʣʴʥʳʤ ʥʘʧʨʘʚʣʝʥʠʝʤ ʦʧʪʠʤʠʟʘʮʠʠ ʷʚʣʷʝʪʩʷ ʧʨʠʤʝʥʝʥʠʝ 

ʤʝʪʦʜʦʚ ʢʚʘʥʪʦʚʘʥʠʷ ʠ ʩʞʘʪʠʷ ʜʘʥʥʳʭ, ʢʦʪʦʨʳʝ ʧʦʟʚʦʣʷʶʪ ʫʤʝʥʴʰʠʪʴ ʦʙʲʝʤ 

ʧʝʨʝʜʘʚʘʝʤʳʭ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ ʧʨʠʝʤʣʝʤʳʡ ʫʨʦʚʝʥʴ 

ʪʦʯʥʦʩʪʠ. ɺ ʪʘʢʠʭ ʤʝʪʦʜʘʭ ʠʩʧʦʣʴʟʫʶʪʩʷ ʩʧʘʨʩʠʥʛ, ʢʚʘʥʪʦʚʘʥʠʝ ʠ ʤʝʭʘʥʠʟʤʳ 

ʦʪʙʦʨʘ ʥʘʠʙʦʣʝʝ ʟʥʘʯʠʤʳʭ ʧʘʨʘʤʝʪʨʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʧʝʨʝʜʘʚʘʪʴ ʪʦʣʴʢʦ 

ʢʣʶʯʝʚʳʝ ʦʙʥʦʚʣʝʥʠʷ ʚʤʝʩʪʦ ʧʦʣʥʦʡ ʤʦʜʝʣʠ [97]. ʅʘʧʨʠʤʝʨ, Top-K 

sparsification ʦʪʧʨʘʚʣʷʝʪ ʪʦʣʴʢʦ K ʥʘʠʙʦʣʝʝ ʟʥʘʯʠʤʳʭ ʛʨʘʜʠʝʥʪʦʚ, ʠʩʢʣʶʯʘʷ 

ʤʘʣʦʟʥʘʯʠʤʳʝ ʧʘʨʘʤʝʪʨʳ, ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʩʦʢʨʘʱʘʝʪ ʦʙʲʝʤ ʜʘʥʥʳʭ, 

ʧʝʨʝʜʘʚʘʝʤʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʩʝʨʚʝʨʦʤ. ɸʥʘʣʦʛʠʯʥʦ, ʤʝʪʦʜ signSGD 

ʧʝʨʝʜʘʝʪ ʪʦʣʴʢʦ ʟʥʘʢʦʚʳʝ ʟʥʘʯʝʥʠʷ ʛʨʘʜʠʝʥʪʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʫʱʝʩʪʚʝʥʥʦ 

ʫʤʝʥʴʰʠʪʴ ʨʘʟʤʝʨ ʧʝʨʝʜʘʚʘʝʤʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ ʜʦʩʪʘʪʦʯʥʫʶ 

ʪʦʯʥʦʩʪʴ ʦʙʥʦʚʣʝʥʠʡ. 

ʂʦʤʤʫʥʠʢʘʮʠʦʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ ʠʛʨʘʶʪ 

ʢʣʶʯʝʚʫʶ ʨʦʣʴ ʚ ʩʥʠʞʝʥʠʠ ʟʘʪʨʘʪ ʥʘ ʩʚʷʟʴ ʠ ʫʚʝʣʠʯʝʥʠʠ ʩʢʦʨʦʩʪʠ ʩʭʦʜʠʤʦʩʪʠ. 

ʄʝʪʦʜʳ, ʪʘʢʠʝ ʢʘʢ FedAvg, ʧʦʟʚʦʣʷʶʪ ʩʥʠʟʠʪʴ ʯʘʩʪʦʪʫ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ, ʪʦʛʜʘ 

ʢʘʢ FedSGD ʫʣʫʯʰʘʝʪ ʪʦʯʥʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ, ʥʦ ʪʨʝʙʫʝʪ ʚʳʩʦʢʠʭ ʩʝʪʝʚʳʭ 

ʟʘʪʨʘʪ. ʄʝʪʦʜʳ ʢʚʘʥʪʦʚʘʥʠʷ ʠ ʩʧʘʨʩʠʥʛʘ ʦʙʝʩʧʝʯʠʚʘʶʪ ʦʧʪʠʤʘʣʴʥʦʝ ʩʞʘʪʠʝ 

ʠʥʬʦʨʤʘʮʠʠ, ʫʤʝʥʴʰʘʷ ʦʙʲʝʤ ʧʝʨʝʜʘʚʘʝʤʳʭ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ, ʯʪʦ 

ʦʩʦʙʝʥʥʦ ʘʢʪʫʘʣʴʥʦ ʜʣʷ ʤʦʙʠʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚ, IoT-ʩʠʩʪʝʤ ʠ ʜʨʫʛʠʭ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦ ʦʛʨʘʥʠʯʝʥʥʳʭ ʩʨʝʜ. 

 

2.5 ʌʝʜʝʨʘʪʠʚʥʳʡ ʧʨʦʢʩʠʤʘʣʴʥʳʡ FedProx 

FedProx - ɻ ʪʦ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʳʡ ʚʘʨʠʘʥʪ ʘʣʛʦʨʠʪʤʘ FedAvg, 

ʨʘʟʨʘʙʦʪʘʥʥʳʡ ʜʣʷ ʨʝʰʝʥʠʷ ʧʨʦʙʣʝʤ, ʚʦʟʥʠʢʘʶʱʠʭ ʧʨʠ ʬʝʜʝʨʘʪʠʚʥʦʤ 

ʦʙʫʯʝʥʠʠ ʚ ʛʝʪʝʨʦʛʝʥʥʳʭ ʩʨʝʜʘʭ. ʆʥ ʙʳʣ ʧʨʝʜʣʦʞʝʥ ʚ ʨʘʙʦʪʝ ʠ ʥʘʧʨʘʚʣʝʥ ʥʘ 

ʫʩʪʨʘʥʝʥʠʝ ʪʘʢʠʭ ʥʝʜʦʩʪʘʪʢʦʚ, ʢʘʢ ʨʘʟʥʦʨʦʜʥʦʩʪʴ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ 

non-IID, ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʦʛʨʘʥʠʯʝʥʠʷ ʦʪʜʝʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚ ʠ ʘʩʠʥʭʨʦʥʥʦʩʪʴ 

ʦʙʥʦʚʣʝʥʠʡ. ɺ ʵʪʦʡ ʨʘʙʦʪʝ ʧʨʝʜʩʪʘʚʣʝʥ ʘʣʛʦʨʠʪʤ FedProx, ʨʘʟʨʘʙʦʪʘʥʥʳʡ ʜʣʷ 

ʨʝʰʝʥʠʷ ʧʨʦʙʣʝʤ, ʩʚʷʟʘʥʥʳʭ ʩ ʛʝʪʝʨʦʛʝʥʥʦʩʪʴʶ ʚ ʬʝʜʝʨʘʪʠʚʥʳʭ ʩʝʪʷʭ. 
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FedProx ʨʘʩʩʤʘʪʨʠʚʘʝʪʩʷ ʢʘʢ ʦʙʦʙʱʝʥʠʝ ʠ ʧʝʨʝʧʘʨʘʤʝʪʨʠʟʘʮʠʷ 

ʩʫʱʝʩʪʚʫʶʱʝʛʦ ʤʝʪʦʜʘ FedAvg, ʩ ʮʝʣʴʶ ʫʣʫʯʰʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ ʠ 

ʩʪʘʙʠʣʴʥʦʩʪʠ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʠ ʩʠʩʪʝʤʥʦʡ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ. ʊʝʦʨʝʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ ʚʢʣʶʯʘʝʪ ʛʘʨʘʥʪʠʠ ʩʭʦʜʠʤʦʩʪʠ ʧʨʠ 

ʦʙʫʯʝʥʠʠ ʥʘ ʜʘʥʥʳʭ ʩ ʥʝʦʜʥʦʨʦʜʥʳʤʠ ʨʘʩʧʨʝʜʝʣʝʥʠʷʤʠ, ʘ ʪʘʢʞʝ ʫʯʠʪʳʚʘʝʪ 

ʦʛʨʘʥʠʯʝʥʠʷ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʥʘ ʫʩʪʨʦʡʩʪʚʘʭ. ʇʨʘʢʪʠʯʝʩʢʠʝ 

ʨʝʟʫʣʴʪʘʪʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ, ʯʪʦ FedProx ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʩʪʘʙʠʣʴʥʫʶ ʠ 

ʪʦʯʥʫʶ ʩʭʦʜʠʤʦʩʪʴ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ FedAvg, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ ʚʳʩʦʢʦʡ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ, ʫʣʫʯʰʘʷ ʪʦʯʥʦʩʪʴ ʪʝʩʪʠʨʦʚʘʥʠʷ ʚ ʩʨʝʜʥʝʤ ʥʘ 22%. 

ʂʣʶʯʝʚʳʤʠ ʦʩʦʙʝʥʥʦʩʪʷʤʠ FedProx ʷʚʣʷʝʪʩʷ ʨʝʰʝʥʠʝ ʧʨʦʙʣʝʤʳ non-

IID-ʜʘʥʥʳʭ, ʢʦʪʦʨʳʝ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ ʤʦʛʫʪ ʠʤʝʪʴ 

ʨʘʟʣʠʯʥʳʝ ʨʘʩʧʨʝʜʝʣʝʥʠʷ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʫʭʫʜʰʝʥʠʶ ʩʭʦʜʠʤʦʩʪʠ ʤʦʜʝʣʠ ʠ 

ʩʥʠʞʝʥʠʶ ʢʘʯʝʩʪʚʘ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. FedProx ʚʚʦʜʠʪ ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ 

ʚ ʬʫʥʢʮʠʶ ʧʦʪʝʨʴ, ʦʛʨʘʥʠʯʠʚʘʶʱʠʡ ʠʟʤʝʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʧʘʨʘʤʝʪʨʦʚ 

ʤʦʜʝʣʝʡ, ʯʪʦ ʩʧʦʩʦʙʩʪʚʫʝʪ ʩʪʘʙʠʣʠʟʘʮʠʠ ʦʙʫʯʝʥʠʷ. ɻʠʙʢʦʩʪʴ ʚʳʯʠʩʣʝʥʠʡ ʥʘ 

ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʛʜʝ ʚ ʦʪʣʠʯʠʝ ʦʪ FedAvg, ʛʜʝ ʢʣʠʝʥʪʳ ʦʙʷʟʘʥʳ 

ʚʳʧʦʣʥʷʪʴ ʬʠʢʩʠʨʦʚʘʥʥʦʝ ʢʦʣʠʯʝʩʪʚʦ ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ ʦʙʫʯʝʥʠʷ ʧʝʨʝʜ 

ʦʪʧʨʘʚʢʦʡ ʦʙʥʦʚʣʝʥʠʡ, FedProx ʧʦʟʚʦʣʷʝʪ ʫʩʪʨʦʡʩʪʚʘʤ ʚʳʧʦʣʥʷʪʴ ʧʝʨʝʤʝʥʥʦʝ 

ʯʠʩʣʦ ʣʦʢʘʣʴʥʳʭ ʠʪʝʨʘʮʠʡ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʠʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ 

ʚʦʟʤʦʞʥʦʩʪʝʡ. ʆʩʦʙʝʥʥʦ ʚʘʞʥʦ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʢʣʠʝʥʪʩʢʠʭ 

ʫʩʪʨʦʡʩʪʚ, ʛʜʝ ʦʜʥʠ ʫʩʪʨʦʡʩʪʚʘ ʤʦʛʫʪ ʦʙʫʯʘʪʴ ʤʦʜʝʣʴ ʙʳʩʪʨʝʝ, ʘ ʜʨʫʛʠʝ ʠʤʝʶʪ 

ʦʛʨʘʥʠʯʝʥʥʳʝ ʨʝʩʫʨʩʳ. ʉʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʧʨʠ ʜʦʙʘʚʣʝʥʠʠ ʚ FedProx 

ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʦʛʨʘʥʠʯʠʚʘʝʪ ʠʟʤʝʥʝʥʠʷ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ 

ʦʪʥʦʩʠʪʝʣʴʥʦ ʛʣʦʙʘʣʴʥʦʡ, ʯʪʦ ʧʦʤʦʛʘʝʪ ʠʟʙʝʞʘʪʴ ʩʣʠʰʢʦʤ ʨʝʟʢʠʭ ʦʙʥʦʚʣʝʥʠʡ, 

ʦʩʦʙʝʥʥʦ ʧʨʠ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ, ʯʪʦ ʫʣʫʯʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʤʦʜʝʣʠ ʠ ʫʩʢʦʨʷʝʪ ʝʝ ʩʭʦʜʠʤʦʩʪʴ.  

ɸʣʛʦʨʠʪʤ FedProx ʚʢʣʶʯʘʝʪ ʩʣʝʜʫʶʱʠʝ ʵʪʘʧʳ: 

1. ʀʥʠʮʠʘʣʠʟʘʮʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʪʧʨʘʚʣʷʝʪ 
ʥʘʯʘʣʴʥʳʝ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ .ʢʣʠʝʥʪʘʤ ‫ 

2. ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʢʣʠʝʥʪʦʚ: ʂʘʞʜʳʡ ʢʣʠʝʥʪ k ʦʙʥʦʚʣʷʝʪ ʧʘʨʘʤʝʪʨʳ 

ʤʦʜʝʣʠ :ʨʝʰʘʷ ʩʣʝʜʫʶʱʫʶ ʟʘʜʘʯʫ ʦʧʪʠʤʠʟʘʮʠʠ ,‫ 

 

‫ ÁÒÇÍÉÎὊ ‫ ᴁ‫ ‫ᴁ      (2.9) 

 

ʛʜʝ ʛʣʦʙʘʣʴʥʳʝ ʧʘʨʘʤʝʪʨʳ, ʧʦʣʫʯʝʥʥʳʝ ʩʝʨʚʝʨʦʤ - ‫ 

Ὂ ʣʦʢʘʣʴʥʘʷ ʬʫʥʢʮʠʷ ʧʦʪʝʨʴ - ‫ 

‘ - ʧʘʨʘʤʝʪʨ ʨʝʛʫʣʷʨʠʟʘʮʠʠ (ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ), ʢʦʪʦʨʳʡ 

ʢʦʥʪʨʦʣʠʨʫʝʪ, ʥʘʩʢʦʣʴʢʦ ʩʠʣʴʥʦ ʣʦʢʘʣʴʥʘʷ ʤʦʜʝʣʴ ʤʦʞʝʪ ʦʪʢʣʦʥʷʪʴʩʷ ʦʪ 

ʛʣʦʙʘʣʴʥʦʡ 

3. ʇʝʨʝʜʘʯʘ ʦʙʥʦʚʣʝʥʠʡ ʥʘ ʩʝʨʚʝʨ: ʇʦʩʣʝ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʢʣʠʝʥʪʳ 

ʦʪʧʨʘʚʣʷʶʪ ʦʙʥʦʚʣʝʥʠʷ ‫  ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ.  

4. ɸʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʙʥʦʚʣʷʝʪ ʛʣʦʙʘʣʴʥʫʶ 

ʤʦʜʝʣʴ, ʠʩʧʦʣʴʟʫʷ ʚʟʚʝʰʝʥʥʦʝ ʫʩʨʝʜʥʝʥʠʝ: 
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‫ Вɴ ‫ ,      (2.10) 

 

ʛʜʝ ὲ - ʢʦʣʠʯʝʩʪʚʦ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʘ k, ʘ ὲ В ὲᶰ  - ʦʙʱʝʝ 

ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ ʩʨʝʜʠ ʚʩʝʭ ʢʣʠʝʥʪʦʚ. 

5. ʆʙʥʦʚʣʝʥʠʝ ʤʦʜʝʣʠ: ʆʙʥʦʚʣʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʦʪʧʨʘʚʣʷʝʪʩʷ 

ʢʣʠʝʥʪʘʤ, ʠ ʧʨʦʮʝʩʩ ʧʦʚʪʦʨʷʝʪʩʷ ʜʦ ʜʦʩʪʠʞʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ. 

FedProx ʦʙʣʘʜʘʝʪ ʨʷʜʦʤ ʧʨʝʠʤʫʱʝʩʪʚ, ʢʦʪʦʨʳʝ ʜʝʣʘʶʪ ʝʛʦ ʙʦʣʝʝ 

ʫʩʪʦʡʯʠʚʳʤ ʢ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ ʙʘʟʦʚʳʤ ʘʣʛʦʨʠʪʤʦʤ FedAvg. ʆʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ʧʨʝʠʤʫʱʝʩʪʚ 

ʷʚʣʷʝʪʩʷ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ non-IID. FedProx, ʙʣʘʛʦʜʘʨʷ 

ʚʚʝʜʝʥʠʶ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ ʚ ʬʫʥʢʮʠʶ ʧʦʪʝʨʴ, ʩʥʠʞʘʝʪ ʨʘʩʭʦʞʜʝʥʠʝ 

ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʷʤʠ, ʯʪʦ ʫʣʫʯʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ 

ʦʙʫʯʝʥʠʷ ʠ ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʩʣʠʰʢʦʤ ʙʦʣʴʰʠʝ ʦʪʢʣʦʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ, ʯʪʦ ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʚ ʩʮʝʥʘʨʠʷʭ, ʛʜʝ ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ 

ʩʫʱʝʩʪʚʝʥʥʦ ʨʘʟʣʠʯʘʶʪʩʷ ʧʦ ʨʘʩʧʨʝʜʝʣʝʥʠʶ, ʥʘʧʨʠʤʝʨ, ʚ ʤʝʜʠʮʠʥʩʢʠʭ ʠʣʠ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʩʠʩʪʝʤʘʭ. 

ɸʣʛʦʨʠʪʤ ʦʙʝʩʧʝʯʠʚʘʝʪ ʛʠʙʢʦʩʪʴ ʚʳʯʠʩʣʝʥʠʡ, ʧʦʟʚʦʣʷʷ ʢʣʠʝʥʪʘʤ 

ʚʳʧʦʣʥʷʪʴ ʨʘʟʥʦʝ ʢʦʣʠʯʝʩʪʚʦ ʠʪʝʨʘʮʠʡ ʦʙʫʯʝʥʠʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʠʭ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʝʡ, ʯʪʦ ʜʝʣʘʝʪ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʙʦʣʝʝ 

ʘʜʘʧʪʠʚʥʳʤ, ʪʘʢ ʢʘʢ ʢʣʠʝʥʪʳ ʩ ʦʛʨʘʥʠʯʝʥʥʳʤʠ ʨʝʩʫʨʩʘʤʠ ʤʦʛʫʪ ʚʳʧʦʣʥʷʪʴ 

ʤʝʥʴʰʝ ʠʪʝʨʘʮʠʡ, ʥʝ ʩʥʠʞʘʷ ʦʙʱʝʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʩʠʩʪʝʤʳ. ʊʘʢʦʡ ʧʦʜʭʦʜ 

ʫʣʫʯʰʘʝʪ ʜʦʩʪʫʧʥʦʩʪʴ ʠ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, 

ʧʦʟʚʦʣʷʷ ʚʢʣʶʯʘʪʴ ʚ ʧʨʦʮʝʩʩ ʫʩʪʨʦʡʩʪʚʘ ʩ ʨʘʟʥʦʡ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʤʦʱʥʦʩʪʴʶ. 

ɽʱʝ ʦʜʥʠʤ ʚʘʞʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ ʷʚʣʷʝʪʩʷ ʙʦʣʝʝ ʙʳʩʪʨʘʷ ʠ 

ʩʪʘʙʠʣʴʥʘʷ ʩʭʦʜʠʤʦʩʪʴ. ɿʘ ʩʯʝʪ ʦʛʨʘʥʠʯʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʠ 

ʢʦʥʪʨʦʣʷ ʦʪʢʣʦʥʝʥʠʡ FedProx ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʩʪʘʙʠʣʴʥʫʶ ʜʠʥʘʤʠʢʫ ʦʙʫʯʝʥʠʷ, 

ʧʨʝʜʦʪʚʨʘʱʘʷ ʨʝʟʢʠʝ ʩʢʘʯʢʠ ʧʘʨʘʤʝʪʨʦʚ, ʢʦʪʦʨʳʝ ʤʦʛʫʪ ʚʦʟʥʠʢʘʪʴ ʚ FedAvg 

ʧʨʠ ʨʘʙʦʪʝ ʩ non-IID ʜʘʥʥʳʤʠ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʫʩʢʦʨʝʥʥʦʡ ʠ ʙʦʣʝʝ ʥʘʜʝʞʥʦʡ 

ʩʭʦʜʠʤʦʩʪʠ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʢʣʠʝʥʪʦʚ ʠ ʠʭ 

ʜʘʥʥʳʭ. 

ʉʣʝʜʦʚʘʪʝʣʴʥʦ, FedProx ʷʚʣʷʝʪʩʷ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʳʤ ʚʘʨʠʘʥʪʦʤ 

FedAvg, ʢʦʪʦʨʳʡ ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʦʝ ʠ ʘʜʘʧʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ, 

ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ, ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ non-IID ʜʘʥʥʳʭ, ʯʪʦ ʜʝʣʘʝʪ ʝʛʦ 

ʵʬʬʝʢʪʠʚʥʳʤ ʠʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʧʨʘʢʪʠʯʝʩʢʠʭ ʟʘʜʘʯ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ.  

ɺ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʟʘʪʨʘʪʳ ʚʭʦʜʠʪ ʚʚʝʜʝʥʠʝ 

ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ ʪʨʝʙʫʝʪ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ ʚʳʯʠʩʣʝʥʠʷ ʥʦʨʤʳ ᴁ‫
.‫ᴁ, ʯʪʦ ʤʦʞʝʪ ʥʝʟʥʘʯʠʪʝʣʴʥʦ ʫʚʝʣʠʯʠʚʘʪʴ ʩʣʦʞʥʦʩʪʴ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʕʬʬʝʢʪʠʚʥʦʩʪʴ FedProx ʩʠʣʴʥʦ ʟʘʚʠʩʠʪ ʦʪ ʧʨʘʚʠʣʴʥʦʛʦ ʚʳʙʦʨʘ 

ʧʘʨʘʤʝʪʨʘ ɛ, ʢʦʪʦʨʳʡ ʨʝʛʫʣʠʨʫʝʪ ʩʪʝʧʝʥʴ ʦʛʨʘʥʠʯʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

FedProx ʷʚʣʷʝʪʩʷ ʫʣʫʯʰʝʥʥʦʡ ʚʝʨʩʠʝʡ FedAvg, ʢʦʪʦʨʘʷ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʣʫʯʰʫʶ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ, 

ʥʦ ʪʨʝʙʫʝʪ ʙʦʣʝʝ ʪʱʘʪʝʣʴʥʦʡ ʥʘʩʪʨʦʡʢʠ ʠ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ ʚʨʝʤʝʥʠ ʥʘ 

ʩʭʦʜʠʤʦʩʪʴ. 
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ʌʦʨʤʫʣʘ ʘʛʨʝʛʘʮʠʠ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʝʡ ʚ FedAvg ʠ FedProx ʚʳʛʣʷʜʠʪ 

ʦʜʠʥʘʢʦʚʦ, ʧʦʪʦʤʫ ʯʪʦ ʦʙʘ ʘʣʛʦʨʠʪʤʘ ʠʩʧʦʣʴʟʫʶʪ ʫʩʨʝʜʥʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ 

ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʜʣʷ ʦʙʥʦʚʣʝʥʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ʕʪʦ ʩʚʷʟʘʥʦ ʩ ʪʝʤ, ʯʪʦ 

ʦʩʥʦʚʥʘʷ ʠʜʝʷ ʦʙʦʠʭ ʤʝʪʦʜʦʚ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʦʙʲʝʜʠʥʝʥʠʠ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ ʢʣʠʝʥʪʦʚ ʚ ʝʜʠʥʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ.  

ʆʙʦʩʥʦʚʘʥʠʝ ʦʜʠʥʘʢʦʚʦʡ ʬʦʨʤʫʣʳ ʘʛʨʝʛʘʮʠʠ. 

ɺ ʦʙʦʠʭ ʘʣʛʦʨʠʪʤʘʭ ʠʩʧʦʣʴʟʫʝʪʩʷ ʩʣʝʜʫʶʱʘʷ ʬʦʨʤʫʣʘ ʫʩʨʝʜʥʝʥʠʷ 

ʧʘʨʘʤʝʪʨʦʚ: 

 

‫ Вᶰ ‫ ,      (2.11) 

 

ʛʜʝ: 

¶ ‫  - ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, 

¶ ‫  - ʧʘʨʘʤʝʪʨʳ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘ, 

¶ ὲ - ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʘ k, 

¶ n = В ὲᶰ - ʦʙʱʝʝ ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ ʩʨʝʜʠ ʚʩʝʭ ʢʣʠʝʥʪʦʚ, 

¶ K - ʤʥʦʞʝʩʪʚʦ ʢʣʠʝʥʪʦʚ, ʫʯʘʩʪʚʫʶʱʠʭ ʚ ʪʝʢʫʱʝʤ ʨʘʫʥʜʝ ʦʙʫʯʝʥʠʷ. 

ʕʪʦʪ ʤʝʪʦʜ ʚʟʚʝʰʝʥʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ ʧʦʟʚʦʣʷʝʪ ʫʯʝʩʪʴ ʚʢʣʘʜ ʢʘʞʜʦʛʦ 

ʢʣʠʝʥʪʘ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʨʘʟʤʝʨʘ ʝʛʦ ʣʦʢʘʣʴʥʦʛʦ ʥʘʙʦʨʘ ʜʘʥʥʳʭ. 

ʂʣʶʯʝʚʳʤ ʦʪʣʠʯʠʝʤ FedProx ʦʪ FedAvg ʷʚʣʷʝʪʩʷ ʪʦ, ʯʪʦ ʥʘ ʵʪʘʧʝ 

ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚʚʦʜʠʪʩʷ ʧʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʚ ʬʫʥʢʮʠʶ ʦʧʪʠʤʠʟʘʮʠʠ: 

 

‫ ÁÒÇÍÉÎὊ ‫ ᴁ‫ ‫ᴁ ,     (2.12) 

 

ʇʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ᴁ‫ ‫ᴁ ʦʛʨʘʥʠʯʠʚʘʝʪ ʦʪʢʣʦʥʝʥʠʝ ʣʦʢʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʦʪ ʛʣʦʙʘʣʴʥʦʡ, ʯʪʦ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʥʦ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID 

ʜʘʥʥʳʭ ʠ ʨʘʟʣʠʯʠʡ ʚ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʤʦʱʥʦʩʪʷʭ ʢʣʠʝʥʪʦʚ. 

ʌʦʨʤʫʣʘ ʫʩʨʝʜʥʝʥʠʷ ʦʩʪʘʝʪʩʷ ʥʝʠʟʤʝʥʥʦʡ, ʧʦʪʦʤʫ ʯʪʦ: 

1. ʇʨʠʥʮʠʧ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʩʪʘʝʪʩʷ ʪʝʤ ʞʝ: ʢʣʠʝʥʪʳ ʦʙʫʯʘʶʪ 
ʣʦʢʘʣʴʥʳʝ ʤʦʜʝʣʠ, ʠ ʟʘʪʝʤ ʩʝʨʚʝʨ ʦʙʲʝʜʠʥʷʝʪ ʠʭ ʜʣʷ ʦʙʥʦʚʣʝʥʠʷ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ. 

2. FedProx ʚʣʠʷʝʪ ʥʘ ʣʦʢʘʣʴʥʦʝ ʦʙʥʦʚʣʝʥʠʝ, ʘ ʥʝ ʥʘ ʘʛʨʝʛʘʮʠʶ - 

ʤʦʜʠʬʠʢʘʮʠʷ ʘʣʛʦʨʠʪʤʘ ʧʨʦʠʩʭʦʜʠʪ ʥʘ ʫʨʦʚʥʝ ʦʙʫʯʝʥʠʷ ʥʘ ʢʣʠʝʥʪʝ, ʥʦ ʩʘʤ 

ʧʨʦʮʝʩʩ ʫʩʨʝʜʥʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ ʥʘ ʩʝʨʚʝʨʝ ʦʩʪʘʝʪʩʷ ʩʪʘʥʜʘʨʪʥʳʤ. 

3. ʕʬʬʝʢʪʠʚʥʦʩʪʴ ʦʙʲʝʜʠʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ - ʚʟʚʝʰʝʥʥʦʝ 

ʫʩʨʝʜʥʝʥʠʝ ʦʩʪʘʝʪʩʷ ʣʫʯʰʠʤ ʩʧʦʩʦʙʦʤ ʘʛʨʝʛʠʨʦʚʘʥʠʷ, ʧʦʩʢʦʣʴʢʫ ʦʥʦ 

ʫʯʠʪʳʚʘʝʪ ʚʢʣʘʜ ʢʣʠʝʥʪʦʚ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʠʭ ʦʙʲʝʤʫ ʜʘʥʥʳʭ. 

ʍʦʪʷ ʬʦʨʤʫʣʘ ʘʛʨʝʛʘʮʠʠ ʦʜʠʥʘʢʦʚʘʷ ʜʣʷ FedAvg ʠ FedProx, ʢʣʶʯʝʚʦʝ 

ʨʘʟʣʠʯʠʝ ʤʝʞʜʫ ʘʣʛʦʨʠʪʤʘʤʠ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʦʛʨʘʥʠʯʝʥʠʠ ʦʪʢʣʦʥʝʥʠʡ 

ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʦʪ ʛʣʦʙʘʣʴʥʦʡ ʟʘ ʩʯʝʪ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ. ʕʪʦ 

ʫʣʫʯʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ ʵʬʬʝʢʪʠʚʥʫʶ ʩʪʨʘʪʝʛʠʶ 

ʦʙʲʝʜʠʥʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ. 
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2.6 ʌʝʜʝʨʘʪʠʚʥʘʷ ʦʧʪʠʤʠʟʘʮʠʷ (FedOpt) 

FedOpt - ɻʪʦ ʩʝʤʝʡʩʪʚʦ ʦʧʪʠʤʠʟʘʮʠʦʥʥʳʭ ʤʝʪʦʜʦʚ, ʧʨʝʜʥʘʟʥʘʯʝʥʥʳʭ ʜʣʷ 

ʫʣʫʯʰʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ ʥʝ-IID 

ʜʘʥʥʳʭ ʠ ʨʘʟʥʦʨʦʜʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʤʦʱʥʦʩʪʝʡ ʢʣʠʝʥʪʦʚ. ɺ ʦʪʣʠʯʠʝ ʦʪ 

FedAvg, ʢʦʪʦʨʳʡ ʠʩʧʦʣʴʟʫʝʪ ʧʨʦʩʪʦʝ ʫʩʨʝʜʥʝʥʠʝ ʛʨʘʜʠʝʥʪʦʚ ʣʦʢʘʣʴʥʳʭ 

ʦʙʥʦʚʣʝʥʠʡ, FedOpt ʚʚʦʜʠʪ ʘʜʘʧʪʠʚʥʳʝ ʤʝʪʦʜʳ ʦʧʪʠʤʠʟʘʮʠʠ ʥʘ ʩʝʨʚʝʨʝ, ʯʪʦ 

ʧʦʤʦʛʘʝʪ ʙʳʩʪʨʝʝ ʠ ʩʪʘʙʠʣʴʥʝʝ ʦʙʥʦʚʣʷʪʴ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ. ɸʣʛʦʨʠʪʤ 

FedOpt ʙʳʣ ʧʨʝʜʣʦʞʝʥ ʚ ʩʪʘʪʴʝ [98], ʛʜʝ ʠʩʩʣʝʜʫʶʪʩʷ ʤʝʪʦʜʳ ʘʜʘʧʪʠʚʥʦʡ 

ʦʧʪʠʤʠʟʘʮʠʠ ʥʘ ʩʝʨʚʝʨʥʦʡ ʩʪʦʨʦʥʝ ʜʣʷ ʫʣʫʯʰʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ ʠ 

ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ 

ʜʘʥʥʳʭ ʠ ʫʩʪʨʦʡʩʪʚ. ɸʚʪʦʨʳ ʧʨʝʜʣʘʛʘʶʪ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʘʜʘʧʪʠʚʥʳʭ 

ʦʧʪʠʤʠʟʘʪʦʨʦʚ, ʪʘʢʠʭ ʢʘʢ Adam ʠ Yogi, ʥʘ ʩʝʨʚʝʨʝ ʜʣʷ ʘʛʨʝʛʠʨʦʚʘʥʠʷ 

ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʝʡ ʦʪ ʢʣʠʝʥʪʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʫʣʫʯʰʠʪʴ 

ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ ʠ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʚ ʬʝʜʝʨʘʪʠʚʥʳʭ ʩʠʩʪʝʤʘʭ. 

FedOpt ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʳʡ ʘʣʛʦʨʠʪʤ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʢʦʪʦʨʳʡ ʦʪʣʠʯʘʝʪʩʷ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʧʨʦʜʚʠʥʫʪʳʭ 

ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ. ɺ ʦʪʣʠʯʠʝ ʦʪ FedAvg, ʢʦʪʦʨʳʡ ʧʨʦʩʪʦ ʫʩʨʝʜʥʷʝʪ 

ʦʙʥʦʚʣʝʥʠʷ, FedOpt ʧʨʠʤʝʥʷʝʪ ʤʝʪʦʜʳ ʦʧʪʠʤʠʟʘʮʠʠ, ʪʘʢʠʝ ʢʘʢ Adam, Yogi ʠ 

Adagrad, ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ, ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʫʩʢʦʨʷʝʪ 

ʩʭʦʜʠʤʦʩʪʴ ʤʦʜʝʣʠ ʠ ʫʣʫʯʰʘʝʪ ʝʝ ʘʜʘʧʪʘʮʠʶ ʢ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤ ʜʘʥʥʳʤ, 

ʧʦʟʚʦʣʷʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʙʳʩʪʨʝʝ ʩʪʘʙʠʣʠʟʠʨʦʚʘʪʴʩʷ ʜʘʞʝ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. ʆʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ʧʨʝʠʤʫʱʝʩʪʚ FedOpt ʷʚʣʷʝʪʩʷ 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ non-IID ʜʘʥʥʳʤ, ʪʘʢ ʢʘʢ ʘʜʘʧʪʠʚʥʳʝ ʦʧʪʠʤʠʟʘʪʦʨʳ ʧʦʤʦʛʘʶʪ 

ʩʛʣʘʞʠʚʘʪʴ ʨʘʩʭʦʞʜʝʥʠʷ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʦʙʥʦʚʣʝʥʠʷʤʠ, ʯʪʦ ʚʘʞʥʦ ʚ 

ʩʮʝʥʘʨʠʷʭ, ʢʦʛʜʘ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʦʚ ʟʥʘʯʠʪʝʣʴʥʦ ʦʪʣʠʯʘʝʪʩʷ, 

ʯʪʦ ʤʦʞʝʪ ʧʨʠʚʦʜʠʪʴ ʢ ʥʝʩʪʘʙʠʣʴʥʦʩʪʠ ʠ ʤʝʜʣʝʥʥʦʡ ʩʭʦʜʠʤʦʩʪʠ ʚ 

ʢʣʘʩʩʠʯʝʩʢʠʭ ʘʣʛʦʨʠʪʤʘʭ, ʪʘʢʠʭ ʢʘʢ FedAvg. FedOpt ʦʧʪʠʤʠʟʠʨʫʝʪ ʩʘʤ 

ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ, ʧʦʟʚʦʣʷʷ ʨʝʛʫʣʠʨʦʚʘʪʴ ʩʢʦʨʦʩʪʴ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ ʠ 

ʣʫʯʰʝ ʢʦʥʪʨʦʣʠʨʦʚʘʪʴ, ʢʘʢ ʣʦʢʘʣʴʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʢʣʠʝʥʪʦʚ ʚʣʠʷʶʪ ʥʘ 

ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʧʦʤʦʛʘʝʪ ʩʥʠʟʠʪʴ ʚʣʠʷʥʠʝ "ʰʫʤʥʳʭ" 

ʢʣʠʝʥʪʦʚ, ʯʴʠ ʦʙʥʦʚʣʝʥʠʷ ʤʦʛʫʪ ʚʥʦʩʠʪʴ ʥʝʞʝʣʘʪʝʣʴʥʳʝ ʦʪʢʣʦʥʝʥʠʷ ʚ 

ʦʙʫʯʝʥʠʝ, ʠ ʜʝʣʘʝʪ ʤʦʜʝʣʴ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʦʡ ʢ ʘʥʦʤʘʣʠʷʤ. 

ʉʣʝʜʦʚʘʪʝʣʴʥʦ, FedOpt ʷʚʣʷʝʪʩʷ ʦʜʥʦʡ ʠʟ ʩʘʤʳʭ ʧʨʦʜʚʠʥʫʪʳʭ ʩʪʨʘʪʝʛʠʡ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʡ ʙʳʩʪʨʫʶ ʩʭʦʜʠʤʦʩʪʴ, 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʛʝʪʝʨʦʛʝʥʥʳʤ ʜʘʥʥʳʤ ʠ ʦʧʪʠʤʠʟʘʮʠʶ ʛʣʦʙʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʟʘ ʩʯʝʪ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʘʜʘʧʪʠʚʥʳʭ ʤʝʪʦʜʦʚ ʦʧʪʠʤʠʟʘʮʠʠ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ. 

ɸʣʛʦʨʠʪʤ FedOpt ʠʩʧʦʣʴʟʫʝʪ ʩʣʝʜʫʶʱʫʶ ʩʭʝʤʫ ʦʙʫʯʝʥʠʷ: 

1.ʀʥʠʮʠʘʣʠʟʘʮʠʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʠʥʠʮʠʘʣʠʟʠʨʫʝʪ ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ .‫ 
2.ɺʳʙʦʨ ʢʣʠʝʥʪʦʚ: ʉʝʨʚʝʨ ʚʳʙʠʨʘʝʪ ʩʣʫʯʘʡʥʦʝ ʧʦʜʤʥʦʞʝʩʪʚʦ ʢʣʠʝʥʪʦʚ 

K ʠʟ N ʜʦʩʪʫʧʥʳʭ ʫʩʪʨʦʡʩʪʚ ʜʣʷ ʫʯʘʩʪʠʷ ʚ ʪʝʢʫʱʝʤ ʨʘʫʥʜʝ ʦʙʫʯʝʥʠʷ. 

3.ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ: ɼʣʷ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ k, ʥʘ ʢʘʞʜʦʤ ʰʘʛʝ t, 

ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ ʦʙʥʦʚʣʷʶʪʩʷ ʩ ʧʦʤʦʱʴʶ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ ʩ 

ʘʜʘʧʪʠʚʥʳʤ ʰʘʛʦʤ: 
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‫ ‫ ‘ Ὂɳ ‫       (2.13) 

 

ʛʜʝ ‘ - ʘʜʘʧʪʠʚʥʳʡ ʰʘʛ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ ʜʣʷ ʢʣʠʝʥʪʘ k ʥʘ ʰʘʛʝ t 

Ὂɳ ‫  - ʛʨʘʜʠʝʥʪ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ Ὂ ʥʘ ʢʣʠʝʥʪʝ k 

ï ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘ k ʥʘ ʰʘʛʝ t ‫ 

4. ʇʝʨʝʜʘʯʘ ʦʙʥʦʚʣʝʥʠʡ ʥʘ ʩʝʨʚʝʨ: ʇʦʩʣʝ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʢʣʠʝʥʪʳ 

ʦʪʧʨʘʚʣʷʶʪ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ ‫  ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

5. ɸʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ: ʉʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ ʦʙʥʦʚʣʝʥʠʷ ʧʦ ʩʪʘʥʜʘʨʪʥʦʡ 

ʬʦʨʤʫʣʝ, ʢʘʢ ʚ FedAvg: 

 

‫ Вᶰ ‫ ,       (2.14) 

 

ʛʜʝ ὲ - ʯʠʩʣʦ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ ʫ ʢʣʠʝʥʪʘ k, ʘ ὲ В ὲᶰ  - ʦʙʱʝʝ 

ʢʦʣʠʯʝʩʪʚʦ ʜʘʥʥʳʭ ʩʨʝʜʠ ʚʳʙʨʘʥʥʳʭ ʢʣʠʝʥʪʦʚ. 

6. ʇʨʠʤʝʥʝʥʠʝ ʩʝʨʚʝʨʥʦʛʦ ʦʧʪʠʤʠʟʘʪʦʨʘ: ɺ ʦʪʣʠʯʠʝ ʦʪ FedAvg, ʢʦʪʦʨʳʡ 

ʠʩʧʦʣʴʟʫʝʪ ʧʨʦʩʪʦʝ ʫʩʨʝʜʥʝʥʠʝ, FedOpt ʦʙʥʦʚʣʷʝʪ ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʩ ʧʦʤʦʱʴʶ ʩʝʨʚʝʨʥʦʛʦ ʦʧʪʠʤʠʟʘʪʦʨʘ ַײ (ʥʘʧʨʠʤʝʨ, Adam, Yogi, 

Adagrad): 

 

‫ ‫ȟὫײַ ,       (2.15) 

 

ʛʜʝ Ὣ - ʩʛʣʘʞʝʥʥʳʡ ʛʨʘʜʠʝʥʪ, ʧʦʣʫʯʝʥʥʳʡ ʩ ʧʦʤʦʱʴʶ ʘʜʘʧʪʠʚʥʦʛʦ 
ʦʧʪʠʤʠʟʘʪʦʨʘ. 

7. ʈʘʩʩʳʣʢʘ ʦʙʥʦʚʣʝʥʥʦʡ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘʤ: ʉʝʨʚʝʨ ʦʪʧʨʘʚʣʷʝʪ 

ʦʙʥʦʚʣʝʥʥʫʶ ʤʦʜʝʣʴ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ ʜʣʷ ʩʣʝʜʫʶʱʝʛʦ ʨʘʫʥʜʘ ʦʙʫʯʝʥʠʷ. 

ɸʣʛʦʨʠʪʤ FedOpt ʦʪʥʦʩʠʪʩʷ ʢ ʢʣʘʩʩʫ ʨʘʩʰʠʨʝʥʥʳʭ ʤʝʪʦʜʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʨʘʟʚʠʪʠʝ ʙʘʟʦʚʦʛʦ ʧʦʜʭʦʜʘ 

FedAvg ʟʘ ʩʯʝʪ ʚʥʝʜʨʝʥʠʷ ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʮʠʦʥʥʳʭ ʧʨʦʮʝʜʫʨ. ɺ ʦʪʣʠʯʠʝ 

ʦʪ ʧʨʦʩʪʦʛʦ ʫʩʨʝʜʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ, FedOpt ʠʩʧʦʣʴʟʫʝʪ 

ʘʜʘʧʪʠʚʥʳʝ ʦʧʪʠʤʠʟʘʪʦʨʳ, ʚʢʣʶʯʘʷ Adam, Yogi ʠ Adagrad, ʯʪʦ ʧʦʟʚʦʣʷʝʪ 

ʙʦʣʝʝ ʵʬʬʝʢʪʠʚʥʦ ʢʦʨʨʝʢʪʠʨʦʚʘʪʴ ʧʘʨʘʤʝʪʨʳ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ ʫʩʢʦʨʷʪʴ 

ʧʨʦʮʝʩʩ ʩʭʦʜʠʤʦʩʪʠ. ʆʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ʜʦʩʪʦʠʥʩʪʚ FedOpt ʷʚʣʷʝʪʩʷ ʝʛʦ 

ʧʦʚʳʰʝʥʥʘʷ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʥʝʦʜʥʦʨʦʜʥʦʤʫ ʨʘʩʧʨʝʜʝʣʝʥʠʶ ʜʘʥʥʳʭ ʤʝʞʜʫ 

ʢʣʠʝʥʪʘʤʠ. ɿʘ ʩʯʝʪ ʧʨʠʤʝʥʝʥʠʷ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʜʦʩʪʠʛʘʝʪʩʷ 

ʩʛʣʘʞʠʚʘʥʠʝ ʨʘʟʣʠʯʠʡ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʦʙʥʦʚʣʝʥʠʷʤʠ, ʯʪʦ ʩʥʠʞʘʝʪ 

ʥʝʛʘʪʠʚʥʦʝ ʚʣʠʷʥʠʝ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʧʦʚʳʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ 

ʦʙʫʯʝʥʠʷ ʚ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʝ. ʊʘʢʦʡ ʤʝʭʘʥʠʟʤ ʜʝʣʘʝʪ ʘʣʛʦʨʠʪʤ ʙʦʣʝʝ 

ʧʨʠʤʝʥʠʤʳʤ ʚ ʧʨʘʢʪʠʯʝʩʢʠʭ ʩʮʝʥʘʨʠʷʭ, ʛʜʝ ʜʘʥʥʳʝ ʢʣʠʝʥʪʦʚ ʩʫʱʝʩʪʚʝʥʥʦ 

ʨʘʟʣʠʯʘʶʪʩʷ ʧʦ ʩʪʨʫʢʪʫʨʝ ʠ ʦʙʲʝʤʫ. ɼʦʧʦʣʥʠʪʝʣʴʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ FedOpt 

ʷʚʣʷʝʪʩʷ ʚʦʟʤʦʞʥʦʩʪʴ ʛʠʙʢʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʚʢʣʘʜʦʤ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʚ 

ʧʨʦʮʝʩʩ ʬʦʨʤʠʨʦʚʘʥʠʷ ʛʣʦʙʘʣʴʥʦʛʦ ʨʝʰʝʥʠʷ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʫʤʝʥʴʰʠʪʴ 

ʚʣʠʷʥʠʝ ʰʫʤʥʳʭ ʠʣʠ ʥʠʟʢʦʢʘʯʝʩʪʚʝʥʥʳʭ ʦʙʥʦʚʣʝʥʠʡ. ɺʤʝʩʪʝ ʩ ʪʝʤ 

ʨʝʘʣʠʟʘʮʠʷ ʜʘʥʥʦʛʦ ʘʣʛʦʨʠʪʤʘ ʧʨʝʜʧʦʣʘʛʘʝʪ ʫʚʝʣʠʯʝʥʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʥʘʛʨʫʟʢʠ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ ʠ ʪʨʝʙʫʝʪ ʘʢʢʫʨʘʪʥʦʡ ʥʘʩʪʨʦʡʢʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ 
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ʦʧʪʠʤʠʟʘʮʠʠ, ʪʘʢ ʢʘʢ ʠʭ ʥʝʢʦʨʨʝʢʪʥʳʡ ʚʳʙʦʨ ʤʦʞʝʪ ʥʝʛʘʪʠʚʥʦ ʩʢʘʟʘʪʴʩʷ ʥʘ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʦʙʫʯʝʥʠʷ.  
 

ʉʨʘʚʥʝʥʠʝ ʘʣʛʦʨʠʪʤʦʚ ʌʆ, ʧʨʝʜʩʪʘʚʣʝʥʦ ʚ ʪʘʙʣʠʮʝ 2.3. 
 

ʊʘʙʣʠʮʘ 2.3 - ʉʨʘʚʥʝʥʠʝ ʘʣʛʦʨʠʪʤʦʚ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ 

 

ʄʝʪʦʜ 

ʈʘʙʦʪʘ ʩ 

non-IID 

ʜʘʥʥʳʤʠ 

ʉʢʦʨʦʩʪʴ 

ʩʭʦʜʠʤʦʩʪʠ 

ʆʙʲʝʤ 

ʧʝʨʝʜʘʚʘʝʤʳʭ 

ʜʘʥʥʳʭ 

ʆʩʥʦʚʥʳʝ ʦʩʦʙʝʥʥʦʩʪʠ 

FedSGD 1 1 3 

ʆʪʧʨʘʚʣʷʝʪ ʛʨʘʜʠʝʥʪʳ 

ʧʦʩʣʝ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ, 

ʚʳʩʦʢʘʷ ʥʘʛʨʫʟʢʘ ʥʘ ʩʝʪʴ 

FedAvg 1 1 1 

ʅʝʩʢʦʣʴʢʦ ʣʦʢʘʣʴʥʳʭ 

ʠʪʝʨʘʮʠʡ ʧʝʨʝʜ ʦʪʧʨʘʚʢʦʡ 

ʫʩʨʝʜʥʝʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ 

FedProx 2 2 2 

ɺʚʦʜʠʪ ʧʨʦʢʩʠʤʘʣʴʥʳʡ 

ʯʣʝʥ ʜʣʷ ʦʛʨʘʥʠʯʝʥʠʷ 

ʦʪʢʣʦʥʝʥʠʡ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ 

FedOpt 3 3 2 

ʇʨʠʤʝʥʷʝʪ ʘʜʘʧʪʠʚʥʳʝ 

ʩʝʨʚʝʨʥʳʝ ʦʧʪʠʤʠʟʘʪʦʨʳ 

(Adam, Yogi, Adagrad) 

 

ɺ ʨʘʤʢʘʭ ʘʥʘʣʠʟʘ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʫʩʪʘʥʦʚʣʝʥʦ, ʯʪʦ 

FedSGD ʚ ʥʘʩʪʦʷʱʝʝ ʚʨʝʤʷ ʩʯʠʪʘʝʪʩʷ ʤʘʣʦʵʬʬʝʢʪʠʚʥʳʤ ʠʟ-ʟʘ ʚʳʩʦʢʦʡ 

ʩʝʪʝʚʦʡ ʥʘʛʨʫʟʢʠ ʠ ʥʠʟʢʦʡ ʧʨʘʢʪʠʯʝʩʢʦʡ ʧʨʠʤʝʥʠʤʦʩʪʠ. ɸʣʛʦʨʠʪʤ FedAvg 

ʷʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ ʨʘʩʧʨʦʩʪʨʘʥʝʥʥʳʤ ʙʘʟʦʚʳʤ ʤʝʪʦʜʦʤ ʠ ʰʠʨʦʢʦ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʙʣʘʛʦʜʘʨʷ ʧʨʦʩʪʦʪʝ ʨʝʘʣʠʟʘʮʠʠ ʠ ʥʠʟʢʠʤ ʪʨʝʙʦʚʘʥʠʷʤ ʢ 

ʩʝʨʚʝʨʥʳʤ ʨʝʩʫʨʩʘʤ, ʦʜʥʘʢʦ ʝʛʦ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʞʘʝʪʩʷ ʧʨʠ 

ʨʘʙʦʪʝ ʩ ʛʝʪʝʨʦʛʝʥʥʳʤʠ non-IID ʜʘʥʥʳʤʠ. ɸʣʛʦʨʠʪʤ FedProx ʯʘʩʪʠʯʥʦ 

ʫʩʪʨʘʥʷʝʪ ʜʘʥʥʳʝ ʦʛʨʘʥʠʯʝʥʠʷ ʟʘ ʩʯʝʪ ʚʚʝʜʝʥʠʷ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ, ʯʪʦ 

ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʦʜʥʘʢʦ ʝʛʦ ʚʣʠʷʥʠʝ ʥʘ ʢʘʯʝʩʪʚʦ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʦʩʪʘʝʪʩʷ ʦʛʨʘʥʠʯʝʥʥʳʤ. ʅʘʠʙʦʣʝʝ ʫʩʪʦʡʯʠʚʳʝ ʨʝʟʫʣʴʪʘʪʳ ʚ ʫʩʣʦʚʠʷʭ 

ʨʘʟʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ ʜʝʤʦʥʩʪʨʠʨʫʝʪ FedOpt, ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʫʩʢʦʨʝʥʥʫʶ 

ʩʭʦʜʠʤʦʩʪʴ ʟʘ ʩʯʝʪ ʧʨʠʤʝʥʝʥʠʷ ʘʜʘʧʪʠʚʥʳʭ ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ. 

ɺʳʙʦʨ ʘʣʛʦʨʠʪʤʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʧʨʝʜʝʣʷʝʪʩʷ ʩʧʝʮʠʬʠʢʦʡ 

ʨʝʰʘʝʤʦʡ ʟʘʜʘʯʠ ʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʳ. ʇʨʠ ʥʘʣʠʯʠʠ 

ʚʳʨʘʞʝʥʥʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ ʜʘʥʥʳʭ ʧʨʝʜʧʦʯʪʠʪʝʣʴʥʳʤ ʷʚʣʷʝʪʩʷ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ FedOpt. ɺ ʩʮʝʥʘʨʠʷʭ, ʛʜʝ ʧʨʠʦʨʠʪʝʪʦʤ ʷʚʣʷʝʪʩʷ ʩʥʠʞʝʥʠʝ 

ʩʝʪʝʚʦʡ ʥʘʛʨʫʟʢʠ, ʜʦʧʫʩʪʠʤʦ ʧʨʠʤʝʥʝʥʠʝ FedAvg. ɺ ʩʣʫʯʘʷʭ, ʪʨʝʙʫʶʱʠʭ 

ʛʠʙʢʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʧʨʦʮʝʩʩʦʤ ʦʧʪʠʤʠʟʘʮʠʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ ʢ ʰʫʤʥʳʤ 

ʦʙʥʦʚʣʝʥʠʷʤ, ʪʘʢʞʝ ʮʝʣʝʩʦʦʙʨʘʟʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴ FedOpt. 

ʆʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʘʣʛʦʨʠʪʤʦʚ FedAvg, FedProx ʠ FedOpt ʩʚʷʟʘʥʦ ʩ 

ʢʣʶʯʝʚʳʤʠ ʦʩʦʙʝʥʥʦʩʪʷʤʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ 
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ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʭʘʨʘʢʪʝʨ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ, ʛʝʪʝʨʦʛʝʥʥʦʩʪʴ 

ʨʘʩʧʨʝʜʝʣʝʥʠʡ ʠ ʨʘʟʣʠʯʠʷ ʚ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʷʭ ʢʣʠʝʥʪʦʚ. FedAvg 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ ʠ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʣʛʦʨʠʪʤʘ ʙʣʘʛʦʜʘʨʷ ʩʚʦʝʡ 

ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʠ ʠ ʵʢʦʥʦʤʠʠ ʩʝʪʝʚʳʭ ʨʝʩʫʨʩʦʚ, ʦʜʥʘʢʦ ʝʛʦ ʦʛʨʘʥʠʯʝʥʥʘʷ 

ʘʜʘʧʪʘʮʠʷ ʢ non-IID ʜʘʥʥʳʤ ʩʥʠʞʘʝʪ ʢʘʯʝʩʪʚʦ ʠʪʦʛʦʚʦʡ ʤʦʜʝʣʠ. FedProx 

ʧʦʚʳʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʟʘ ʩʯʝʪ ʦʛʨʘʥʠʯʝʥʠʷ ʦʪʢʣʦʥʝʥʠʡ ʣʦʢʘʣʴʥʳʭ 

ʤʦʜʝʣʝʡ, ʥʦ ʥʝ ʨʝʰʘʝʪ ʟʘʜʘʯʫ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ. FedOpt, ʚ ʩʚʦʶ ʦʯʝʨʝʜʴ, 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʵʬʬʝʢʪʠʚʥʫʶ ʘʛʨʝʛʘʮʠʶ ʠ ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ ʚ 

ʨʝʘʣʴʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʩʨʝʜʘʭ, ʯʪʦ ʜʝʣʘʝʪ ʝʛʦ ʥʘʠʙʦʣʝʝ ʧʦʜʭʦʜʷʱʠʤ 

ʚʳʙʦʨʦʤ ʜʣʷ ʟʘʜʘʯ ʩ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʴʶ ʜʘʥʥʳʭ ʧʨʠ ʫʩʣʦʚʠʠ ʥʘʣʠʯʠʷ 

ʜʦʩʪʘʪʦʯʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ. 

FedAvg ʠʩʧʦʣʴʟʫʝʪʩʷ ʢʘʢ ʙʘʟʦʚʳʡ ʘʣʛʦʨʠʪʤ, FedProx, ʢʘʢ ʩʨʝʜʩʪʚʦ 

ʩʪʘʙʠʣʠʟʘʮʠʠ ʦʙʫʯʝʥʠʷ ʧʨʠ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ, ʘ FedOpt ʚʳʙʨʘʥ 

ʚ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʘʣʛʦʨʠʪʤʘ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʛʦ ʦʧʪʠʤʘʣʴʥʦʝ ʩʦʯʝʪʘʥʠʝ 

ʩʢʦʨʦʩʪʠ, ʘʜʘʧʪʠʚʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ ʚ ʫʩʣʦʚʠʷʭ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʧʨʝʜʩʪʘʚʣʝʥʳ ʚ ʪʘʙʣʠʮʝ 2.4. 

 

ʊʘʙʣʠʮʘ 2.4 - ʆʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʘʣʛʦʨʠʪʤʦʚ 

 

ʄʝʪʦʜ 

ʈʘʙʦʪʘ ʩ 

ʥʝ-IID 

ʜʘʥʥʳʤʠ 

ʉʢʦʨʦʩʪʴ 

ʩʭʦʜʠʤʦʩʪʠ 

ɻʠʙʢʦʩʪʴ ʢ 

ʨʘʟʥʦʨʦʜʥʦʩʪʠ 

ʢʣʠʝʥʪʦʚ 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ 

ʩʝʨʚʝʨʥʳʭ 

ʦʧʪʠʤʠʟʘʪʦʨʦʚ 

FedAvg 1 1 - - 

FedProx 2 2 + - 

FedOpt 3 3 + + 

 

ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣʠ ʨʘʩʩʤʦʪʨʝʥʳ ʨʘʟʣʠʯʥʳʝ 

ʘʣʛʦʨʠʪʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ FedSGD, FedAvg, FedProx ʠ 

FedOpt. ɼʣʷ ʜʘʣʴʥʝʡʰʝʛʦ ʘʥʘʣʠʟʘ ʙʳʣʠ ʦʪʦʙʨʘʥʳ ʘʣʛʦʨʠʪʤʳ, ʫʯʠʪʳʚʘʷ 

ʦʩʦʙʝʥʥʦʩʪʠ ʧʦʩʪʘʚʣʝʥʥʦʡ ʟʘʜʘʯʠ ʠ ʫʩʣʦʚʠʷ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, 

FedAvg, FedProx ʠ FedOpt, ʢʘʢ ʥʘʠʙʦʣʝʝ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʳʝ ʠ ʧʨʘʢʪʠʯʝʩʢʠ 

ʟʥʘʯʠʤʳʝ ʤʝʪʦʜʳ. ɸʣʛʦʨʠʪʤ FedAvg ʚʳʙʨʘʥ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ ʠ 

ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʤʝʪʦʜʘ, ʧʦʩʢʦʣʴʢʫ ʦʥ ʰʠʨʦʢʦ ʧʨʠʤʝʥʷʝʪʩʷ ʚ ʩʫʱʝʩʪʚʫʶʱʠʭ 

ʠʩʩʣʝʜʦʚʘʥʠʷʭ ʠ ʦʪʣʠʯʘʝʪʩʷ ʧʨʦʩʪʦʪʦʡ ʨʝʘʣʠʟʘʮʠʠ, ʥʠʟʢʠʤʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʪʨʝʙʦʚʘʥʠʷʤʠ ʠ ʩʥʠʞʝʥʥʦʡ ʩʝʪʝʚʦʡ ʥʘʛʨʫʟʢʦʡ, ʚʤʝʩʪʝ ʩ ʪʝʤ 

ʝʛʦ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʞʘʝʪʩʷ ʚ ʫʩʣʦʚʠʷʭ ʥʝʨʘʚʥʦʤʝʨʥʦʛʦ 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ, ʯʪʦ ʦʛʨʘʥʠʯʠʚʘʝʪ ʧʨʠʤʝʥʠʤʦʩʪʴ 

ʜʘʥʥʦʛʦ ʧʦʜʭʦʜʘ ʧʨʠ ʥʘʣʠʯʠʠ non-IID ʚʳʙʦʨʦʢ. ɸʣʛʦʨʠʪʤ FedProx ʙʳʣ 

ʚʢʣʶʯʝʥ ʚ ʠʩʩʣʝʜʦʚʘʥʠʝ, ʢʘʢ ʫʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʥʘʷ ʚʝʨʩʠʷ FedAvg, 

ʦʨʠʝʥʪʠʨʦʚʘʥʥʦʝ ʥʘ ʧʦʚʳʰʝʥʠʝ ʫʩʪʦʡʯʠʚʦʩʪʠ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ 

ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʨʘʟʥʦʨʦʜʥʦʩʪʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ 

ʨʝʩʫʨʩʦʚ ʢʣʠʝʥʪʦʚ. ɺʚʝʜʝʥʠʝ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ ʧʦʟʚʦʣʷʝʪ ʦʛʨʘʥʠʯʠʪʴ 

ʦʪʢʣʦʥʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʦʪ ʛʣʦʙʘʣʴʥʦʡ, ʦʙʝʩʧʝʯʠʚʘʷ ʙʦʣʝʝ ʩʪʘʙʠʣʴʥʫʶ 

ʩʭʦʜʠʤʦʩʪʴ. ɸʣʛʦʨʠʪʤ FedOpt ʚʳʙʨʘʥ ʚ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʤʝʪʦʜʘ 
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ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʧʦʩʢʦʣʴʢʫ ʦʥ ʠʩʧʦʣʴʟʫʝʪ ʘʜʘʧʪʠʚʥʳʝ ʩʝʨʚʝʨʥʳʝ 

ʦʧʪʠʤʠʟʘʪʦʨʳ ʠ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʠ ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ ʚ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʩʨʝʜʘʭ ʩ non-IID ʜʘʥʥʳʤʠ. ʇʨʠʤʝʥʝʥʠʝ ʩʝʨʚʝʨʥʦʡ 

ʦʧʪʠʤʠʟʘʮʠʠ ʧʦʟʚʦʣʷʝʪ ʧʦʚʳʩʠʪʴ ʢʘʯʝʩʪʚʦ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʠ ʩʥʠʟʠʪʴ 

ʚʣʠʷʥʠʝ ʰʫʤʥʳʭ ʠʣʠ ʥʝʩʪʘʙʠʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʢʣʠʝʥʪʦʚ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʢʦʤʙʠʥʘʮʠʠ ʚʳʰʝʫʢʘʟʘʥʥʳʭ ʘʣʛʦʨʠʪʤʦʚ ʧʦʟʚʦʣʷʝʪ ʢʦʤʧʣʝʢʩʥʦ 

ʧʨʦʘʥʘʣʠʟʠʨʦʚʘʪʴ ʚʣʠʷʥʠʝ ʨʘʟʥʦʨʦʜʥʦʩʪʠ ʜʘʥʥʳʭ, ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ 

ʠ ʤʝʪʦʜʦʚ ʦʧʪʠʤʠʟʘʮʠʠ ʥʘ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ 

ʦʙʦʩʥʦʚʘʪʴ ʚʳʙʦʨ ʦʧʪʠʤʘʣʴʥʦʛʦ ʘʣʛʦʨʠʪʤʘ ʜʣʷ ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʧʨʠʤʝʥʝʥʠʷ ʚ 

ʫʩʣʦʚʠʷʭ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʳ. ʆʜʥʘʢʦ ʝʛʦ ʦʩʥʦʚʥʦʡ 

ʥʝʜʦʩʪʘʪʦʢ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʧʣʦʭʦʡ ʨʘʙʦʪʝ ʩ non-IID ʜʘʥʥʳʤʠ, ʯʪʦ ʩʥʠʞʘʝʪ ʝʛʦ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʚ ʫʩʣʦʚʠʷʭ ʥʝʦʜʥʦʨʦʜʥʳʭ ʚʳʙʦʨʦʢ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ 

ʨʠʩʫʥʢʘʤʠ 2.2 ʠ 2.3. 

 

 
 

ʈʠʩʫʥʦʢ 2.2 - ʇʨʝʠʤʫʱʝʩʪʚʘ 

 

 
 

ʈʠʩʫʥʦʢ 2.3 - ʅʝʜʦʩʪʘʪʢʠ 

 

ɼʣʷ ʫʩʪʨʘʥʝʥʠʷ ʦʛʨʘʥʠʯʝʥʠʡ FedAvg ʚ ʠʩʩʣʝʜʦʚʘʥʠʝ ʚʢʣʶʯʝʥ ʘʣʛʦʨʠʪʤ 

FedProx, ʢʦʪʦʨʳʡ ʟʘ ʩʯʝʪ ʚʚʝʜʝʥʠʷ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ ʩʥʠʞʘʝʪ 

ʨʘʩʭʦʞʜʝʥʠʝ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʷʤʠ ʠ ʧʦʚʳʰʘʝʪ 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. ɺ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ 

ʘʣʛʦʨʠʪʤʘ ʚʳʙʨʘʥ FedOpt, ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʫʩʢʦʨʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ ʠ 

ʘʜʘʧʪʠʚʥʫʶ ʩʝʨʚʝʨʥʫʶ ʦʧʪʠʤʠʟʘʮʠʶ ʚ ʫʩʣʦʚʠʷʭ non-IID ʨʘʩʧʨʝʜʝʣʝʥʠʡ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʠʩʧʦʣʴʟʦʚʘʥʠʝ FedAvg, FedProx ʠ FedOpt ʧʦʟʚʦʣʷʝʪ 

ʦʙʝʩʧʝʯʠʪʴ ʙʘʣʘʥʩ ʤʝʞʜʫ ʪʦʯʥʦʩʪʴʶ, ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʟʘʪʨʘʪʘʤʠ ʠ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ, ʯʪʦ ʜʝʣʘʝʪ ʜʘʥʥʳʡ ʥʘʙʦʨ ʘʣʛʦʨʠʪʤʦʚ 

ʧʨʘʢʪʠʯʥʳʤ ʜʣʷ ʨʝʘʣʴʥʳʭ ʩʮʝʥʘʨʠʝʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ [99-100]. 
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2.7 ʆʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʘʣʛʦʨʠʪʤʘ Random Forest 

ʂʣʘʩʩʠʯʝʩʢʠʝ ʤʝʪʦʜʳ ʢʫʜʘ ʚʭʦʜʷʪ ʣʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Lasso-ʨʝʛʨʝʩʩʠʷ ʠ 

Ridge-ʨʝʛʨʝʩʩʠʷ ʦʩʥʦʚʘʥʳ ʥʘ ʧʨʝʜʧʦʣʦʞʝʥʠʠ ʦ ʣʠʥʝʡʥʦʡ ʟʘʚʠʩʠʤʦʩʪʠ ʤʝʞʜʫ 

ʚʭʦʜʥʳʤʠ ʧʨʠʟʥʘʢʘʤʠ ʠ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ, ʧʦʢʘʟʘʥʳ ʥʘ ʨʠʩʫʥʢʝ 2.4. 

 

   
ʃʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ Lasso-ʨʝʛʨʝʩʩʠʷ Ridge-ʨʝʛʨʝʩʩʠʷ 

 

ʈʠʩʫʥʦʢ 2.4 - ʆʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ ʩʨʘʚʥʝʥʠʷ ʨʝʛʨʝʩʩʠʦʥʥʳʭ ʤʦʜʝʣʝʡ 

 

ʇʦ ʦʩʠ X ʦʪʣʦʞʝʥʳ ʨʝʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ, ʧʦ ʦʩʠ Y - 

ʟʥʘʯʝʥʠʷ, ʧʨʝʜʩʢʘʟʘʥʥʳʝ ʤʦʜʝʣʴʶ. ʉʠʥʷʷ ʪʦʯʢʘ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʦʜʥʦʤʫ 

ʥʘʙʣʶʜʝʥʠʶ ʪʝʩʪʦʚʦʡ ʚʳʙʦʨʢʠ, ʘ ʢʨʘʩʥʘʷ ʧʫʥʢʪʠʨʥʘʷ ʣʠʥʠʷ ʦʪʨʘʞʘʝʪ 

ʠʜʝʘʣʴʥʦʝ ʩʦʦʪʚʝʪʩʪʚʠʝ ʤʝʞʜʫ ʨʝʘʣʴʥʳʤʠ ʠ ʧʨʦʛʥʦʟʠʨʫʝʤʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. 

ʏʝʤ ʙʣʠʞʝ ʪʦʯʢʠ ʨʘʩʧʦʣʘʛʘʶʪʩʷ ʢ ʜʘʥʥʦʡ ʣʠʥʠʠ, ʪʝʤ ʚʳʰʝ ʪʦʯʥʦʩʪʴ ʤʦʜʝʣʠ. 

ɸʥʘʣʠʟ ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʪʦʯʝʢ ʧʦʢʘʟʳʚʘʝʪ ʩʪʝʧʝʥʴ ʪʦʯʥʦʩʪʠ ʠ 

ʦʙʦʙʱʘʶʱʝʡ ʩʧʦʩʦʙʥʦʩʪʠ ʤʦʜʝʣʝʡ. ʉʫʱʝʩʪʚʝʥʥʳʡ ʨʘʟʙʨʦʩ ʪʦʯʝʢ 

ʦʪʥʦʩʠʪʝʣʴʥʦ ʣʠʥʠʠ ʠʜʝʘʣʴʥʦʛʦ ʩʦʦʪʚʝʪʩʪʚʠʷ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʥʘʣʠʯʠʠ 

ʟʥʘʯʠʪʝʣʴʥʳʭ ʦʰʠʙʦʢ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʦʛʨʘʥʠʯʝʥʥʦʡ ʩʧʦʩʦʙʥʦʩʪʠ ʤʦʜʝʣʝʡ 

ʦʧʠʩʳʚʘʪʴ ʩʣʦʞʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʚ ʜʘʥʥʳʭ. ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʨʝʟʫʣʴʪʘʪʦʚ 

ʧʨʝʜʩʪʘʚʣʝʥ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.5. 

 

 
 

ʈʠʩʫʥʦʢ 2.5 - ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ 

 

ʆʯʝʚʠʜʥʦ, ʯʪʦ ʚʠʟʫʘʣʴʥʳʡ ʘʥʘʣʠʟ ʛʨʘʬʠʢʦʚ ʧʦʜʪʚʝʨʞʜʘʝʪ 

ʦʛʨʘʥʠʯʝʥʥʦʩʪʴ ʢʣʘʩʩʠʯʝʩʢʠʭ ʣʠʥʝʡʥʳʭ ʤʝʪʦʜʦʚ ʧʨʠ ʤʦʜʝʣʠʨʦʚʘʥʠʠ 
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ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ ʠ ʦʙʦʩʥʦʚʳʚʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ 

ʧʨʠʤʝʥʝʥʠʷ ʙʦʣʝʝ ʛʠʙʢʠʭ ʠ ʫʩʪʦʡʯʠʚʳʭ ʘʣʛʦʨʠʪʤʦʚ. 

ɺ ʠʪʦʛʝ ʚʩʝ ʪʨʠ ʤʦʜʝʣʠ ʧʣʦʭʦ ʧʨʝʜʩʢʘʟʳʚʘʶʪ ʚʳʩʦʢʠʝ ʟʥʘʯʝʥʠʷ Psycho-

emotional exhaustion, ʯʪʦ ʤʦʞʝʪ ʙʳʪʴ ʩʚʷʟʘʥʦ ʩ ʚʳʙʨʦʩʘʤʠ ʠʣʠ ʥʝʜʦʩʪʘʪʢʦʤ 

ʟʥʘʯʠʤʳʭ ʬʘʢʪʦʨʦʚ ʚ ʜʘʥʥʳʭ. ʃʘʩʩʦ-ʨʝʛʨʝʩʩʠʷ ʫʩʪʨʘʥʷʝʪ ʥʝʨʝʣʝʚʘʥʪʥʳʝ 

ʧʝʨʝʤʝʥʥʳʝ, ʥʦ ʤʦʞʝʪ ʪʝʨʷʪʴ ʚʘʞʥʳʝ ʧʨʠʟʥʘʢʠ. Ridge-ʨʝʛʨʝʩʩʠʷ ʥʝʤʥʦʛʦ 

ʫʣʫʯʰʘʝʪ ʧʨʝʜʩʢʘʟʘʥʠʷ, ʥʦ ʚʩʝ ʞʝ ʩʦʭʨʘʥʷʝʪ ʥʝʜʦʩʪʘʪʢʠ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ. 

ʉʪʘʥʜʘʨʪʥʳʝ ʨʝʛʨʝʩʩʠʦʥʥʳʝ ʤʝʪʦʜʳ ʥʝ ʧʦʢʘʟr ʚʘʶʪ ʪʦʯʥʳʭ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʠ 

ʧʦʵʪʦʤʫ ʥʝʦʙʭʦʜʠʤʘ ʜʦʨʘʙʦʪʢʘ ʤʦʜʝʣʠ ʩ ʫʯʝʪʦʤ ʙʦʣʝʝ ʩʣʦʞʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ 

ʚ ʜʘʥʥʳʭ. ʀ ʵʪʠ ʘʣʛʦʨʠʪʤʳ ʥʝ ʧʦʜʭʦʜʷʪ ʜʣʷ ʥʘʰʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ. 

ɸʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ ʚʢʣʶʯʘʶʪ ʉʣʫʯʘʡʥʳʡ ʣʝʩ, ɻʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ, 

XGBoost ʠ CatBoost, ʢʦʪʦʨʳʝ ʧʨʝʜʩʪʘʚʣʝʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.6.  
 

  
ʉʣʫʯʘʡʥʳʡ ʣʝʩ ɻʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ 

  
XGBoost CatBoost 

 

ʈʠʩʫʥʦʢ 2.6 - ʆʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ ʩʨʘʚʥʝʥʠʷ ʘʣʛʦʨʠʪʤʦʚ ʄʆ 

 

ɸʥʘʣʠʟ ʠ ʦʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ ʘʥʩʘʤʙʣʝʚʳʭ ʤʝʪʦʜʦʚ, ʚʢʣʶʯʘʶʱʠʭ 

ʉʣʫʯʘʡʥʳʡ ʣʝʩ, ɻʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ, XGBoost ʠ CatBoost ʧʨʝʜʩʪʘʚʣʝʥʳ ʚ 

ʪʘʙʣʠʮʝ 2.5. 
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ʊʘʙʣʠʮʘ 2.5 - ʆʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ 

 

ʆʧʠʩʘʥʠʝ ʦʩʝʡ ʛʨʘʬʠʢʘ: 

ʆʩʴ X ʈʝʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ Psycho-emotional exhaustion 

ʆʩʴ Y ʇʨʝʜʩʢʘʟʘʥʥʳʝ ʤʦʜʝʣʴʶ ʟʥʘʯʝʥʠʷ Psycho-emotional exhaustion 

ʆʙʦʟʥʘʯʝʥʠʷ ʥʘ ʛʨʘʬʠʢʝ: 

ʉʠʥʷʷ 

ʪʦʯʢʘ 

ʧʨʝʜʩʢʘʟʘʥʥʳʝ ʤʦʜʝʣʴʶ ʟʥʘʯʝʥʠʷ ʜʣʷ ʢʘʞʜʦʛʦ ʥʘʙʣʶʜʝʥʠʷ. 

ʂʘʞʜʘʷ ʪʦʯʢʘ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʦʜʥʦʤʫ ʦʙʲʝʢʪʫ ʠʟ ʪʝʩʪʦʚʦʡ 

ʚʳʙʦʨʢʠ 

ʂʨʘʩʥʘʷ 

ʧʫʥʢʪʠʨʥʘʷ 

ʣʠʥʠʷ 

ʣʠʥʠʷ ʠʜʝʘʣʴʥʦʛʦ ʩʦʦʪʚʝʪʩʪʚʠʷ, ʢʦʪʦʨʘʷ ʧʦʢʘʟʳʚʘʝʪ, ʛʜʝ 

ʜʦʣʞʥʳ ʥʘʭʦʜʠʪʴʩʷ ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ, ʝʩʣʠ ʙʳ ʦʥʘ ʜʘʚʘʣʘ 

ʘʙʩʦʣʶʪʥʦ ʪʦʯʥʳʝ ʧʨʦʛʥʦʟʳ. ɽʩʣʠ ʪʦʯʢʠ ʨʘʩʧʦʣʦʞʝʥʳ ʩʪʨʦʛʦ 

ʥʘ ʜʘʥʥʦʡ ʣʠʥʠʠ, ʪʦ ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ ʧʦʣʥʦʩʪʴʶ 

ʩʦʚʧʘʜʘʶʪ ʩ ʨʝʘʣʴʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. ʏʝʤ ʜʘʣʴʰʝ ʪʦʯʢʠ 

ʦʪʢʣʦʥʷʶʪʩʷ ʦʪ ʢʨʘʩʥʦʡ ʣʠʥʠʠ, ʪʝʤ ʙʦʣʴʰʝ ʦʰʠʙʢʘ 

ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ. 
 

ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʥʩʘʤʙʣʝʚʳʭ ʤʝʪʦʜʦʚ ʧʨʝʜʩʪʘʚʣʝʥʳ, ʚ 

ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.7, ʧʦʜʪʚʝʨʞʜʘʝʪ ʚʳʩʦʢʫʶ ʧʨʦʛʥʦʩʪʠʯʝʩʢʫʶ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʚʩʝʭ ʠʩʩʣʝʜʫʝʤʳʭ ʤʦʜʝʣʝʡ. ʇʨʠʤʝʥʝʥʠʝ ʘʣʛʦʨʠʪʤʘ Random 

Forest ʧʦʟʚʦʣʠʣʦ ʜʦʩʪʠʯʴ ʩʪʘʙʠʣʴʥʦ ʥʠʟʢʠʭ ʟʥʘʯʝʥʠʡ, ʯʪʦ ʫʢʘʟʳʚʘʝʪ ʥʘ 

ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʤʦʜʝʣʠ ʢ ʩʪʘʪʠʩʪʠʯʝʩʢʠʤ ʚʳʙʨʦʩʘʤ. 

ʄʝʪʦʜʳ ʛʨʘʜʠʝʥʪʥʦʛʦ ʙʫʩʪʠʥʛʘ ʠ XGBoost ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʠ ʩʭʦʞʠʡ 

ʭʘʨʘʢʪʝʨ ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʦʰʠʙʦʢ, ʘʣʛʦʨʠʪʤ CatBoost ʧʨʦʷʚʠʣ ʩʝʙʷ ʢʘʢ ʥʘʠʙʦʣʝʝ 

ʯʫʚʩʪʚʠʪʝʣʴʥʳʡ ʠʥʩʪʨʫʤʝʥʪ ʧʨʠ ʚʳʷʚʣʝʥʠʠ ʩʣʦʞʥʳʭ ʥʝʣʠʥʝʡʥʳʭ ʩʚʷʟʝʡ ʚ 

ʩʪʨʫʢʪʫʨʝ ʚʳʙʦʨʢʠ. ʆʪʩʫʪʩʪʚʠʝ ʚʳʨʘʞʝʥʥʳʭ ʩʠʩʪʝʤʘʪʠʯʝʩʢʠʭ ʠʩʢʘʞʝʥʠʡ ʚ 

ʨʝʟʫʣʴʪʘʪʘʭ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦʙ ʘʜʝʢʚʘʪʥʦʩʪʠ ʚʳʙʨʘʥʥʳʭ 

ʧʦʜʭʦʜʦʚ ʠ ʢʦʨʨʝʢʪʥʦʩʪʠ ʠʭ ʥʘʩʪʨʦʡʢʠ.  

 

 
 

ʈʠʩʫʥʦʢ 2.7 - ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʥʩʘʤʙʣʝʚʳʭ ʤʝʪʦʜʦʚ 
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ɺ ʠʪʦʛʝ ʩʦʧʦʩʪʘʚʣʝʥʠʝ ʧʦʣʫʯʝʥʥʳʭ ʤʝʪʨʠʢ ʧʦʟʚʦʣʷʝʪ ʦʙʦʩʥʦʚʘʪʴ 

ʧʨʝʠʤʫʱʝʩʪʚʦ ʘʥʩʘʤʙʣʝʚʳʭ ʘʨʭʠʪʝʢʪʫʨ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ ʜʦʩʪʦʚʝʨʥʦʛʦ 

ʧʨʦʛʥʦʟʘ ʚ ʨʘʤʢʘʭ ʧʨʝʜʩʪʘʚʣʝʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ. 

ɺʩʝ ʤʦʜʝʣʠ ʠʤʝʶʪ ʪʨʫʜʥʦʩʪʠ ʩ ʧʨʝʜʩʢʘʟʘʥʠʝʤ ʙʦʣʴʰʠʭ ʟʥʘʯʝʥʠʡ 

Psycho-emotional exhaustion, ʯʪʦ ʤʦʞʝʪ ʙʳʪʴ ʩʚʷʟʘʥʦ ʩ ʦʛʨʘʥʠʯʝʥʥʳʤ 

ʢʦʣʠʯʝʩʪʚʦʤ ʜʘʥʥʳʭ ʚ ʵʪʦʤ ʜʠʘʧʘʟʦʥʝ. ʈʝʢʦʤʝʥʜʘʮʠʠ ʧʨʝʜʣʦʞʝʥʥʳʝ 

ʧʦʢʘʟʘʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.8. 
 

 
 

ʈʠʩʫʥʦʢ 2.8 - ʈʝʢʦʤʝʥʜʘʮʠʠ 
 

CatBoost ʠ XGBoost ʷʚʣʷʶʪʩʷ ʥʘʠʙʦʣʝʝ ʧʝʨʩʧʝʢʪʠʚʥʳʤʠ ʤʦʜʝʣʷʤʠ ʜʣʷ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʥʦ ʚʩʝ ʞʝ ʪʨʝʙʫʶʪ 

ʜʦʨʘʙʦʪʢʠ ʠ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ. ɺʳʚʦʜʳ ʧʦ ʘʣʛʦʨʠʪʤʘʤ ʧʨʝʜʩʪʘʚʣʝʥʳ, 

ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.9. 
 

 
 

ʈʠʩʫʥʦʢ 2.9 - ɺʳʚʦʜʳ ʧʦ ʘʣʛʦʨʠʪʤʘʤ 

 

CatBoost ʠ XGBoost ʧʦʢʘʟʳʚʘʶʪ ʥʘʠʣʫʯʰʠʝ ʨʝʟʫʣʴʪʘʪʳ ʩʨʝʜʠ 

ʧʨʝʜʩʪʘʚʣʝʥʥʳʭ ʤʦʜʝʣʝʡ. 

ʈʝʢʫʨʨʝʥʪʥʳʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ. ʇʨʝʜʩʪʘʚʣʝʥʦ ʩʨʘʚʥʝʥʠʝ ʨʝʘʣʴʥʳʭ ʠ 

ʧʨʝʜʩʢʘʟʘʥʥʳʭ ʟʥʘʯʝʥʠʡ ʫʨʦʚʥʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ (Psycho-

emotional exhaustion), ʧʦʣʫʯʝʥʥʳʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʥʝʡʨʦʥʥʦʡ ʩʝʪʠ LSTM, ʚ 

ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.10. 
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ʈʠʩʫʥʦʢ 2.10 - ɻʨʘʬʠʢ ʧʨʝʜʩʢʘʟʘʥʠʡ ʤʦʜʝʣʠ LSTM 
 

ɸʥʘʣʠʟ ʠ ʦʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ ʧʨʝʜʩʪʘʚʣʝʥ ʚ ʪʘʙʣʠʮʝ 2.6. 
 

ʊʘʙʣʠʮʘ 2.6 - ʆʧʠʩʘʥʠʝ ʛʨʘʬʠʢʦʚ 

 

ʆʧʠʩʘʥʠʝ ʦʩʝʡ ʛʨʘʬʠʢʘ: 

ʆʩʴ X ʈʝʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ Psycho-emotional exhaustion 

ʆʩʴ Y ʇʨʝʜʩʢʘʟʘʥʥʳʝ ʤʦʜʝʣʴʶ ʟʥʘʯʝʥʠʷ Psycho-emotional exhaustion 

ʆʙʦʟʥʘʯʝʥʠʷ ʥʘ ʛʨʘʬʠʢʝ: 

ʉʠʥʷʷ 

ʪʦʯʢʘ 

ʧʨʝʜʩʢʘʟʘʥʥʳʝ ʤʦʜʝʣʴʶ ʟʥʘʯʝʥʠʷ ʜʣʷ ʢʘʞʜʦʛʦ ʥʘʙʣʶʜʝʥʠʷ. 

ʂʘʞʜʘʷ ʪʦʯʢʘ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʦʜʥʦʤʫ ʦʙʲʝʢʪʫ ʠʟ ʪʝʩʪʦʚʦʡ 

ʚʳʙʦʨʢʠ 

ʂʨʘʩʥʘʷ 

ʧʫʥʢʪʠʨʥʘʷ 

ʣʠʥʠʷ 

ʣʠʥʠʷ ʠʜʝʘʣʴʥʦʛʦ ʩʦʦʪʚʝʪʩʪʚʠʷ, ʢʦʪʦʨʘʷ ʧʦʢʘʟʳʚʘʝʪ, ʛʜʝ 

ʜʦʣʞʥʳ ʥʘʭʦʜʠʪʴʩʷ ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ, ʝʩʣʠ ʙʳ ʦʥʘ ʜʘʚʘʣʘ 

ʘʙʩʦʣʶʪʥʦ ʪʦʯʥʳʝ ʧʨʦʛʥʦʟʳ. ɽʩʣʠ ʪʦʯʢʠ ʨʘʩʧʦʣʦʞʝʥʳ ʩʪʨʦʛʦ 

ʥʘ ʜʘʥʥʦʡ ʣʠʥʠʠ, ʪʦ ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ ʧʦʣʥʦʩʪʴʶ 

ʩʦʚʧʘʜʘʶʪ ʩ ʨʝʘʣʴʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. ʏʝʤ ʜʘʣʴʰʝ ʪʦʯʢʠ 

ʦʪʢʣʦʥʷʶʪʩʷ ʦʪ ʢʨʘʩʥʦʡ ʣʠʥʠʠ, ʪʝʤ ʙʦʣʴʰʝ ʦʰʠʙʢʘ 

ʧʨʝʜʩʢʘʟʘʥʠʷ ʤʦʜʝʣʠ. 

 

ʈʝʟʫʣʴʪʘʪʳ ʵʢʩʧʝʨʠʤʝʥʪʦʚ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʠ, ʯʪʦ ʤʦʜʝʣʴ LSTM 

ʧʨʝʚʦʩʭʦʜʠʪ ʪʨʘʜʠʮʠʦʥʥʳʝ ʨʝʛʨʝʩʩʠʦʥʥʳʝ ʤʦʜʝʣʠ ʠ ʘʣʛʦʨʠʪʤʳ ʛʨʘʜʠʝʥʪʥʦʛʦ 

ʙʫʩʪʠʥʛʘ ʧʦ ʪʦʯʥʦʩʪʠ ʧʨʝʜʩʢʘʟʘʥʠʡ. ʇʨʝʜʩʢʘʟʘʥʥʳʝ ʟʥʘʯʝʥʠʷ, ʧʨʘʢʪʠʯʝʩʢʠ 

ʩʦʚʧʘʜʘʶʪ ʩ ʨʝʘʣʴʥʳʤʠ ʜʘʥʥʳʤʠ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʠ 

ʤʦʜʝʣʠ ʠ ʝʝ ʩʧʦʩʦʙʥʦʩʪʠ ʵʬʬʝʢʪʠʚʥʦ ʫʣʘʚʣʠʚʘʪʴ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ 

ʟʘʚʠʩʠʤʦʩʪʠ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.11. 

ʆʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ʧʨʝʠʤʫʱʝʩʪʚ LSTM ̫ʚʣʷʝʪʩʷ ʝʝ ʩʧʦʩʦʙʥʦʩʪʴ 

ʫʯʠʪʳʚʘʪʴ ʚʨʝʤʝʥʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʚ ʜʘʥʥʳʭ, ʯʪʦ ʫʣʫʯʰʘʝʪ ʢʘʯʝʩʪʚʦ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʢʣʘʩʩʠʯʝʩʢʠʤʠ ʤʝʪʦʜʘʤʠ ʤʘʰʠʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʪʘʢʠʤʠ ʢʘʢ ʣʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Ridge, Lasso, ʩʣʫʯʘʡʥʳʡ ʣʝʩ, 

ʛʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ ʠ XGBoost. 
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ʈʠʩʫʥʦʢ 2.11 - ʇʨʝʠʤʫʱʝʩʪʚʘ ʤʦʜʝʣʠ LSTM 

 

ɺ ʦʪʣʠʯʠʝ ʦʪ ʩʪʘʥʜʘʨʪʥʳʭ ʤʦʜʝʣʝʡ, ʢʦʪʦʨʳʝ ʥʝ ʦʙʣʘʜʘʶʪ ʤʝʭʘʥʠʟʤʘʤʠ 

ʦʙʨʘʙʦʪʢʠ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ, LSTM ʩʧʦʩʦʙʥʘ ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʠʩʪʦʨʠʯʝʩʢʠʝ 

ʜʘʥʥʳʝ ʠ ʚʳʷʚʣʷʪʴ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ, ʯʪʦ ʜʝʣʘʝʪ ʝʝ ʦʩʦʙʝʥʥʦ ʧʦʣʝʟʥʦʡ ʚ ʟʘʜʘʯʘʭ 

ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ. 

ʈʝʟʫʣʴʪʘʪʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ ʤʦʜʝʣʴ LSTM ʥʝ ʧʦʜʚʝʨʞʝʥʘ ʟʥʘʯʠʪʝʣʴʥʳʤ 

ʦʰʠʙʢʘʤ ʧʨʝʜʩʢʘʟʘʥʠʷ ʠ ʥʝ ʠʤʝʝʪ ʚʳʨʘʞʝʥʥʦʡ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʢ ʚʳʙʨʦʩʘʤ, 

ʯʪʦ ʜʝʣʘʝʪ ʝʝ ʥʘʜʝʞʥʳʤ ʠʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. ʆʜʥʘʢʦ, 

ʥʝʩʤʦʪʨʷ ʥʘ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ, ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʜʘʥʥʦʡ ʤʦʜʝʣʠ ʩʦʧʨʷʞʝʥʦ ʩ 

ʨʠʩʢʦʤ ʧʝʨʝʦʙʫʯʝʥʠʷ, ʦʩʦʙʝʥʥʦ ʧʨʠ ʥʝʜʦʩʪʘʪʦʯʥʦʤ ʦʙʲʝʤʝ ʜʘʥʥʳʭ ʠʣʠ ʧʨʠ 

ʯʨʝʟʤʝʨʥʦ ʩʣʦʞʥʦʡ ʘʨʭʠʪʝʢʪʫʨʝ ʩʝʪʠ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʩʠʪʫʘʮʠʠ, ʢʦʛʜʘ ʤʦʜʝʣʴ 

ʟʘʧʦʤʠʥʘʝʪ ʦʙʫʯʘʶʱʠʝ ʜʘʥʥʳʝ, ʥʦ ʧʣʦʭʦ ʦʙʦʙʱʘʝʪ ʥʦʚʳʝ ʧʨʠʤʝʨʳ, ʩʥʠʞʘʷ ʝʝ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʥʘ ʪʝʩʪʦʚʦʡ ʚʳʙʦʨʢʝ. ʄʦʜʝʣʴ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʚʳʩʦʢʫʶ 

ʪʦʯʥʦʩʪʴ, ʥʦ ʚʦʟʤʦʞʥʘ ʧʝʨʝʧʦʜʛʦʥʢʘ, ʯʪʦ ʪʨʝʙʫʝʪ ʧʨʠʤʝʥʝʥʠʷ ʨʝʛʫʣʷʨʠʟʘʮʠʠ, 

ʦʧʪʠʤʠʟʘʮʠʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ ʠ ʫʚʝʣʠʯʝʥʠʷ ʦʙʲʝʤʘ ʪʨʝʥʠʨʦʚʦʯʥʳʭ ʜʘʥʥʳʭ 

ʜʣʷ ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ ʜʘʥʥʦʛʦ ʵʬʬʝʢʪʘ. 

ʇʨʠʤʝʥʝʥʠʝ LSTM ʚ ʟʘʜʘʯʝ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʠʩʪʦʱʝʥʠʷ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʦ ʟʥʘʯʠʪʝʣʴʥʳʝ ʧʨʝʠʤʫʱʝʩʪʚʘ ʧʝʨʝʜ 

ʢʣʘʩʩʠʯʝʩʢʠʤʠ ʤʝʪʦʜʘʤʠ, ʦʩʦʙʝʥʥʦ ʚ ʢʦʥʪʝʢʩʪʝ ʘʥʘʣʠʟʘ ʚʨʝʤʝʥʥʳʭ ʜʘʥʥʳʭ. 

ɼʘʥʥʳʡ ʧʦʜʭʦʜ ʤʦʞʝʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥ ʜʣʷ ʵʬʬʝʢʪʠʚʥʦʛʦ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʥʘ ʦʩʥʦʚʝ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ, ʦʙʝʩʧʝʯʠʚʘʷ ʙʦʣʝʝ ʪʦʯʥʳʝ ʠ ʫʩʪʦʡʯʠʚʳʝ 

ʨʝʟʫʣʴʪʘʪʳ. ʆʜʥʘʢʦ ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʥʘʜʝʞʥʦʩʪʠ ʤʦʜʝʣʠ ʥʝʦʙʭʦʜʠʤʦ 

ʫʯʠʪʳʚʘʪʴ ʨʠʩʢ ʧʝʨʝʦʙʫʯʝʥʠʷ ʠ ʧʨʠʤʝʥʷʪʴ ʩʦʦʪʚʝʪʩʪʚʫʶʱʠʝ ʤʝʪʦʜʳ ʝʛʦ 

ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ. 

ʇʦʩʣʝ ʪʝʩʪʠʨʦʚʘʥʠʷ ʚʩʝʭ ʧʨʝʜʩʪʘʚʣʝʥʥʳʭ ʘʣʛʦʨʠʪʤʦʚ, ʙʳʣʠ ʚʳʙʨʘʥʳ 

CatBoost ʠ XGBoost ʜʣʷ ʜʘʣʴʥʝʡʰʠʭ ʵʢʩʧʝʨʠʤʝʥʪʦʚ, ʪʘʢ ʢʘʢ ʧʦʢʘʟʘʣʠ 

ʥʘʠʣʫʯʰʠʝ ʨʝʟʫʣʴʪʘʪʳ ʩʨʝʜʠ ʧʨʝʜʩʪʘʚʣʝʥʥʳʭ ʤʦʜʝʣʝʡ, ʘ ʪʘʢʞʝ ʧʨʠʤʝʥʝʥʠʝ 

LSTM ʚ ʟʘʜʘʯʝ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ 

ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʦ ʟʥʘʯʠʪʝʣʴʥʳʝ ʧʨʝʠʤʫʱʝʩʪʚʘ ʧʝʨʝʜ ʢʣʘʩʩʠʯʝʩʢʠʤʠ 

ʤʝʪʦʜʘʤʠ. ɹʳʣʦ ʧʨʠʥʷʪʦ ʨʝʰʝʥʠʝ ʧʨʦʪʝʩʪʠʨʦʚʘʪʴ ʠʭ ʝʱʝ ʨʘʟ. ʈʝʟʫʣʴʪʘʪʳ 
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ʧʨʝʜʩʪʘʚʣʝʥʳ ʥʠʞʝ. ɸʥʘʣʠʟ ʨʝʟʫʣʴʪʘʪʦʚ ʧʨʠʤʝʥʝʥʠʷ Lasso-ʨʝʛʨʝʩʩʠʠ, ʚ 

ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.12. 
 

 
 

ʈʠʩʫʥʦʢ 2.12 - ɻʨʘʬʠʢ Lasso-ʨʝʛʨʝʩʩʠʠ 
 

ʈʝʟʫʣʴʪʘʪʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ Lasso-ʨʝʛʨʝʩʩʠʠ ʧʦʢʘʟʘʣʠ ʝʝ ʦʛʨʘʥʠʯʝʥʥʳʝ ʚʦʟʤʦʞʥʦʩʪʠ ʚ 

ʜʘʥʥʦʡ ʟʘʜʘʯʝ. ɺʳʩʦʢʘʷ ʩʪʝʧʝʥʴ ʨʝʛʫʣʷʨʠʟʘʮʠʠ ʧʨʠʚʦʜʠʪ ʢ ʯʨʝʟʤʝʨʥʦʤʫ 

ʩʛʣʘʞʠʚʘʥʠʶ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʯʪʦ ʩʥʠʞʘʝʪ ʠʭ ʚʘʨʠʘʪʠʚʥʦʩʪʴ ʠ ʜʝʣʘʝʪ ʤʦʜʝʣʴ 

ʥʝʩʧʦʩʦʙʥʦʡ ʢʦʨʨʝʢʪʥʦ ʧʨʝʜʩʢʘʟʳʚʘʪʴ ʵʢʩʪʨʝʤʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ. ʏʨʝʟʤʝʨʥʦʝ 

ʰʪʨʘʬʦʚʘʥʠʝ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʧʨʠʚʦʜʠʪ ʢ ʦʙʥʫʣʝʥʠʶ ʤʘʣʦʟʥʘʯʠʤʳʭ 

ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʤʦʞʝʪ ʧʨʠʚʦʜʠʪʴ ʢ ʧʦʪʝʨʝ ʚʘʞʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. ʄʦʜʝʣʴ ʪʘʢʞʝ 

ʥʝ ʩʧʨʘʚʣʷʝʪʩʷ ʩ ʚʳʷʚʣʝʥʠʝʤ ʩʣʦʞʥʳʭ ʥʝʣʠʥʝʡʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ, ʯʪʦ 

ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʝ ʧʨʝʜʩʢʘʟʘʪʝʣʴʥʫʶ ʩʧʦʩʦʙʥʦʩʪʴ ʠ ʧʨʠʚʦʜʠʪ ʢ 

ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʤʫ ʟʘʥʠʞʝʥʠʶ ʧʨʦʛʥʦʟʦʚ. ɿʥʘʯʝʥʠʷ ʧʨʝʜʩʢʘʟʘʥʠʡ ʦʩʪʘʶʪʩʷ ʚ 

ʫʟʢʦʤ ʜʠʘʧʘʟʦʥʝ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʚʳʩʦʢʦʤ ʫʨʦʚʥʝ ʩʤʝʱʝʥʠʷ (bias) ʠ 

ʥʝʜʦʩʪʘʪʦʯʥʦʡ ʛʠʙʢʦʩʪʠ ʤʦʜʝʣʠ. 

Lasso-ʨʝʛʨʝʩʩʠʷ ʥʝ ʷʚʣʷʝʪʩʷ ʦʧʪʠʤʘʣʴʥʦʡ ʜʣʷ ʜʘʥʥʦʡ ʟʘʜʘʯʠ ʠʟ-ʟʘ ʝʝ 

ʩʢʣʦʥʥʦʩʪʠ ʢ ʯʨʝʟʤʝʨʥʦʤʫ ʫʧʨʦʱʝʥʠʶ ʤʦʜʝʣʠ. ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʪʦʯʥʦʩʪʠ 

ʧʨʝʜʩʢʘʟʘʥʠʡ ʤʦʞʥʦ ʨʘʩʩʤʦʪʨʝʪʴ ʩʥʠʞʝʥʠʝ ʫʨʦʚʥʷ ʨʝʛʫʣʷʨʠʟʘʮʠʠ (ʤʝʥʴʰʠʡ 

ʢʦʵʬʬʠʮʠʝʥʪ Ŭ), ʯʪʦʙʳ ʠʟʙʝʞʘʪʴ ʩʠʣʴʥʦʛʦ ʦʙʥʫʣʝʥʠʷ ʢʦʵʬʬʠʮʠʝʥʪʦʚ. ɺ 

ʢʘʯʝʩʪʚʝ ʘʣʴʪʝʨʥʘʪʠʚʥʦʛʦ ʤʝʪʦʜʘ ʤʦʞʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴ Ridge-ʨʝʛʨʝʩʩʠʶ, 

ʢʦʪʦʨʘʷ ʠʩʧʦʣʴʟʫʝʪ L2-ʨʝʛʫʣʷʨʠʟʘʮʠʶ ʠ ʤʝʥʝʝ ʘʛʨʝʩʩʠʚʥʦ ʰʪʨʘʬʫʝʪ 

ʧʘʨʘʤʝʪʨʳ, ʧʦʟʚʦʣʷʷ ʤʦʜʝʣʠ ʣʫʯʰʝ ʫʯʠʪʳʚʘʪʴ ʦʩʦʙʝʥʥʦʩʪʠ ʜʘʥʥʳʭ. ɹʦʣʝʝ 

ʵʬʬʝʢʪʠʚʥʳʤʠ ʤʦʛʫʪ ʙʳʪʴ ʘʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ, ʪʘʢʠʝ ʢʘʢ Random Forest, 

XGBoost ʠʣʠ CatBoost, ʢʦʪʦʨʳʝ ʦʙʣʘʜʘʶʪ ʣʫʯʰʝʡ ʩʧʦʩʦʙʥʦʩʪʴʶ ʚʳʷʚʣʷʪʴ 

ʩʣʦʞʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ. ɽʩʣʠ ʞʝ ʜʘʥʥʳʝ ʦʙʣʘʜʘʶʪ ʚʨʝʤʝʥʥʦʡ ʩʪʨʫʢʪʫʨʦʡ, 

ʮʝʣʝʩʦʦʙʨʘʟʥʦ ʧʨʠʤʝʥʝʥʠʝ ʛʣʫʙʦʢʠʭ ʥʝʡʨʦʩʝʪʝʚʳʭ ʤʦʜʝʣʝʡ, ʥʘʧʨʠʤʝʨ, 

LSTM, ʩʧʦʩʦʙʥʳʭ ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʠ ʫʯʠʪʳʚʘʪʴ 

ʜʦʣʛʦʩʨʦʯʥʳʝ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ. 

Lasso-ʨʝʛʨʝʩʩʠʷ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʘ ʥʠʟʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʚ ʜʘʥʥʦʡ 

ʟʘʜʘʯʝ, ʧʦʩʢʦʣʴʢʫ ʝʝ ʯʨʝʟʤʝʨʥʘʷ ʨʝʛʫʣʷʨʠʟʘʮʠʷ ʦʛʨʘʥʠʯʠʚʘʝʪ 

ʧʨʝʜʩʢʘʟʘʪʝʣʴʥʳʝ ʚʦʟʤʦʞʥʦʩʪʠ ʤʦʜʝʣʠ. ɿʘʤʝʥʘ Lasso ʥʘ ʙʦʣʝʝ ʤʦʱʥʳʝ 

ʘʣʛʦʨʠʪʤʳ ʧʦʟʚʦʣʠʪ ʟʥʘʯʠʪʝʣʴʥʦ ʧʦʚʳʩʠʪʴ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ 
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ʣʫʯʰʝ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʩʣʦʞʥʳʤ ʟʘʚʠʩʠʤʦʩʪʷʤ ʚ ʜʘʥʥʳʭ. ɸʥʘʣʠʟ ʨʝʟʫʣʴʪʘʪʦʚ 

ʧʨʠʤʝʥʝʥʠʷ Ridge-ʨʝʛʨʝʩʩʠʠ ʧʨʝʜʩʪʘʚʣʝʥ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.13. 
 

 
 

ʈʠʩʫʥʦʢ 2.13 - ɻʨʘʬʠʢ Ridge -ʨʝʛʨʝʩʩʠʠ 

 

ʇʨʠʤʝʥʝʥʠʝ Ridge-ʨʝʛʨʝʩʩʠʠ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ ʚʳʷʚʠʣʦ ʝʝ ʦʛʨʘʥʠʯʝʥʠʷ ʚ ʜʘʥʥʦʡ ʟʘʜʘʯʝ. 

ʉʨʘʚʥʝʥʠʝ ʧʨʝʜʩʢʘʟʘʥʥʳʭ ʠ ʨʝʘʣʴʥʳʭ ʟʥʘʯʝʥʠʡ ʧʦʢʘʟʘʣʦ, ʯʪʦ ʤʦʜʝʣʴ 

ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʫʟʢʠʡ ʜʠʘʧʘʟʦʥ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʩʠʣʴʥʦʤ 

ʵʬʬʝʢʪʝ ʨʝʛʫʣʷʨʠʟʘʮʠʠ. 

ʆʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ʥʝʜʦʩʪʘʪʢʦʚ ʷʚʣʷʝʪʩʷ ʦʛʨʘʥʠʯʝʥʠʝ ʚ ʚʘʨʠʘʪʠʚʥʦʩʪʠ 

ʧʨʝʜʩʢʘʟʘʥʠʡ: ʜʘʞʝ ʧʨʠ ʟʥʘʯʠʪʝʣʴʥʳʭ ʨʝʘʣʴʥʳʭ ʟʥʘʯʝʥʠʷʭ (500-800), ʤʦʜʝʣʴ -

ʧʨʝʜʩʢʘʟʳʚʘʝʪ ʟʥʘʯʝʥʠʷ, ʩʢʦʥʮʝʥʪʨʠʨʦʚʘʥʥʳʝ ʚ ʜʠʘʧʘʟʦʥʝ 50-100. ʕʪʦ 

ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʯʨʝʟʤʝʨʥʦʤ ʩʛʣʘʞʠʚʘʥʠʠ ʤʦʜʝʣʠ, ʚʳʟʚʘʥʥʦʤ L2-

ʨʝʛʫʣʷʨʠʟʘʮʠʝʡ, ʢʦʪʦʨʘʷ ʰʪʨʘʬʫʝʪ ʙʦʣʴʰʠʝ ʢʦʵʬʬʠʮʠʝʥʪʳ, ʫʤʝʥʴʰʘʷ 

ʚʣʠʷʥʠʝ ʥʝʢʦʪʦʨʳʭ ʧʝʨʝʤʝʥʥʳʭ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʤʦʜʝʣʴ ʥʝʜʦʦʙʫʯʘʝʪʩʷ ʠ 

ʩʪʘʥʦʚʠʪʩʷ ʥʝʩʧʦʩʦʙʥʦʡ ʘʜʝʢʚʘʪʥʦ ʧʨʝʜʩʢʘʟʳʚʘʪʴ ʰʠʨʦʢʠʡ ʜʠʘʧʘʟʦʥ 

ʟʥʘʯʝʥʠʡ. 

ʅʠʟʢʘʷ ʢʦʨʨʝʣʷʮʠʷ ʤʝʞʜʫ ʨʝʘʣʴʥʳʤʠ ʠ ʧʨʝʜʩʢʘʟʘʥʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ 

ʫʢʘʟʳʚʘʝʪ ʥʘ ʪʦ, ʯʪʦ ʤʦʜʝʣʴ ʧʣʦʭʦ ʦʪʨʘʞʘʝʪ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ ʚ ʜʘʥʥʳʭ. ɺ 

ʠʜʝʘʣʝ Ridge-ʨʝʛʨʝʩʩʠʷ ʜʦʣʞʥʘ ʜʝʤʦʥʩʪʨʠʨʦʚʘʪʴ ʣʠʥʝʡʥʫʶ ʟʘʚʠʩʠʤʦʩʪʴ 

ʤʝʞʜʫ ʨʝʘʣʴʥʳʤʠ ʠ ʧʨʦʛʥʦʟʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ, ʦʜʥʘʢʦ ʚ ʜʘʥʥʦʤ ʩʣʫʯʘʝ 

ʙʦʣʴʰʠʥʩʪʚʦ ʧʨʝʜʩʢʘʟʘʥʠʡ ʦʪʢʣʦʥʷʝʪʩʷ ʦʪ ʠʜʝʘʣʴʥʦʡ ʣʠʥʠʠ, ʯʪʦ 

ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʨʦʙʣʝʤʫ ʥʝʜʦʦʙʫʯʝʥʠʷ ʠ ʧʨʠʯʠʥʦʡ ʪʘʢʠʭ ʨʝʟʫʣʴʪʘʪʦʚ ʤʦʞʝʪ 

ʙʳʪʴ ʥʝ ʪʦʣʴʢʦ ʚʳʩʦʢʘʷ ʩʪʝʧʝʥʴ ʨʝʛʫʣʷʨʠʟʘʮʠʠ, ʥʦ ʠ ʥʝʧʦʜʭʦʜʷʱʘʷ ʧʨʠʨʦʜʘ 

ʜʘʥʥʳʭ ʜʣʷ ʣʠʥʝʡʥʳʭ ʤʝʪʦʜʦʚ. Ridge-ʨʝʛʨʝʩʩʠʷ ʭʦʨʦʰʦ ʨʘʙʦʪʘʝʪ, ʢʦʛʜʘ 

ʟʘʚʠʩʠʤʦʩʪʴ ʤʝʞʜʫ ʧʝʨʝʤʝʥʥʳʤʠ ʷʚʣʷʝʪʩʷ ʣʠʥʝʡʥʦʡ, ʦʜʥʘʢʦ ʝʩʣʠ ʚ ʜʘʥʥʳʭ 

ʧʨʠʩʫʪʩʪʚʫʶʪ ʩʣʦʞʥʳʝ ʥʝʣʠʥʝʡʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ, ʦʥʘ ʥʝ ʩʤʦʞʝʪ ʠʭ ʢʦʨʨʝʢʪʥʦ 

ʤʦʜʝʣʠʨʦʚʘʪʴ. 

ʈʝʟʫʣʴʪʘʪʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ, ʯʪʦ Ridge-ʨʝʛʨʝʩʩʠʷ ʥʝ ʷʚʣʷʝʪʩʷ 

ʦʧʪʠʤʘʣʴʥʦʡ ʤʦʜʝʣʴʶ ʜʣʷ ʜʘʥʥʦʡ ʟʘʜʘʯʠ, ʧʦʩʢʦʣʴʢʫ ʯʨʝʟʤʝʨʥʦʝ ʫʩʨʝʜʥʝʥʠʝ 

ʧʨʝʜʩʢʘʟʘʥʠʡ ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʝ ʧʨʝʜʩʢʘʟʘʪʝʣʴʥʫʶ ʩʧʦʩʦʙʥʦʩʪʴ. ɺʳʩʦʢʠʡ 
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ʫʨʦʚʝʥʴ ʨʝʛʫʣʷʨʠʟʘʮʠʠ ʧʨʠʚʦʜʠʪ ʢ ʪʦʤʫ, ʯʪʦ ʤʦʜʝʣʴ ʪʝʨʷʝʪ ʚʘʞʥʳʝ ʚʘʨʠʘʮʠʠ 

ʚ ʜʘʥʥʳʭ, ʯʪʦ, ʚ ʩʚʦʶ ʦʯʝʨʝʜʴ, ʩʥʠʞʘʝʪ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʦʚ. ɸʥʘʣʠʟ 

ʨʝʟʫʣʴʪʘʪʦʚ ʧʨʠʤʝʥʝʥʠʷ LSTM, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 2.14. 

 

 
 

ʈʠʩʫʥʦʢ 2.14 - ʈʝʢʫʨʨʝʥʪʥʳʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ LSTM 
 

ʈʝʟʫʣʴʪʘʪʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʦʜʝʣʠ LSTM ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʧʨʘʢʪʠʯʝʩʢʠ ʠʜʝʘʣʴʥʫʶ 

ʢʦʨʨʝʣʷʮʠʶ ʤʝʞʜʫ ʧʨʝʜʩʢʘʟʘʥʥʳʤʠ ʠ ʨʝʘʣʴʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. ɼʘʥʥʳʡ ʬʘʢʪ 

ʧʦʜʪʚʝʨʞʜʘʝʪʩʷ ʪʝʤ, ʯʪʦ ʧʨʘʢʪʠʯʝʩʢʠ ʚʩʝ ʧʨʝʜʩʢʘʟʘʥʥʳʝ ʟʥʘʯʝʥʠʷ 

ʨʘʩʧʦʣʦʞʝʥʳ ʥʘ ʜʠʘʛʦʥʘʣʴʥʦʡ ʧʫʥʢʪʠʨʥʦʡ ʣʠʥʠʠ, ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʡ 

ʠʜʝʘʣʴʥʦʤʫ ʩʦʚʧʘʜʝʥʠʶ ʧʨʦʛʥʦʟʦʚ ʩ ʬʘʢʪʠʯʝʩʢʠʤʠ ʜʘʥʥʳʤʠ. ʕʪʦ 

ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʠ ʤʦʜʝʣʠ ʠ ʝʝ ʩʧʦʩʦʙʥʦʩʪʠ ʢ ʚʳʷʚʣʝʥʠʶ 

ʟʘʢʦʥʦʤʝʨʥʦʩʪʝʡ ʚ ʜʘʥʥʳʭ. ʆʩʦʙʝʥʥʦʩʪʠ ʠ ʠʥʪʝʨʧʨʝʪʘʮʠʷ ʨʝʟʫʣʴʪʘʪʦʚ 

ʧʦʢʘʟʘʥʳ ʥʘ ʨʠʩʫʥʢʝ 2.15. 

 

 
 

ʈʠʩʫʥʦʢ 2.15 - ʆʩʦʙʝʥʥʦʩʪʠ ʠ ʠʥʪʝʨʧʨʝʪʘʮʠʷ ʨʝʟʫʣʴʪʘʪʦʚ 

 

ɺʦʟʤʦʞʥʳʝ ʧʨʦʙʣʝʤʳ ʠ ʤʝʪʦʜʳ ʠʭ ʜʠʘʛʥʦʩʪʠʢʠ ʪʘʢʠʝ, ʢʘʢ ʨʠʩʢ 

ʧʝʨʝʧʦʜʛʦʥʢʠ, ʯʪʦ ʦʟʥʘʯʘʝʪ ʝʩʣʠ ʤʦʜʝʣʴ ʟʘʧʦʤʥʠʣʘ ʜʘʥʥʳʝ, ʘ ʥʝ ʥʘʫʯʠʣʘʩʴ ʠʭ 

ʦʙʦʙʱʘʪʴ, ʝʝ ʪʦʯʥʦʩʪʴ ʤʦʞʝʪ ʨʝʟʢʦ ʩʥʠʞʘʪʴʩʷ ʥʘ ʥʦʚʳʭ ʚʳʙʦʨʢʘʭ. ɼʣʷ 

ʧʨʦʚʝʨʢʠ ʦʙʦʙʱʘʶʱʝʡ ʩʧʦʩʦʙʥʦʩʪʠ ʨʝʢʦʤʝʥʜʫʝʪʩʷ ʧʨʦʪʝʩʪʠʨʦʚʘʪʴ ʤʦʜʝʣʴ ʥʘ 
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ʩʦʚʝʨʰʝʥʥʦ ʥʦʚʳʭ ʜʘʥʥʳʭ, ʥʝ ʠʩʧʦʣʴʟʦʚʘʚʰʠʭʩʷ ʚ ʧʨʦʮʝʩʩʝ ʦʙʫʯʝʥʠʷ, ʠ 

ʦʮʝʥʠʪʴ ʤʝʪʨʠʢʠ ʪʦʯʥʦʩʪʠ. ʄʦʜʝʣʴ LSTM ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʘ ʚʳʩʦʢʫʶ 

ʪʦʯʥʦʩʪʴ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪʩʷ ʤʠʥʠʤʘʣʴʥʳʤ ʨʘʩʭʦʞʜʝʥʠʝʤ 

ʤʝʞʜʫ ʬʘʢʪʠʯʝʩʢʠʤʠ ʠ ʧʨʦʛʥʦʟʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ. ʆʜʥʘʢʦ ʚʳʩʦʢʘʷ ʪʦʯʥʦʩʪʴ 

ʪʘʢʞʝ ʤʦʞʝʪ ʩʚʠʜʝʪʝʣʴʩʪʚʦʚʘʪʴ ʦ ʚʦʟʤʦʞʥʦʡ ʧʝʨʝʧʦʜʛʦʥʢʝ, ʯʪʦ ʪʨʝʙʫʝʪ 

ʜʦʧʦʣʥʠʪʝʣʴʥʦʡ ʧʨʦʚʝʨʢʠ.  

ɹʳʣʦ ʧʨʠʥʷʪʦ ʨʝʰʝʥʠʝ ʠʩʧʦʣʴʟʦʚʘʪʴ ʘʣʛʦʨʠʪʤ ʉʣʫʯʘʡʥʳʡ ʣʝʩ (Random 

Forest), ʧʦʩʢʦʣʴʢʫ ʦʥ ʦʙʣʘʜʘʝʪ ʚʳʩʦʢʦʡ ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʢ ʰʫʤʫ, ʵʬʬʝʢʪʠʚʥʦ 

ʚʳʷʚʣʷʝʪ ʩʣʦʞʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʠ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʩʪʘʙʠʣʴʥʳʝ ʧʨʝʜʩʢʘʟʘʥʠʷ. ɺ 

ʦʪʣʠʯʠʝ ʦʪ Ridge-ʨʝʛʨʝʩʩʠʠ, ʦʥ ʥʝ ʦʛʨʘʥʠʯʠʚʘʝʪ ʧʨʝʜʩʢʘʟʘʥʠʷ ʫʟʢʠʤ 

ʜʠʘʧʘʟʦʥʦʤ ʟʥʘʯʝʥʠʡ ʠ ʩʧʦʩʦʙʝʥ ʨʘʙʦʪʘʪʴ ʩ ʥʝʣʠʥʝʡʥʳʤʠ ʟʘʚʠʩʠʤʦʩʪʷʤʠ. 

Random Forest ʤʝʥʝʝ ʧʦʜʚʝʨʞʝʥ ʧʝʨʝʦʙʫʯʝʥʠʶ, ʯʝʤ ʛʨʘʜʠʝʥʪʥʳʡ ʙʫʩʪʠʥʛ, ʠ ʥʝ 

ʪʨʝʙʫʝʪ ʩʣʦʞʥʦʡ ʥʘʩʪʨʦʡʢʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ, ʯʪʦ ʜʝʣʘʝʪ ʝʛʦ ʫʜʦʙʥʳʤ ʜʣʷ 

ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʧʨʠʤʝʥʝʥʠʷ [101]. 

ʆʪʢʘʟ ʦʪ Lasso-ʨʝʛʨʝʩʩʠʠ ʦʙʫʩʣʦʚʣʝʥ ʝʝ ʩʢʣʦʥʥʦʩʪʴʶ ʢ ʯʨʝʟʤʝʨʥʦʤʫ 

ʦʙʥʫʣʝʥʠʶ ʢʦʵʬʬʠʮʠʝʥʪʦʚ, ʯʪʦ ʧʨʠʚʝʣʦ ʢ ʧʦʪʝʨʝ ʟʥʘʯʠʤʦʡ ʠʥʬʦʨʤʘʮʠʠ ʠ 

ʥʠʟʢʦʤʫ ʢʘʯʝʩʪʚʫ ʧʨʝʜʩʢʘʟʘʥʠʡ. ʄʦʜʝʣʴ ʧʦʢʘʟʘʣʘ ʩʣʘʙʫʶ ʩʧʦʩʦʙʥʦʩʪʴ ʢ 

ʘʧʧʨʦʢʩʠʤʘʮʠʠ ʩʣʦʞʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ, ʦʩʦʙʝʥʥʦ ʧʨʠ ʥʘʣʠʯʠʠ ʚʳʩʦʢʠʭ 

ʟʥʘʯʝʥʠʡ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ. ʅʝʩʤʦʪʨʷ ʥʘ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ LSTM, ʵʪʦʪ 

ʘʣʛʦʨʠʪʤ ʙʳʣ ʦʪʢʣʦʥʝʥ ʠʟ-ʟʘ ʩʣʦʞʥʦʩʪʠ ʦʙʫʯʝʥʠʷ, ʚʳʩʦʢʠʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ 

ʟʘʪʨʘʪ ʠ ʨʠʩʢʘ ʧʝʨʝʦʙʫʯʝʥʠʷ. ʄʦʜʝʣʴ LSTM ʪʨʝʙʫʝʪ ʙʦʣʴʰʦʛʦ ʦʙʲʝʤʘ ʜʘʥʥʳʭ 

ʠ ʪʱʘʪʝʣʴʥʦʡ ʥʘʩʪʨʦʡʢʠ ʧʘʨʘʤʝʪʨʦʚ ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʝʝ ʦʙʦʙʱʘʶʱʝʡ 

ʩʧʦʩʦʙʥʦʩʪʠ. ʂʨʦʤʝ ʪʦʛʦ, ʠʥʪʝʨʧʨʝʪʘʮʠʷ ʨʝʟʫʣʴʪʘʪʦʚ LSTM ʟʘʪʨʫʜʥʝʥʘ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ ʜʝʨʝʚʴʷʤʠ ʨʝʰʝʥʠʡ, ʯʪʦ ʜʝʣʘʝʪ Random Forest ʙʦʣʝʝ ʫʜʦʙʥʳʤ ʠ 

ʥʘʜʝʞʥʳʤ ʠʥʩʪʨʫʤʝʥʪʦʤ ʚ ʜʘʥʥʦʡ ʟʘʜʘʯʝ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, Random Forest, 

ʢʦʪʦʨʳʡ ʧʨʝʜʩʪʘʚʣʝʥ ʥʘ ʨʠʩʫʥʢʝ 2.16 ʙʳʣ ʚʳʙʨʘʥ ʢʘʢ ʩʙʘʣʘʥʩʠʨʦʚʘʥʥʦʝ 

ʨʝʰʝʥʠʝ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʝ ʦʧʪʠʤʘʣʴʥʦʝ ʩʦʯʝʪʘʥʠʝ ʪʦʯʥʦʩʪʠ, 

ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʠ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ. 
 

 
 

ʈʠʩʫʥʦʢ 2.16 - Random Forest 

 

ɻʨʘʬʠʢ ʧʨʝʜʩʢʘʟʘʥʠʡ ʤʦʜʝʣʠ Random Forest ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʩʨʘʚʥʝʥʠʝ 

ʨʝʘʣʴʥʳʭ ʠ ʧʨʦʛʥʦʟʠʨʫʝʤʳʭ ʟʥʘʯʝʥʠʡ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ. 

ʆʩʥʦʚʥʦʝ ʫʣʫʯʰʝʥʠʝ ʨʝʟʫʣʴʪʘʪʦʚ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʧʦʚʳʰʝʥʥʦʡ ʪʦʯʥʦʩʪʠ 
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ʧʨʝʜʩʢʘʟʘʥʠʡ, ʯʪʦ ʚʳʨʘʞʘʝʪʩʷ ʚ ʤʝʥʴʰʝʤ ʨʘʟʙʨʦʩʝ ʪʦʯʝʢ ʚʦʢʨʫʛ ʠʜʝʘʣʴʥʦʡ 

ʣʠʥʠʠ (y = x) ʠ ʙʦʣʝʝ ʪʦʯʥʦʤ ʤʦʜʝʣʠʨʦʚʘʥʠʠ ʚʳʩʦʢʠʭ ʟʥʘʯʝʥʠʡ. ɺ ʦʪʣʠʯʠʝ ʦʪ 

ʧʨʝʜʳʜʫʱʠʭ ʤʦʜʝʣʝʡ, ʧʨʝʜʩʢʘʟʘʥʥʳʝ ʟʥʘʯʝʥʠʷ ʙʣʠʞʝ ʢ ʬʘʢʪʠʯʝʩʢʠʤ, ʯʪʦ 

ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʪʦʤ, ʯʪʦ ʘʣʛʦʨʠʪʤ ʣʫʯʰʝ ʫʣʘʚʣʠʚʘʝʪ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ ʚ 

ʜʘʥʥʳʭ. 

ʆʜʥʠʤ ʠʟ ʬʘʢʪʦʨʦʚ ʫʣʫʯʰʝʥʠʷ ʧʨʝʜʩʢʘʟʘʥʠʡ ʩʪʘʣʦ ʨʘʩʰʠʨʝʥʠʝ ʥʘʙʦʨʘ 

ʧʨʠʟʥʘʢʦʚ, ʚʢʣʶʯʘʶʱʠʭ wellbeingHours0 (ʢʦʣʠʯʝʩʪʚʦ ʩʥʘ), intensity 

(ʠʥʪʝʥʩʠʚʥʦʩʪʴ ʘʢʪʠʚʥʦʩʪʠ), total_meals (ʢʦʣʠʯʝʩʪʚʦ ʧʨʠʝʤʦʚ ʧʠʱʠ), ʘ ʪʘʢʞʝ 

ʧʨʠʤʝʥʝʥʠʝ One-Hot Encoding ʜʣʷ student_id, ʯʪʦ ʧʦʟʚʦʣʠʣʦ ʫʯʝʩʪʴ 

ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ ʦʩʦʙʝʥʥʦʩʪʠ ʩʪʫʜʝʥʪʦʚ. ɺʘʞʥʦʡ ʤʦʜʠʬʠʢʘʮʠʝʡ ʪʘʢʞʝ ʩʪʘʣʦ 

ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ entry_date ʚ ʯʠʩʣʦʚʦʡ ʬʦʨʤʘʪ (Unix-ʚʨʝʤʷ), ʯʪʦ ʜʘʣʦ ʤʦʜʝʣʠ 

ʚʦʟʤʦʞʥʦʩʪʴ ʫʯʠʪʳʚʘʪʴ ʚʨʝʤʝʥʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ, ʢʦʪʦʨʳʝ ʨʘʥʝʝ ʤʦʛʣʠ 

ʪʝʨʷʪʴʩʷ ʧʨʠ ʠʩʧʦʣʴʟʦʚʘʥʠʠ ʜʘʪʳ ʢʘʢ ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ. 

ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʙʳʣʘ ʧʨʦʚʝʜʝʥʘ ʦʧʪʠʤʠʟʘʮʠʷ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ, ʚ 

ʯʘʩʪʥʦʩʪʠ, ʫʚʝʣʠʯʝʥʠʝ ʢʦʣʠʯʝʩʪʚʘ ʜʝʨʝʚʴʝʚ ʚ ʘʥʩʘʤʙʣʝ (n_estimators=100), ʯʪʦ 

ʧʦʟʚʦʣʠʣʦ ʤʦʜʝʣʠ ʣʫʯʰʝ ʦʙʦʙʱʘʪʴ ʜʘʥʥʳʝ ʠ ʧʦʚʳʩʠʪʴ ʪʦʯʥʦʩʪʴ ʧʨʝʜʩʢʘʟʘʥʠʡ. 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʧʦʨʦʛʦʚʦʛʦ ʟʥʘʯʝʥʠʷ ʤʝʜʠʘʥʳ (y.median()) ʜʣʷ ʢʣʘʩʩʠʬʠʢʘʮʠʠ 

ʪʘʢʞʝ ʩʧʦʩʦʙʩʪʚʦʚʘʣʦ ʣʫʯʰʝʤʫ ʨʘʟʜʝʣʝʥʠʶ ʧʨʝʜʩʢʘʟʘʥʠʡ ʥʘ ʢʣʘʩʩʳ. 

ɸʥʘʣʠʟ ʛʨʘʬʠʢʘ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʤʦʜʝʣʴ ʪʦʯʥʝʝ ʧʨʝʜʩʢʘʟʳʚʘʝʪ ʚʳʩʦʢʠʝ 

ʟʥʘʯʝʥʠʷ, ʯʪʦ ʨʘʥʝʝ ʙʳʣʦ ʧʨʦʙʣʝʤʦʡ, ʪʘʢ ʢʘʢ ʧʨʝʜʳʜʫʱʠʝ ʤʦʜʝʣʠ ʟʘʥʠʞʘʣʠ 

ʧʨʦʛʥʦʟʳ ʜʣʷ ʟʥʘʯʝʥʠʡ ʚʳʰʝ 400. ʂʨʦʤʝ ʪʦʛʦ, ʚʳʩʦʢʘʷ ʢʦʥʮʝʥʪʨʘʮʠʷ ʪʦʯʝʢ ʚ 

ʦʙʣʘʩʪʠ ʥʠʟʢʠʭ ʟʥʘʯʝʥʠʡ (0-200) ʥʘ ʢʨʘʩʥʦʡ ʣʠʥʠʠ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ 

ʤʠʥʠʤʘʣʴʥʳʭ ʦʰʠʙʢʘʭ ʚ ʵʪʦʤ ʜʠʘʧʘʟʦʥʝ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʤʦʜʝʣʠ. 

ʉʣʝʜʦʚʘʪʝʣʴʥʦ, ʠʩʧʦʣʴʟʦʚʘʥʠʝ Random Forest ʧʦʟʚʦʣʠʣʦ ʜʦʩʪʠʯʴ 

ʟʥʘʯʠʪʝʣʴʥʦʛʦ ʫʣʫʯʰʝʥʠʷ ʪʦʯʥʦʩʪʠ ʧʨʝʜʩʢʘʟʘʥʠʡ ʙʣʘʛʦʜʘʨʷ ʨʘʩʰʠʨʝʥʠʶ 

ʥʘʙʦʨʘ ʧʨʠʟʥʘʢʦʚ, ʫʯʝʪʫ ʚʨʝʤʝʥʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ, ʦʙʨʘʙʦʪʢʝ ʢʘʪʝʛʦʨʠʘʣʴʥʳʭ 

ʜʘʥʥʳʭ ʠ ʦʧʪʠʤʠʟʘʮʠʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ. ʆʜʥʘʢʦ ʜʣʷ ʜʘʣʴʥʝʡʰʝʛʦ ʧʦʚʳʰʝʥʠʷ 

ʢʘʯʝʩʪʚʘ ʧʨʦʛʥʦʟʦʚ ʮʝʣʝʩʦʦʙʨʘʟʥʦ ʧʨʦʪʝʩʪʠʨʦʚʘʪʴ ʫʚʝʣʠʯʝʥʠʝ ʢʦʣʠʯʝʩʪʚʘ 

ʜʝʨʝʚʴʝʚ (n_estimators) ʠ ʥʘʩʪʨʦʡʢʫ ʛʣʫʙʠʥʳ ʜʝʨʝʚʴʝʚ (max_depth), ʘ ʪʘʢʞʝ 

ʧʨʦʚʝʩʪʠ ʩʨʘʚʥʝʥʠʝ ʩ ʙʦʣʝʝ ʤʦʱʥʳʤʠ ʘʣʛʦʨʠʪʤʘʤʠ, ʪʘʢʠʤʠ ʢʘʢ XGBoost ʠ 

CatBoost. 

ʇʨʠ ʚʳʙʦʨʝ ʘʣʛʦʨʠʪʤʘ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʥʝʦʙʭʦʜʠʤʦ ʫʯʠʪʳʚʘʪʴ 

ʪʦʯʥʦʩʪʴ, ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴ, ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʰʫʤʫ, ʚʳʯʠʩʣʠʪʝʣʴʥʫʶ 

ʩʣʦʞʥʦʩʪʴ ʠ ʩʧʦʩʦʙʥʦʩʪʴ ʢ ʦʙʦʙʱʝʥʠʶ. ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣʠ 

ʧʨʦʪʝʩʪʠʨʦʚʘʥʳ ʣʠʥʝʡʥʳʝ ʤʦʜʝʣʠ (Linear Regression, Ridge, Lasso), 

ʘʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ (Random Forest, XGBoost, CatBoost) ʠ ʥʝʡʨʦʩʝʪʝʚʳʝ 

ʧʦʜʭʦʜʳ LSTM. ʅʝʩʤʦʪʨʷ ʥʘ ʪʦ, ʯʪʦ CatBoost ʠ XGBoost ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʠ 

ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ, ʦʢʦʥʯʘʪʝʣʴʥʳʡ ʚʳʙʦʨ ʧʘʣ ʥʘ Random Forest, ʪʘʢ ʢʘʢ ʦʥ 

ʦʙʝʩʧʝʯʠʣ ʦʧʪʠʤʘʣʴʥʳʡ ʙʘʣʘʥʩ ʤʝʞʜʫ ʪʦʯʥʦʩʪʴʶ, ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴʶ ʠ 

ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʢ ʰʫʤʫ. 

ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʣʠʥʝʡʥʳʭ ʤʦʜʝʣʝʡ ʃʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ, Ridge-

ʨʝʛʨʝʩʩʠʷ, Lasso-ʨʝʛʨʝʩʩʠʷ. ʃʠʥʝʡʥʳʝ ʤʝʪʦʜʳ, ʧʦʢʘʟʘʥʥʳʝ ʥʘ ʨʠʩʫʥʢʝ 2.17, 

ʧʦʜʭʦʜʷʪ ʜʣʷ ʟʘʜʘʯ, ʛʜʝ ʟʘʚʠʩʠʤʦʩʪʴ ʤʝʞʜʫ ʧʨʠʟʥʘʢʘʤʠ ʠ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ 
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ʷʚʣʷʝʪʩʷ ʣʠʥʝʡʥʦʡ, ʦʜʥʘʢʦ ʚ ʜʘʥʥʦʤ ʩʣʫʯʘʝ ʟʘʚʠʩʠʤʦʩʪʴ Psycho-emotional 

exhaustion ʷʚʣʷʝʪʩʷ ʥʝʣʠʥʝʡʥʦʡ, ʯʪʦ ʩʥʠʞʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʵʪʠʭ ʤʦʜʝʣʝʡ. 
 

 
 

ʈʠʩʫʥʦʢ 2.17 - ʃʠʥʝʡʥʳʝ ʤʝʪʦʜʳ 
 

ʃʠʥʝʡʥʳʝ ʤʝʪʦʜʳ ʥʝ ʧʦʜʭʦʜʷʪ ʜʣʷ ʜʘʥʥʦʡ ʟʘʜʘʯʠ ʠʟ-ʟʘ ʩʣʦʞʥʦʩʪʠ 

ʩʪʨʫʢʪʫʨʳ ʜʘʥʥʳʭ ʠ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʚʳʷʚʣʝʥʠʷ ʥʝʣʠʥʝʡʥʳʭ ʟʘʢʦʥʦʤʝʨʥʦʩʪʝʡ. 

ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʥʩʘʤʙʣʝʚʳʭ ʤʝʪʦʜʦʚ Random Forest, XGBoost, 

CatBoost. ɸʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ, ʧʦʢʘʟʘʥʥʳʝ ʥʘ ʨʠʩʫʥʢʝ 2.18, ̫ʚʣʷʶʪʩʷ 

ʤʦʱʥʳʤ ʠʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʦʙʨʘʙʦʪʢʠ ʩʣʦʞʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ ʠ ʵʬʬʝʢʪʠʚʥʳ ʚ 

ʨʝʰʝʥʠʠ ʟʘʜʘʯ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. 
 

 
 

ʈʠʩʫʥʦʢ 2.18 - ɸʥʩʘʤʙʣʝʚʳʝ ʤʝʪʦʜʳ 
 

ʅʝʩʤʦʪʨʷ ʥʘ ʪʦ, ʯʪʦ XGBoost ʠ CatBoost ʦʙʝʩʧʝʯʠʚʘʶʪ ʙʦʣʝʝ ʚʳʩʦʢʫʶ 

ʪʦʯʥʦʩʪʴ, ʠʭ ʩʣʦʞʥʦʩʪʴ ʚ ʥʘʩʪʨʦʡʢʝ, ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʢ ʚʳʙʨʦʩʘʤ ʠ ʨʠʩʢ 

ʧʝʨʝʦʙʫʯʝʥʠʷ ʩʪʘʣʠ ʦʩʥʦʚʥʳʤʠ ʥʝʜʦʩʪʘʪʢʘʤʠ. Random Forest ʙʳʣ ʚʳʙʨʘʥ ʠʟ-

ʟʘ ʝʛʦ ʩʪʘʙʠʣʴʥʦʩʪʠ, ʧʨʦʩʪʦʪʳ ʠ ʚʳʩʦʢʦʡ ʫʩʪʦʡʯʠʚʦʩʪʠ ʢ ʰʫʤʫ. 

ɸʨʭʠʪʝʢʪʫʨʘ LSTM ʦʙʣʘʜʘʝʪ ʚʳʩʦʢʦʡ ʩʧʦʩʦʙʥʦʩʪʴʶ ʢ ʤʦʜʝʣʠʨʦʚʘʥʠʶ 

ʚʨʝʤʝʥʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ ʠ ʵʬʬʝʢʪʠʚʥʘ ʧʨʠ ʘʥʘʣʠʟʝ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʭ 

ʜʘʥʥʳʭ. ʆʜʥʘʢʦ ʚ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʝʝ ʧʨʠʤʝʥʝʥʠʝ ʦʢʘʟʘʣʦʩʴ 

ʦʛʨʘʥʠʯʝʥʥʳʤ ʠʟ-ʟʘ ʚʳʩʦʢʦʡ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʩʣʦʞʥʦʩʪʠ, ʜʣʠʪʝʣʴʥʦʛʦ 

ʚʨʝʤʝʥʠ ʦʙʫʯʝʥʠʷ, ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʢ ʛʠʧʝʨʧʘʨʘʤʝʪʨʘʤ ʠ ʥʠʟʢʦʡ 

ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʠ ʨʝʟʫʣʴʪʘʪʦʚ. ʋʢʘʟʘʥʥʳʝ ʬʘʢʪʦʨʳ ʩʥʠʞʘʶʪ ʧʨʘʢʪʠʯʝʩʢʫʶ 

ʧʨʠʤʝʥʠʤʦʩʪʴ LSTM ʧʨʠ ʨʘʙʦʪʝ ʩ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤʠ ʠ ʨʝʩʫʨʩʥʦ-

ʦʛʨʘʥʠʯʝʥʥʳʤʠ ʜʘʥʥʳʤʠ. 

ʇʦ ʨʝʟʫʣʴʪʘʪʘʤ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʡ ʣʦʢʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʙʳʣʘ ʚʳʙʨʘʥʘ Random Forest. ɼʘʥʥʳʡ ʘʣʛʦʨʠʪʤ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ 

ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ, ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʰʫʤʫ ʠ ʚʳʙʨʦʩʘʤ, ʘ ʪʘʢʞʝ ʥʝ 
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ʪʨʝʙʫʝʪ ʩʣʦʞʥʦʡ ʥʘʩʪʨʦʡʢʠ ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ. ɺʘʞʥʳʤ ʧʨʝʠʤʫʱʝʩʪʚʦʤ 

ʷʚʣʷʝʪʩʷ ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴ ʤʦʜʝʣʠ ʟʘ ʩʯʝʪ ʘʥʘʣʠʟʘ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ 

ʦʩʦʙʝʥʥʦ ʘʢʪʫʘʣʴʥʦ ʧʨʠ ʠʩʩʣʝʜʦʚʘʥʠʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ 

ʩʪʫʜʝʥʪʦʚ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, Random Forest ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣ ʦʧʪʠʤʘʣʴʥʳʡ 

ʙʘʣʘʥʩ ʤʝʞʜʫ ʢʘʯʝʩʪʚʦʤ ʧʨʝʜʩʢʘʟʘʥʠʡ, ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʴʶ ʠ 

ʧʨʘʢʪʠʯʝʩʢʦʡ ʧʨʠʤʝʥʠʤʦʩʪʴʶ, ʯʪʦ ʦʙʦʩʥʦʚʳʚʘʝʪ ʝʛʦ ʚʳʙʦʨ ʚ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ 

ʠʩʩʣʝʜʦʚʘʥʠʷ. 
 

2.8 ɺʳʚʦʜʳ ʧʦ ʛʣʘʚʝ 

ɺ ʨʘʟʜʝʣʝ ʨʘʩʩʤʦʪʨʝʥʳ ʘʣʛʦʨʠʪʤʳ ʠ ʘʨʭʠʪʝʢʪʫʨʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʧʦʢʘʟʘʥʦ, ʯʪʦ ʙʘʟʦʚʳʝ ʤʝʪʦʜʳ FedAvg ʠ FedSGD ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ, ʥʦ ʪʝʨʷʶʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʠ non-IID 

ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ. ɸʣʛʦʨʠʪʤʳ FedProx ʠ FedOpt ʧʦʚʳʰʘʶʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʠ 

ʫʩʢʦʨʷʶʪ ʩʭʦʜʠʤʦʩʪʴ ʟʘ ʩʯʝʪ ʧʨʦʢʩʠʤʘʣʴʥʦʡ ʨʝʛʫʣʷʨʠʟʘʮʠʠ ʠ ʩʝʨʚʝʨʥʦʡ 

ʦʧʪʠʤʠʟʘʮʠʠ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʢʦʤʙʠʥʘʮʠʷ FedAvg, FedProx ʠ FedOpt ʷʚʣʷʝʪʩʷ 

ʥʘʠʙʦʣʝʝ ʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʤ ʨʝʰʝʥʠʝʤ ʜʣʷ ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ. 
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3 ʄɽʊʆɼʓ ɸʅɸʃʀɿɸ ʇʉʀʍʆʕʄʆʎʀʆʅɸʃʔʅʆɻʆ 

ɺʓɻʆʈɸʅʀʗ ʉʊʋɼɽʅʊʆɺ ɺ ʈɸʄʂɸʍ ʇʈɸʂʊʀʏɽʉʂʆʁ 

ʈɽɸʃʀɿɸʎʀʀ ʌɽɼɽʈɸʊʀɺʅʓʍ ʄʆɼɽʃɽʁ ʄɸʐʀʅʅʆɻʆ 

ʆɹʋʏɽʅʀʗ 

 

3.1 ʊʝʭʥʠʢʘ ʦʮʝʥʢʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ 

ʆʧʠʩʘʥʠʝ ʘʥʢʝʪʳ  

ɼʣʷ ʦʮʝʥʢʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʚ ʜʘʥʥʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʦʧʨʦʩʥʠʢ Maslach Burnout Inventory (MBI) [102], 

ʘʜʘʧʪʠʨʦʚʘʥʥʳʡ ʅ.ɽ. ɺʦʜʦʧʴʷʥʦʚʦʡ, ʢʦʪʦʨʳʡ ʷʚʣʷʝʪʩʷ ʩʪʘʥʜʘʨʪʠʟʠʨʦʚʘʥʥʳʤ 

ʧʩʠʭʦʤʝʪʨʠʯʝʩʢʠʤ ʠʥʩʪʨʫʤʝʥʪʦʤ. ɼʘʥʥʳʡ ʦʧʨʦʩʥʠʢ ʚʢʣʶʯʘʝʪ 22 ʧʫʥʢʪʘ, ʚ 

ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 3.1, ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʧʦ ʪʨʝʤ ʢʣʶʯʝʚʳʤ ʰʢʘʣʘʤ: 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʠʩʪʦʱʝʥʠʝ, ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʷ ʠ ʩʥʠʞʝʥʠʝ ʣʠʯʥʳʭ 

ʜʦʩʪʠʞʝʥʠʡ. ʂʘʞʜʳʡ ʧʫʥʢʪ ʦʮʝʥʠʚʘʝʪʩʷ ʧʦ ʰʢʘʣʝ ʃʘʡʢʝʨʪʘ (ʦʙʳʯʥʦ ʦʪ 0 ʜʦ 

6), ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʢʦʣʠʯʝʩʪʚʝʥʥʦ ʦʧʨʝʜʝʣʠʪʴ ʩʪʝʧʝʥʴ ʚʳʨʘʞʝʥʥʦʩʪʠ ʩʠʤʧʪʦʤʦʚ 

ʚʳʛʦʨʘʥʠʷ.  
 

 
 

ʈʠʩʫʥʦʢ 3.1 - ʆʧʨʦʩʥʠʢ Maslach Burnout Inventory 
 

ʐʢʘʣʘ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ ʦʪʨʘʞʘʝʪ ʫʨʦʚʝʥʴ ʭʨʦʥʠʯʝʩʢʦʡ 

ʫʩʪʘʣʦʩʪʠ ʠ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʰʢʘʣʘ ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʠ ʠʟʤʝʨʷʝʪ 

ʩʪʝʧʝʥʴ ʵʤʦʮʠʦʥʘʣʴʥʦʡ ʦʪʯʫʞʜʝʥʥʦʩʪʠ ʠ ʮʠʥʠʟʤʘ ʧʦ ʦʪʥʦʰʝʥʠʶ ʢ 

ʦʢʨʫʞʘʶʱʠʤ, ʘ ʰʢʘʣʘ ʩʥʠʞʝʥʠʷ ʣʠʯʥʳʭ ʜʦʩʪʠʞʝʥʠʡ ʫʢʘʟʳʚʘʝʪ ʥʘ 

ʩʫʙʲʝʢʪʠʚʥʦʝ ʦʱʫʱʝʥʠʝ ʥʝʵʬʬʝʢʪʠʚʥʦʩʪʠ ʠ ʫʪʨʘʪʳ ʧʨʦʬʝʩʩʠʦʥʘʣʴʥʦʡ 

ʩʘʤʦʦʮʝʥʢʠ. ʇʦʣʫʯʝʥʥʳʝ ʜʘʥʥʳʝ ʧʨʦʭʦʜʷʪ ʵʪʘʧʳ ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ, 

ʚʢʣʶʯʘʶʱʠʝ ʯʠʩʣʦʚʦʝ ʢʦʜʠʨʦʚʘʥʠʝ, ʥʦʨʤʘʣʠʟʘʮʠʶ ʠ ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ, ʯʪʦ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʨʨʝʢʪʥʦʝ ʧʨʠʤʝʥʝʥʠʝ ʩʪʘʪʠʩʪʠʯʝʩʢʦʛʦ ʘʥʘʣʠʟʘ ʠ ʤʘʰʠʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ. ɺ ʨʘʤʢʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʘʥʥʳʝ MBI [103] ʠʩʧʦʣʴʟʫʶʪʩʷ 
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ʚ ʢʘʯʝʩʪʚʝ ʮʝʣʝʚʳʭ ʧʝʨʝʤʝʥʥʳʭ ʜʣʷ ʧʦʩʪʨʦʝʥʠʷ ʧʨʦʛʥʦʩʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ, ʯʪʦ 

ʧʦʟʚʦʣʷʝʪ ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ ʚ ʫʨʦʚʥʝ ʚʳʛʦʨʘʥʠʷ ʩʨʝʜʠ 

ʨʘʟʣʠʯʥʳʭ ʛʨʫʧʧ ʫʯʘʩʪʥʠʢʦʚ ʙʝʟ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʭʨʘʥʝʥʠʷ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʥʝ ʪʦʣʴʢʦ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʚʳʩʦʢʫʶ ʚʘʣʠʜʥʦʩʪʴ ʠ ʥʘʜʝʞʥʦʩʪʴ ʦʮʝʥʢʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ, 

ʥʦ ʠ ʧʦʟʚʦʣʷʝʪ ʨʘʟʨʘʙʘʪʳʚʘʪʴ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʧʨʦʬʠʣʘʢʪʠʢʠ 

ʠ ʨʘʥʥʝʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ ʥʘ ʦʩʥʦʚʝ ʚʳʷʚʣʝʥʥʳʭ ʧʘʪʪʝʨʥʦʚ ʧʦʚʝʜʝʥʠʷ. 

ʆʧʨʦʩʥʠʢ [104] ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʩʪʘʥʜʘʨʪʠʟʠʨʦʚʘʥʥʳʡ 

ʧʩʠʭʦʤʝʪʨʠʯʝʩʢʠʡ ʠʥʩʪʨʫʤʝʥʪ, ʠʩʧʦʣʴʟʫʝʤʳʡ ʚ ʠʩʩʣʝʜʦʚʘʥʠʠ ʜʣʷ ʦʮʝʥʢʠ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʩʨʝʜʠ ʣʠʮ, ʨʘʙʦʪʘʶʱʠʭ ʚ ʫʩʣʦʚʠʷʭ ʚʳʩʦʢʦʛʦ 

ʩʪʨʝʩʩʘ, ʚʢʣʶʯʘʷ ʩʪʫʜʝʥʪʦʚ ʠ ʧʨʝʧʦʜʘʚʘʪʝʣʝʡ. ʆʧʨʦʩʥʠʢ ʠʟʤʝʨʷʝʪ ʨʘʟʣʠʯʥʳʝ 

ʠʟʤʝʨʝʥʠʷ ʚʳʛʦʨʘʥʠʷ: 

1. ʇʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʠʩʪʦʱʝʥʠʝ - ʠʟʤʝʨʷʝʪ ʭʨʦʥʠʯʝʩʢʫʶ ʫʩʪʘʣʦʩʪʴ, 

ʵʤʦʮʠʦʥʘʣʴʥʦʝ ʠʩʪʦʱʝʥʠʝ ʠ ʦʱʫʱʝʥʠʝ ʧʝʨʝʫʪʦʤʣʝʥʠʷ. 

2. ɼʝʧʝʨʩʦʥʘʣʠʟʘʮʠʷ - ʦʮʝʥʠʚʘʝʪ ʩʪʝʧʝʥʴ, ʚ ʢʦʪʦʨʦʡ ʯʝʣʦʚʝʢ ʠʩʧʳʪʳʚʘʝʪ 

ʵʤʦʮʠʦʥʘʣʴʥʫʶ ʦʪʯʫʞʜʝʥʥʦʩʪʴ ʠ ʮʠʥʠʟʤ ʧʦ ʦʪʥʦʰʝʥʠʶ ʢ ʜʨʫʛʠʤ. 

3. ʉʥʠʞʝʥʠʝ ʣʠʯʥʳʭ ʜʦʩʪʠʞʝʥʠʡ - ʦʮʝʥʠʚʘʝʪ ʚʦʩʧʨʠʥʠʤʘʝʤʫʶ 

ʥʝʵʬʬʝʢʪʠʚʥʦʩʪʴ, ʦʪʩʫʪʩʪʚʠʝ ʧʨʦʬʝʩʩʠʦʥʘʣʴʥʦʡ ʩʘʤʦʨʝʘʣʠʟʘʮʠʠ ʠ ʩʥʠʞʝʥʠʝ 

ʤʦʪʠʚʘʮʠʠ. 

 

3.2 ʆʙʦʩʥʦʚʘʥʠʝ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ɺ ʢʦʥʪʝʢʩʪʝ ʜʘʥʥʦʡ ʜʠʩʩʝʨʪʘʮʠʠ ʦʧʨʦʩʥʠʢ MBI [105] ʩʣʫʞʠʪ ʢʨʠʪʠʯʝʩʢʠ 

ʚʘʞʥʳʤ ʥʘʙʦʨʦʤ ʜʘʥʥʳʭ ʜʣʷ ʤʦʜʝʣʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʉʦʙʨʘʥʥʳʝ 

ʦʪʚʝʪʳ ʠʩʧʦʣʴʟʫʶʪʩʷ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʙʣʘʛʦʧʦʣʫʯʠʷ ʠ 

ʪʝʥʜʝʥʮʠʡ ʚʳʛʦʨʘʥʠʷ ʙʝʟ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʭʨʘʥʝʥʠʷ 

ʜʘʥʥʳʭ, ʦʙʝʩʧʝʯʠʚʘʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʠ ʙʝʟʦʧʘʩʥʦʩʪʴ ʜʘʥʥʳʭ, 

ʧʨʝʜʩʪʘʚʣʝʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 3.2. 

 

 
 

ʈʠʩʫʥʦʢ 3.2 - ʉʪʨʫʢʪʫʨʘ ʦʧʨʦʩʥʠʢʘ 
 

ʊʨʘʜʠʮʠʦʥʥʳʝ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʝ ʧʦʜʭʦʜʳ ʢ ʤʘʰʠʥʥʦʤʫ ʦʙʫʯʝʥʠʶ 

ʪʨʝʙʫʶʪ, ʯʪʦʙʳ ʚʩʝ ʜʘʥʥʳʝ ʫʯʘʩʪʥʠʢʦʚ ʭʨʘʥʠʣʠʩʴ ʥʘ ʦʜʥʦʤ ʩʝʨʚʝʨʝ, ʯʪʦ 
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ʚʳʟʳʚʘʝʪ ʦʧʘʩʝʥʠʷ ʧʦ ʧʦʚʦʜʫ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʩʦʦʪʚʝʪʩʪʚʠʷ 

ʪʘʢʠʤ ʥʦʨʤʘʤ, ʢʘʢ GDPR. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʌʆ ʠ ʝʛʦ ʵʪʘʧʳ ʧʦʢʘʟʘʥʳ, ʚ 

ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 3.3. 
 

 
 

ʈʠʩʫʥʦʢ 3.3 - ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʌʆ 

 

3.3 ɿʥʘʯʝʥʠʝ ʦʧʨʦʩʥʠʢʘ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ 

ʩʦʩʪʦʷʥʠʷ 

ʀʩʧʦʣʴʟʫʷ ʤʦʜʝʣʠ ʌʆ, ʠʩʩʣʝʜʦʚʘʥʠʝ ʧʦʟʚʦʣʷʝʪ ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ 

ʚʳʛʦʨʘʥʠʝ ʚ ʨʝʞʠʤʝ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 3.4. 
 

 
 

ʈʠʩʫʥʦʢ 3.4 - ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝ ʚʳʛʦʨʘʥʠʷ 
 

ʀʥʪʝʛʨʘʮʠʷ ʦʧʨʦʩʥʠʢʘ Maslach Burnout Inventory (MBI) ʚ ʬʝʜʝʨʘʪʠʚʥʫʶ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʫʶ ʩʨʝʜʫ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʧʝʨʩʧʝʢʪʠʚʥʦʝ ʧʨʠʤʝʥʝʥʠʝ ʤʝʪʦʜʦʚ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ ʩʦʭʨʘʥʝʥʠʝʤ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʚ ʘʥʘʣʠʪʠʢʝ 

ʧʩʠʭʠʯʝʩʢʦʛʦ ʟʜʦʨʦʚʴʷ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ MBI ʧʦʟʚʦʣʷʝʪ ʦʙʲʝʢʪʠʚʥʦ ʦʮʝʥʠʚʘʪʴ 

ʫʨʦʚʥʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʠ ʠ ʩʥʠʞʝʥʠʷ 

ʣʠʯʥʳʭ ʜʦʩʪʠʞʝʥʠʡ, ʢʦʪʦʨʳʝ ʷʚʣʷʶʪʩʷ ʢʣʶʯʝʚʳʤʠ ʠʥʜʠʢʘʪʦʨʘʤʠ 

ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. 
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ʇʨʝʦʙʨʘʟʦʚʘʥʠʝ ʦʪʚʝʪʦʚ ʧʦ ʰʢʘʣʝ ʃʘʡʢʝʨʪʘ ʚ ʯʠʩʣʦʚʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ ʜʘʥʥʳʭ ʠ ʚʦʟʤʦʞʥʦʩʪʴ ʧʨʠʤʝʥʝʥʠʷ 

ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʤʝʪʦʜʦʚ ʠ ʘʣʛʦʨʠʪʤʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʧʦʩʪʨʦʝʥʠʷ 

ʧʨʦʛʥʦʩʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ. ʕʪʦ ʧʦʟʚʦʣʷʝʪ ʚʳʷʚʣʷʪʴ ʛʨʫʧʧʳ ʨʠʩʢʘ ʠ 

ʬʦʨʤʠʨʦʚʘʪʴ ʦʩʥʦʚʳ ʜʣʷ ʨʘʥʥʝʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ ʠ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʩʪʨʘʪʝʛʠʡ ʧʦʜʜʝʨʞʢʠ ʩʪʫʜʝʥʪʦʚ. 

ʇʨʠʤʝʥʝʥʠʝ MBI ʚ ʫʩʣʦʚʠʷʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʟʘʱʠʪʳ ʯʫʚʩʪʚʠʪʝʣʴʥʳʭ ʜʘʥʥʳʭ, ʧʦʩʢʦʣʴʢʫ ʠʩʭʦʜʥʘʷ 

ʠʥʬʦʨʤʘʮʠʷ ʦʩʪʘʝʪʩʷ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ, ʘ ʧʝʨʝʜʘʯʝ ʧʦʜʣʝʞʘʪ ʪʦʣʴʢʦ 

ʘʛʨʝʛʠʨʦʚʘʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʝʡ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʩʥʠʞʘʝʪ ʨʠʩʢʠ ʫʪʝʯʢʠ 

ʜʘʥʥʳʭ ʠ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʪʨʝʙʦʚʘʥʠʷʤ ʥʦʨʤʘʪʠʚʦʚ ʧʦ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʦʡ 

ʠʥʬʦʨʤʘʮʠʠ, ʯʪʦ ʜʝʣʘʝʪ ʧʨʝʜʣʦʞʝʥʥʦʝ ʨʝʰʝʥʠʝ ʧʨʘʢʪʠʯʝʩʢʠ ʟʥʘʯʠʤʳʤ ʠ 

ʵʪʠʯʝʩʢʠ ʦʙʦʩʥʦʚʘʥʥʳʤ ʜʣʷ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʨʝʜʝ. 

 

3.4 ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ ʥʘ ʦʩʥʦʚʝ ʌʆ 

ɺ ʥʘʰʝʡ ʨʘʙʦʪʝ ʠʩʩʣʝʜʫʝʤ ʨʘʟʨʘʙʦʪʢʫ ʠ ʦʧʪʠʤʠʟʘʮʠʶ ʤʦʜʝʣʝʡ ʌʆ ʜʣʷ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ ʥʘ ʦʩʥʦʚʝ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʜʘʥʥʳʭ ʘʥʢʝʪ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʩʣʝʜʫʝʪ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʡ ʤʝʪʦʜʦʣʦʛʠʠ, ʢʦʪʦʨʘʷ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʤʘʰʠʥʥʦʝ ʦʙʫʯʝʥʠʝ ʩ ʩʦʭʨʘʥʝʥʠʝʤ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, 

ʵʬʬʝʢʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ ʥʘ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ ʠ 

ʥʘʜʝʞʥʫʶ ʧʨʝʜʠʢʪʠʚʥʫʶ ʘʥʘʣʠʪʠʢʫ. ʅʠʞʝ ʧʨʠʚʦʜʠʪʩʷ ʧʦʜʨʦʙʥʦʝ ʦʧʠʩʘʥʠʝ 

ʧʨʦʮʝʩʩʘ, ʧʨʦʚʝʜʝʥʥʦʛʦ ʚ ʵʪʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ. 

ʇʩʠʭʦʣʦʛʠʯʝʩʢʦʝ ʚʳʛʦʨʘʥʠʝ - ʵʪʦ ʩʦʩʪʦʷʥʠʝ ʬʠʟʠʯʝʩʢʦʛʦ, 

ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʠ ʫʤʩʪʚʝʥʥʦʛʦ ʠʩʪʦʱʝʥʠʷ, ʚʳʟʚʘʥʥʦʝ ʜʣʠʪʝʣʴʥʳʤ ʩʪʨʝʩʩʦʤ ʠ 

ʯʨʝʟʤʝʨʥʳʤʠ ʪʨʝʙʦʚʘʥʠʷʤʠ ʢ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ. ʆʥʦ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ 

ʩʝʨʴʝʟʥʫʶ ʧʨʦʙʣʝʤʫ, ʟʘʪʨʘʛʠʚʘʶʱʫʶ ʥʝ ʪʦʣʴʢʦ ʩʪʫʜʝʥʪʦʚ, ʥʦ ʠ ʩʧʝʮʠʘʣʠʩʪʦʚ 

ʚ ʨʘʟʣʠʯʥʳʭ ʩʬʝʨʘʭ ʜʝʷʪʝʣʴʥʦʩʪʠ. ʇʦʩʣʝʜʩʪʚʠʷ ʚʳʛʦʨʘʥʠʷ ʚʢʣʶʯʘʶʪ 

ʩʥʠʞʝʥʠʝ ʢʦʛʥʠʪʠʚʥʳʭ ʬʫʥʢʮʠʡ, ʫʭʫʜʰʝʥʠʝ ʬʠʟʠʯʝʩʢʦʛʦ ʠ ʧʩʠʭʠʯʝʩʢʦʛʦ 

ʟʜʦʨʦʚʴʷ, ʩʥʠʞʝʥʠʝ ʧʨʦʜʫʢʪʠʚʥʦʩʪʠ ʠ ʤʦʪʠʚʘʮʠʠ, ʘ ʪʘʢʞʝ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ 

ʪʝʢʫʯʝʩʪʠ ʢʘʜʨʦʚ ʩʨʝʜʠ ʧʨʦʬʝʩʩʠʦʥʘʣʦʚ. 

ɺ ʧʦʩʣʝʜʥʠʝ ʛʦʜʳ ʤʘʰʠʥʥʦʝ ʦʙʫʯʝʥʠʝ ʘʢʪʠʚʥʦ ʠʩʧʦʣʴʟʫʝʪʩʷ ʜʣʷ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʨʘʥʥʝʛʦ ʚʳʷʚʣʝʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ, ʧʦʟʚʦʣʷʷ 

ʨʘʟʨʘʙʘʪʳʚʘʪʴ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʚʤʝʰʘʪʝʣʴʩʪʚʘ. ʆʜʥʘʢʦ 

ʪʨʘʜʠʮʠʦʥʥʳʝ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʪʨʝʙʫʶʪ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʩʙʦʨʘ 

ʜʘʥʥʳʭ, ʯʪʦ ʚʳʟʳʚʘʝʪ ʩʣʝʜʫʶʱʠʝ ʧʨʦʙʣʝʤʳ: 

¶ ʂʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ: ʋʯʘʱʠʝʩʷ ʠ ʩʧʝʮʠʘʣʠʩʪʳ ʤʦʛʫʪ ʥʝ 

ʟʘʭʦʪʝʪʴ ʜʝʣʠʪʴʩʷ ʯʫʚʩʪʚʠʪʝʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʝʡ ʦ ʩʚʦʝʤ ʩʦʩʪʦʷʥʠʠ, ʦʧʘʩʘʷʩʴ 

ʥʘʨʫʰʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. 

¶ ɹʝʟʦʧʘʩʥʦʩʪʴ ʜʘʥʥʳʭ: ʎʝʥʪʨʘʣʠʟʦʚʘʥʥʦʝ ʭʨʘʥʝʥʠʝ ʠʥʬʦʨʤʘʮʠʠ 

ʧʦʚʳʰʘʝʪ ʨʠʩʢʠ ʫʪʝʯʢʠ ʜʘʥʥʳʭ ʠ ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʦʛʦ ʜʦʩʪʫʧʘ. 

¶ ʉʦʙʣʶʜʝʥʠʝ ʥʦʨʤʘʪʠʚʥʳʭ ʪʨʝʙʦʚʘʥʠʡ: ʚ ʫʩʣʦʚʠʷʭ ʫʞʝʩʪʦʯʝʥʠʷ 

ʟʘʢʦʥʦʚ ʦ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ (ʥʘʧʨʠʤʝʨ, GDPR, HIPAA) 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʩʙʦʨ ʜʘʥʥʳʭ ʤʦʞʝʪ ʥʘʨʫʰʘʪʴ ʶʨʠʜʠʯʝʩʢʠʝ ʥʦʨʤʳ. 
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¶ ʅʝʦʜʥʦʨʦʜʥʦʩʪʴ ʜʘʥʥʳʭ: ʜʘʥʥʳʝ ʦ ʚʳʛʦʨʘʥʠʠ ʩʪʫʜʝʥʪʦʚ ʠ 

ʩʧʝʮʠʘʣʠʩʪʦʚ ʟʘʚʠʩʷʪ ʦʪ ʤʥʦʞʝʩʪʚʘ ʬʘʢʪʦʨʦʚ (ʫʯʝʙʥʳʝ ʥʘʛʨʫʟʢʠ, ʨʘʙʦʯʘʷ 

ʩʨʝʜʘ, ʣʠʯʥʳʝ ʦʩʦʙʝʥʥʦʩʪʠ), ʯʪʦ ʜʝʣʘʝʪ ʠʭ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʥʝ ʥʝʟʘʚʠʩʠʤʳʤ ʠ 

ʥʝ ʦʜʠʥʘʢʦʚʦ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤ non-IID. 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʨʝʜʣʘʛʘʝʪ ʧʝʨʩʧʝʢʪʠʚʥʦʝ ʨʝʰʝʥʠʝ ʵʪʠʭ 

ʧʨʦʙʣʝʤ, ʧʦʟʚʦʣʷʷ ʦʙʫʯʘʪʴ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ 

ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʙʝʟ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʧʝʨʝʜʘʚʘʪʴ 

ʥʝʦʙʨʘʙʦʪʘʥʥʳʝ ʜʘʥʥʳʝ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. ɺʤʝʩʪʦ ʵʪʦʛʦ ʧʝʨʝʜʘʶʪʩʷ 

ʪʦʣʴʢʦ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ, ʯʪʦ ʧʦʚʳʰʘʝʪ ʫʨʦʚʝʥʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, 

ʩʥʠʞʘʝʪ ʨʠʩʢʠ ʫʪʝʯʝʢ ʜʘʥʥʳʭ ʠ ʜʝʣʘʝʪ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʙʦʣʝʝ ʘʜʘʧʪʠʚʥʳʤ ʢ 

ʨʝʘʣʴʥʦʤʫ ʨʘʩʧʨʝʜʝʣʝʥʠʶ ʜʘʥʥʳʭ. 

ʎʝʣʴʶ ʠʩʩʣʝʜʦʚʘʥʠʷ ʷʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ, ʘʜʘʧʪʘʮʠʷ ʠ ʦʮʝʥʢʘ ʤʦʜʝʣʝʡ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʨʝʰʝʥʠʷ ʟʘʜʘʯ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʥʘ 

ʦʩʥʦʚʝ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʜʘʥʥʳʭ ʥʘ ʧʨʠʤʝʨʝ ʘʥʘʣʠʟʘ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. 

ɺʳʙʦʨ ʟʘʜʘʯʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʚʳʛʦʨʘʥʠʷ 

ʦʙʫʩʣʦʚʣʝʥ ʝʝ ʚʳʩʦʢʦʡ ʩʦʮʠʘʣʴʥʦʡ ʟʥʘʯʠʤʦʩʪʴʶ, ʯʫʚʩʪʚʠʪʝʣʴʥʳʤ ʭʘʨʘʢʪʝʨʦʤ 

ʦʙʨʘʙʘʪʳʚʘʝʤʳʭ ʜʘʥʥʳʭ ʠ ʥʝʦʙʭʦʜʠʤʦʩʪʴʶ ʧʨʠʤʝʥʝʥʠʷ ʤʝʪʦʜʦʚ, 

ʦʙʝʩʧʝʯʠʚʘʶʱʠʭ ʩʦʭʨʘʥʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʧʨʠ ʦʙʫʯʝʥʠʠ ʤʦʜʝʣʝʡ. 

ɼʣʷ ʜʦʩʪʠʞʝʥʠʷ ʧʦʩʪʘʚʣʝʥʥʦʡ ʮʝʣʠ ʚ ʨʘʙʦʪʝ ʙʳʣʠ ʩʬʦʨʤʫʣʠʨʦʚʘʥʳ ʠ 

ʨʝʰʝʥʳ ʩʣʝʜʫʶʱʠʝ ʟʘʜʘʯʠ: 

1. ʉʬʦʨʤʠʨʦʚʘʪʴ ʠʥʬʦʨʤʘʮʠʦʥʥʫʶ ʙʘʟʫ ʠʩʩʣʝʜʦʚʘʥʠʷ ʥʘ ʦʩʥʦʚʝ ʜʘʥʥʳʭ 
ʦʧʨʦʩʥʠʢʘ Maslach Burnout Inventory (MBI) ʠ ʩʦʧʫʪʩʪʚʫʶʱʠʭ ʧʦʚʝʜʝʥʯʝʩʢʠʭ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢ, ʘ ʪʘʢʞʝ ʚʳʧʦʣʥʠʪʴ ʠʭ ʧʨʝʜʚʘʨʠʪʝʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʠ 

ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ. 

2. ʇʨʦʘʥʘʣʠʟʠʨʦʚʘʪʴ ʩʦʚʨʝʤʝʥʥʳʝ ʘʣʛʦʨʠʪʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 
(FedAvg, FedOpt, FedProx) ʠ ʦʧʨʝʜʝʣʠʪʴ ʠʭ ʧʨʠʤʝʥʠʤʦʩʪʴ ʜʣʷ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʚ ʫʩʣʦʚʠʷʭ, 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ non-IID ʜʘʥʥʳʭ. 

3. ʈʘʟʨʘʙʦʪʘʪʴ ʠ ʦʙʫʯʠʪʴ ʣʦʢʘʣʴʥʳʝ ʠ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ 
ʦʙʫʯʝʥʠʷ ʚ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʨʭʠʪʝʢʪʫʨʝ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʡ ʦʙʫʯʝʥʠʝ ʙʝʟ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

4. ʇʨʦʚʝʩʪʠ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʣʛʦʨʠʪʤʦʚ FedAvg, 

FedOpt ʠ FedProx ʧʦ ʧʦʢʘʟʘʪʝʣʷʤ ʪʦʯʥʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʠ ʩʭʦʜʠʤʦʩʪʠ ʠ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʢ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ. 

5. ʀʩʩʣʝʜʦʚʘʪʴ ʚʦʧʨʦʩʳ ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʜʘʥʥʳʭ ʚ ʧʨʦʮʝʩʩʝ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ ʘʥʘʣʠʟ ʚʣʠʷʥʠʷ 

ʤʝʭʘʥʠʟʤʦʚ ʟʘʱʠʱʝʥʥʦʡ ʘʛʨʝʛʘʮʠʠ ʠ ʧʨʠʚʘʪʥʦʩʪʠ ʥʘ ʢʘʯʝʩʪʚʦ ʤʦʜʝʣʝʡ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʨʝʘʣʠʟʦʚʘʥ ʤʥʦʛʦʵʪʘʧʥʳʡ ʧʨʦʮʝʩʩ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ, ʚʢʣʶʯʘʶʱʠʡ ʩʙʦʨ ʠ 

ʧʦʜʛʦʪʦʚʢʫ ʜʘʥʥʳʭ, ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ, 

ʬʝʜʝʨʘʪʠʚʥʫʶ ʘʛʨʝʛʘʮʠʶ ʦʙʥʦʚʣʝʥʠʡ ʠ ʚʘʣʠʜʘʮʠʶ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʨʝʛʨʝʩʩʠʦʥʥʳʭ ʤʝʪʨʠʢ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʘʜʘʧʪʘʮʠʶ ʤʦʜʝʣʝʡ ʢ ʨʝʘʣʴʥʳʤ ʫʩʣʦʚʠʷʤ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ ʠ ʧʦʟʚʦʣʷʝʪ 
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ʚʳʷʚʣʷʪʴ ʛʨʫʧʧʳ ʨʠʩʢʘ ʜʣʷ ʨʘʥʥʝʛʦ ʧʨʦʬʠʣʘʢʪʠʯʝʩʢʦʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ ʧʨʠ 

ʩʪʨʦʛʦʤ ʩʦʙʣʶʜʝʥʠʠ ʪʨʝʙʦʚʘʥʠʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. 

 

3.5 ʉʙʦʨ ʠ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ 

ʉʙʦʨ ʜʘʥʥʳʭ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʯʝʨʝʟ ʚʝʙ-ʧʣʘʪʬʦʨʤʫ, ʦʙʝʩʧʝʯʠʚʘʶʱʫʶ 

ʘʥʦʥʠʤʥʦʩʪʴ ʫʯʘʩʪʥʠʢʦʚ ʠ ʣʦʢʘʣʴʥʦʝ ʭʨʘʥʝʥʠʝ ʠʥʬʦʨʤʘʮʠʠ ʥʘ ʢʣʠʝʥʪʩʢʠʭ 

ʫʩʪʨʦʡʩʪʚʘʭ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʧʨʠʥʮʠʧʘʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʊʘʢʦʡ 

ʧʦʜʭʦʜ ʠʩʢʣʶʯʘʝʪ ʧʝʨʝʜʘʯʫ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʩʝʨʚʝʨ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ ʟʘʱʠʪʫ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. 

ɺ ʢʘʯʝʩʪʚʝ ʠʩʭʦʜʥʦʛʦ ʥʘʙʦʨʘ ʜʘʥʥʳʭ ʠʩʧʦʣʴʟʫʝʪʩʷ ʦʧʨʦʩʥʠʢ Maslach 

Burnout Inventory (MBI), ʧʨʝʜʥʘʟʥʘʯʝʥʥʳʡ ʜʣʷ ʦʮʝʥʢʠ ʫʨʦʚʥʷ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. ʆʧʨʦʩʥʠʢ ʚʢʣʶʯʘʝʪ 22 ʫʪʚʝʨʞʜʝʥʠʷ, 

ʦʙʲʝʜʠʥʝʥʥʳʝ ʚ ʪʨʠ ʰʢʘʣʳ: ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ ʠʩʪʦʱʝʥʠʝ, 

ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʷ ʠ ʩʥʠʞʝʥʠʝ ʣʠʯʥʳʭ ʜʦʩʪʠʞʝʥʠʡ. ʆʪʚʝʪʳ ʦʮʝʥʠʚʘʶʪʩʷ ʧʦ 

ʰʢʘʣʝ ʃʘʡʢʝʨʪʘ ʦʪ 0 ʜʦ 6, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʢʦʣʠʯʝʩʪʚʝʥʥʦ ʧʨʝʜʩʪʘʚʠʪʴ 

ʚʳʨʘʞʝʥʥʦʩʪʴ ʩʠʤʧʪʦʤʦʚ ʚʳʛʦʨʘʥʠʷ ʠ ʠʩʧʦʣʴʟʦʚʘʪʴ ʧʦʣʫʯʝʥʥʳʝ ʟʥʘʯʝʥʠʷ ʚ 

ʢʘʯʝʩʪʚʝ ʧʨʠʟʥʘʢʦʚ ʜʣʷ ʤʦʜʝʣʠʨʦʚʘʥʠʷ. 

ʇʨʝʜʚʘʨʠʪʝʣʴʥʘʷ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ ʚʢʣʶʯʘʝʪ ʦʯʠʩʪʢʫ ʦʪ ʧʨʦʧʫʩʢʦʚ ʠ 

ʦʰʠʙʦʢ ʚʚʦʜʘ, ʯʠʩʣʦʚʦʝ ʢʦʜʠʨʦʚʘʥʠʝ ʦʪʚʝʪʦʚ ʦʧʨʦʩʥʠʢʘ, ʘ ʪʘʢʞʝ 

ʥʦʨʤʘʣʠʟʘʮʠʶ ʠ ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ ʧʨʠʟʥʘʢʦʚ. ʇʨʦʧʫʱʝʥʥʳʝ ʟʥʘʯʝʥʠʷ 

ʢʦʨʨʝʢʪʠʨʫʶʪʩʷ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʤʝʪʦʜʦʚ, ʯʪʦ ʤʠʥʠʤʠʟʠʨʫʝʪ 

ʠʩʢʘʞʝʥʠʝ ʜʘʥʥʳʭ. ʇʨʦʚʝʜʝʥʥʘʷ ʦʙʨʘʙʦʪʢʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʨʨʝʢʪʥʦʩʪʴ ʠ 

ʩʦʧʦʩʪʘʚʠʤʦʩʪʴ ʧʨʠʟʥʘʢʦʚ, ʫʣʫʯʰʘʝʪ ʩʭʦʜʠʤʦʩʪʴ ʘʣʛʦʨʠʪʤʦʚ ʦʙʫʯʝʥʠʷ ʠ 

ʬʦʨʤʠʨʫʝʪ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʳʡ ʥʘʙʦʨ ʜʘʥʥʳʭ ʜʣʷ ʧʦʩʪʨʦʝʥʠʷ ʧʨʦʛʥʦʩʪʠʯʝʩʢʠʭ 

ʤʦʜʝʣʝʡ, ʥʘʧʨʘʚʣʝʥʥʳʭ ʥʘ ʘʥʘʣʠʟ ʜʠʥʘʤʠʢʠ ʚʳʛʦʨʘʥʠʷ ʠ ʨʘʟʨʘʙʦʪʢʫ 

ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ ʩʪʨʘʪʝʛʠʡ ʨʘʥʥʝʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ. 

ʇʨʝʜʚʘʨʠʪʝʣʴʥʘʷ ʦʙʨʘʙʦʪʢʘ ʠ ʧʨʦʝʢʪʠʨʦʚʘʥʠʝ ʧʨʠʟʥʘʢʦʚ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣ ʦʨʛʘʥʠʟʦʚʘʥ ʩʙʦʨ ʜʘʥʥʳʭ ʠ ʩʬʦʨʤʠʨʦʚʘʥʳ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʝ ʜʘʪʘʩʝʪʳ ʜʣʷ ʥʝʩʢʦʣʴʢʠʭ ʢʣʠʝʥʪʩʢʠʭ ʫʟʣʦʚ ʚ ʘʨʭʠʪʝʢʪʫʨʝ 

Cross-Silo ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʅʘ ʵʪʘʧʝ ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʧʦʜʛʦʪʦʚʢʠ 

ʜʘʥʥʳʭ ʚʳʧʦʣʥʝʥʘ ʜʝʪʝʨʤʠʥʠʨʦʚʘʥʥʘʷ ʬʠʣʴʪʨʘʮʠʷ, ʫʜʘʣʝʥʠʝ ʜʫʙʣʠʨʫʶʱʠʭʩʷ 

ʟʘʧʠʩʝʡ ʠ ʣʦʛʠʯʝʩʢʘʷ ʚʘʣʠʜʘʮʠʷ ʥʘʙʣʶʜʝʥʠʡ ʩ ʮʝʣʴʶ ʧʦʚʳʰʝʥʠʷ ʢʘʯʝʩʪʚʘ 

ʠʩʭʦʜʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. ɺʨʝʤʝʥʥʦʡ ʧʨʠʟʥʘʢ entry_date ʙʳʣ ʧʨʝʦʙʨʘʟʦʚʘʥ ʠʟ 

ʩʪʨʦʢʦʚʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʚ ʯʠʩʣʦʚʦʡ ʬʦʨʤʘʪ Unix time, ʯʪʦ ʦʙʝʩʧʝʯʠʣʦ 

ʢʦʨʨʝʢʪʥʳʡ ʫʯʝʪ ʚʨʝʤʝʥʥʦʡ ʜʠʥʘʤʠʢʠ ʜʘʥʥʳʭ ʧʨʠ ʦʙʫʯʝʥʠʠ ʤʦʜʝʣʝʡ. 

ʂʘʪʝʛʦʨʠʘʣʴʥʳʡ ʠʜʝʥʪʠʬʠʢʘʪʦʨ student_id ʙʳʣ ʦʙʨʘʙʦʪʘʥ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʝʪʦʜʘ One-Hot Encoding, ʯʪʦ ʧʦʟʚʦʣʠʣʦ ʠʟʙʝʞʘʪʴ ʚʚʝʜʝʥʠʷ 

ʣʦʞʥʳʭ ʧʦʨʷʜʢʦʚʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ ʤʝʞʜʫ ʢʘʪʝʛʦʨʠʷʤʠ. ɼʣʷ ʩʥʠʞʝʥʠʷ ʚʣʠʷʥʠʷ 

ʵʢʩʪʨʝʤʘʣʴʥʳʭ ʥʘʙʣʶʜʝʥʠʡ ʚʳʧʦʣʥʝʥʘ ʬʠʣʴʪʨʘʮʠʷ ʚʳʙʨʦʩʦʚ ʠ ʘʥʦʤʘʣʴʥʳʭ 

ʟʥʘʯʝʥʠʡ ʥʘ ʦʩʥʦʚʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʢʨʠʪʝʨʠʝʚ ʠ ʧʨʝʜʤʝʪʥʦ-ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʭ 

ʧʦʨʦʛʦʚ. ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʧʨʦʚʝʜʝʥʘ ʧʨʦʚʝʨʢʘ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚʦʛʦ 

ʧʨʦʩʪʨʘʥʩʪʚʘ ʤʝʞʜʫ ʢʣʠʝʥʪʩʢʠʤʠ ʫʟʣʘʤʠ ʧʦʩʨʝʜʩʪʚʦʤ ʩʪʨʫʢʪʫʨʥʦʡ 

ʚʘʣʠʜʘʮʠʠ ʠ ʚʳʨʘʚʥʠʚʘʥʠʷ ʩʭʝʤ ʜʘʥʥʳʭ, ʥʝʦʙʭʦʜʠʤʦʛʦ ʜʣʷ ʢʦʨʨʝʢʪʥʦʡ 

ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ. 
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ʅʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ ʙʳʣʠ ʧʦʩʪʨʦʝʥʳ ʣʦʢʘʣʴʥʳʝ ʤʦʜʝʣʠ Random Forest 

Regression, ʧʨʝʜʥʘʟʥʘʯʝʥʥʳʝ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʦʢʘʟʘʪʝʣʝʡ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ. ɸʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʨʝʘʣʠʟʦʚʘʥʘ ʪʘʢʠʤ ʦʙʨʘʟʦʤ, ʯʪʦ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ ʚʳʧʦʣʥʷʝʪʩʷ 

ʣʦʢʘʣʴʥʦ, ʙʝʟ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. 

ʌʦʨʤʠʨʦʚʘʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʦʩʫʱʝʩʪʚʣʷʣʦʩʴ ʥʘ ʩʝʨʚʝʨʝ ʧʫʪʝʤ 

ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʚ ʨʘʤʢʘʭ ʚʳʙʨʘʥʥʳʭ 

ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʦʙʝʩʧʝʯʠʣʦ ʩʦʭʨʘʥʝʥʠʝ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ, 

ʛʝʪʝʨʦʛʝʥʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ. 

 

3.6 ɺʳʚʦʜʳ ʧʦ ʛʣʘʚʝ  

ɺ ʪʨʝʪʴʝʡ ʛʣʘʚʝ ʦʧʠʩʘʥʘ ʩʠʩʪʝʤʘ ʩʙʦʨʘ ʜʘʥʥʳʭ ʥʘ ʦʩʥʦʚʝ ʚʝʙ-

ʧʣʘʪʬʦʨʤʳ, ʬʠʢʩʠʨʫʶʱʝʡ ʧʦʢʘʟʘʪʝʣʠ ʧʠʪʘʥʠʷ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʩʥʘ ʠ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ. ʈʘʩʩʤʦʪʨʝʥ ʦʧʨʦʩʥʠʢ MBI ʠ 

ʦʩʦʙʝʥʥʦʩʪʠ ʝʛʦ ʘʜʘʧʪʘʮʠʠ ʜʣʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʆʧʠʩʘʥʳ ʤʝʪʦʜʳ ʦʙʨʘʙʦʪʢʠ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ ʠ 

ʧʦʜʭʦʜʳ ʢ ʦʙʝʩʧʝʯʝʥʠʶ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʚ ʨʘʤʢʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ. ʇʨʦʘʥʘʣʠʟʠʨʦʚʘʥʳ ʘʣʛʦʨʠʪʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʠ ʤʝʭʘʥʠʟʤʳ ʨʘʥʥʝʛʦ ʚʳʷʚʣʝʥʠʷ ʨʠʩʢʦʚ. 

ʇʨʝʜʩʪʘʚʣʝʥʳ ʤʝʪʦʜʳ ʢʦʜʠʨʦʚʘʥʠʷ ʧʨʠʟʥʘʢʦʚ ʠ ʘʥʘʣʠʟ ʬʘʢʪʦʨʦʚ, ʚʣʠʷʶʱʠʭ 

ʥʘ ʫʨʦʚʝʥʴ ʚʳʛʦʨʘʥʠʷ ʩʪʫʜʝʥʪʦʚ. ɺ ʟʘʚʝʨʰʝʥʠʝ ʨʘʩʩʤʦʪʨʝʥʳ ʦʛʨʘʥʠʯʝʥʠʷ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ ʚʦʟʤʦʞʥʳʝ ʥʘʧʨʘʚʣʝʥʠʷ ʜʘʣʴʥʝʡʰʝʛʦ ʨʘʟʚʠʪʠʷ 

ʧʨʝʜʣʦʞʝʥʥʦʛʦ ʧʦʜʭʦʜʘ. 
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4 ʕʂʉʇɽʈʀʄɽʅʊʓ ʉ ʇʈʀʄɽʅɽʅʀɽʄ ʄʆɼɽʃɽʁ ʀ ʄɽʊʆɼʆɺ 

ɸʃɻʆʈʀʊʄʆɺ ʌɽɼɽʈɸʊʀɺʅʆɻʆ ʄɸʐʀʅʅʆɻʆ ʆɹʋʏɽʅʀʗ 

 

4.1 ɸʨʭʠʪʝʢʪʫʨʘ ʵʢʩʧʝʨʠʤʝʥʪʘ ʚ ʧʨʦʚʝʜʝʥʠʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ 

ʌʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ ʧʦʜʭʦʜ ʢ 

ʤʘʰʠʥʥʦʤʫ ʦʙʫʯʝʥʠʶ, ʧʨʠ ʢʦʪʦʨʦʤ ʢʣʠʝʥʪʳ ʩʦʚʤʝʩʪʥʦ ʦʙʫʯʘʶʪ ʤʦʜʝʣʴ ʙʝʟ 

ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ. ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ 

ʚʳʧʦʣʥʷʝʪʩʷ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ, ʧʦʩʣʝ ʯʝʛʦ ʥʘ ʩʝʨʚʝʨ ʧʝʨʝʜʘʶʪʩʷ ʪʦʣʴʢʦ 

ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ, ʢʦʪʦʨʳʝ ʘʛʨʝʛʠʨʫʶʪʩʷ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ʕʬʬʝʢʪʠʚʥʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚʦ ʤʥʦʛʦʤ ʦʧʨʝʜʝʣʷʝʪʩʷ 

ʘʨʭʠʪʝʢʪʫʨʦʡ ʩʠʩʪʝʤʳ. ɺ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʩʪʨʘʪʝʛʠʠ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʠ ʘʛʨʝʛʘʮʠʠ 

ʦʙʥʦʚʣʝʥʠʡ ʨʘʟʣʠʯʘʶʪ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʫʶ, ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʫʶ ʠ 

ʠʝʨʘʨʭʠʯʝʩʢʫʶ ʘʨʭʠʪʝʢʪʫʨʳ. ʅʝʟʘʚʠʩʠʤʦ ʦʪ ʚʳʙʨʘʥʥʦʡ ʩʭʝʤʳ ʧʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ 

ʚʢʣʶʯʘʝʪ ʣʦʢʘʣʴʥʦʝ ʦʙʥʦʚʣʝʥʠʝ ʤʦʜʝʣʝʡ ʥʘ ʢʣʠʝʥʪʘʭ ʠ ʧʦʩʣʝʜʫʶʱʫʶ ʘʛʨʝʛʘʮʠʶ 

ʥʘ ʩʝʨʚʝʨʝ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ ʠ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ 

ʦʙʫʯʝʥʠʷ. 

ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʨʝʘʣʠʟʦʚʘʥʘ ʢʣʠʝʥʪ-ʩʝʨʚʝʨʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚ ʢʦʪʦʨʦʡ ʮʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʚʳʧʦʣʥʷʝʪ ʢʦʦʨʜʠʥʘʮʠʶ 

ʧʨʦʮʝʩʩʘ ʠ ʦʙʲʝʜʠʥʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʝʡ, ʘ ʢʣʠʝʥʪʳ ʦʙʫʯʘʶʪ ʤʦʜʝʣʠ ʥʘ 

ʩʦʙʩʪʚʝʥʥʳʭ ʜʘʥʥʳʭ, ʧʨʝʜʩʪʘʚʣʝʥʥʘʷ ʥʘ ʨʠʩʫʥʢʝ 4.1. ʊʘʢʘʷ ʘʨʭʠʪʝʢʪʫʨʘ 

ʧʦʟʚʦʣʷʝʪ ʩʥʠʟʠʪʴ ʩʝʪʝʚʫʶ ʥʘʛʨʫʟʢʫ ʠ ʦʙʝʩʧʝʯʠʪʴ ʵʬʬʝʢʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʚ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʝ ʧʨʠ ʩʦʭʨʘʥʝʥʠʠ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ. 

 

 
 

ʈʠʩʫʥʦʢ 4.1 - ɸʨʭʠʪʝʢʪʫʨʘ ʌʆ 
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ɸʨʭʠʪʝʢʪʫʨʘ ʵʢʩʧʝʨʠʤʝʥʪʘ ʚʢʣʶʯʘʝʪ ʢʣʶʯʝʚʳʝ ʢʦʤʧʦʥʝʥʪʳ, ʢʦʪʦʨʳʝ 

ʦʙʝʩʧʝʯʠʚʘʶʪ ʧʨʦʮʝʩʩ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ ʦʩʥʦʚʥʳʝ ʵʪʘʧʳ, 

ʦʙʝʩʧʝʯʠʚʘʶʱʠʝ ʢʦʨʨʝʢʪʥʦʝ ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʝ ʩʠʩʪʝʤʳ. 

 

4.2 ɸʣʛʦʨʠʪʤʠʯʝʩʢʠʝ ʢʦʤʧʦʥʝʥʪʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʂʣʠʝʥʪʩʢʘʷ ʩʪʦʨʦʥʘ. ʄʝʪʦʜ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ 

ʅʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ Random Forest 

ʥʘ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ. ʂʣʠʝʥʪʳ ʧʨʝʜʩʪʘʚʣʷʶʪ ʫʩʪʨʦʡʩʪʚʘ, ʥʘʧʨʠʤʝʨ, 

ʧʝʨʩʦʥʘʣʴʥʳʝ ʢʦʤʧʴʶʪʝʨʳ, ʤʦʙʠʣʴʥʳʝ ʫʩʪʨʦʡʩʪʚʘ, ʢʦʪʦʨʳʝ ʦʙʣʘʜʘʶʪ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʚʦʟʤʦʞʥʦʩʪʷʤʠ ʜʣʷ ʣʦʢʘʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ.  
ɺ ʨʘʤʢʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʠʩʧʦʣʴʟʫʝʪ 

ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʡ ʥʘʙʦʨ ʜʘʥʥʳʭ, ʚʢʣʶʯʘʶʱʠʡ ʦʪʚʝʪʳ ʥʘ ʦʧʨʦʩʥʠʢ MBI, 
ʘ ʪʘʢʞʝ ʜʦʧʦʣʥʠʪʝʣʴʥʳʝ ʧʘʨʘʤʝʪʨʳ, ʪʘʢʠʝ ʢʘʢ ʢʦʣʠʯʝʩʪʚʦ ʯʘʩʦʚ ʩʥʘ, ʫʨʦʚʝʥʴ 
ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʧʠʪʘʥʠʝ ʠ ʜʨʫʛʠʝ ʬʘʢʪʦʨʳ, ʚʣʠʷʶʱʠʝ ʥʘ 
ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʝ ʩʦʩʪʦʷʥʠʝ. ɼʣʷ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʠ ʚʳʙʨʘʥ ʘʣʛʦʨʠʪʤ 
ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ (Random Forest Regression), ʧʦʩʢʦʣʴʢʫ ʦʥ ʜʝʤʦʥʩʪʨʠʨʫʝʪ 
ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʠ ʨʘʙʦʪʝ ʩ ʛʝʪʝʨʦʛʝʥʥʳʤʠ ʠ non-IID ʜʘʥʥʳʤʠ, ʪʦ ʝʩʪʴ 
ʜʘʥʥʳʤʠ, ʥʝʨʘʚʥʦʤʝʨʥʦ ʨʘʩʧʨʝʜʝʣʝʥʥʳʤʠ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. 

ʇʨʦʮʝʩʩ ʦʙʫʯʝʥʠʷ ʧʨʦʭʦʜʠʪ ʚ ʥʝʩʢʦʣʴʢʦ ʵʪʘʧʦʚ. ʂʘʞʜʳʡ ʢʣʠʝʥʪ 
ʦʙʫʯʘʝʪ ʤʦʜʝʣʴ ʥʘ ʩʚʦʠʭ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ, ʥʝ ʧʝʨʝʜʘʚʘʷ ʠʭ ʥʘ ʮʝʥʪʨʘʣʴʥʳʡ 
ʩʝʨʚʝʨ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʧʨʠʥʮʠʧʘʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʇʦʩʣʝ 
ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʠ ʦʙʥʦʚʣʷʶʪʩʷ ʧʫʪʝʤ ʢʦʨʨʝʢʪʠʨʦʚʢʠ 
ʧʘʨʘʤʝʪʨʦʚ, ʪʘʢʠʭ ʢʘʢ ʚʝʩʘ ʠ ʦʛʨʘʥʠʯʝʥʠʷ. ʆʜʥʘʢʦ, ʚʤʝʩʪʦ ʧʝʨʝʜʘʯʠ ʚʩʝʡ 
ʤʦʜʝʣʠ, ʥʘ ʩʝʨʚʝʨ ʦʪʧʨʘʚʣʷʶʪʩʷ ʪʦʣʴʢʦ ʦʙʥʦʚʣʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ, ʯʪʦ ʩʥʠʞʘʝʪ 
ʦʙʲʝʤ ʧʝʨʝʜʘʚʘʝʤʦʡ ʠʥʬʦʨʤʘʮʠʠ ʠ ʧʦʚʳʰʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʦʮʝʩʩʘ 
ʘʛʨʝʛʘʮʠʠ. 

ɺʘʞʥʳʤ ʘʩʧʝʢʪʦʤ ʨʝʘʣʠʟʘʮʠʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʷʚʣʷʝʪʩʷ 
ʦʙʝʩʧʝʯʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʜʘʥʥʳʭ ʢʣʠʝʥʪʦʚ. ɺʩʝ ʧʝʨʩʦʥʘʣʴʥʳʝ 
ʜʘʥʥʳʝ ʦʩʪʘʶʪʩʷ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʘ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʪʨʝʙʦʚʘʥʠʷʤ 
ʥʦʨʤʘʪʠʚʥʳʭ ʘʢʪʦʚ, ʪʘʢʠʭ ʢʘʢ GDPR ʠ HIPAA. ʇʝʨʝʜʘʯʘ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ 
ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʧʦ ʟʘʱʠʱʝʥʥʳʤ ʢʘʥʘʣʘʤ ʩʚʷʟʠ, ʯʪʦ ʧʨʝʜʦʪʚʨʘʱʘʝʪ 
ʚʦʟʤʦʞʥʦʩʪʴ ʫʪʝʯʢʠ ʜʘʥʥʳʭ ʠ ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʦʛʦ ʜʦʩʪʫʧʘ. ɸʨʭʠʪʝʢʪʫʨʘ 
ʌʆ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ ʩʪʝʧʝʥʴ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʟʘʱʠʱʝʥʥʦʩʪʠ 
ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ ʧʨʠ ʧʨʦʚʝʜʝʥʠʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ 
ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʝ.  

ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʵʪʘʧʘ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚʳʧʦʣʥʝʥ ʘʥʘʣʠʟ ʨʝʟʫʣʴʪʘʪʦʚ 
ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʩʢʠʭ ʫʟʣʦʚ ʚ ʫʩʣʦʚʠʷʭ 
ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ. ʈʘʩʧʨʝʜʝʣʝʥʠʷ ʢʣʶʯʝʚʳʭ ʧʨʠʟʥʘʢʦʚ, 
ʩʬʦʨʤʠʨʦʚʘʥʥʳʝ ʥʘ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ ʦʪʜʝʣʴʥʳʭ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ 
ʫʯʨʝʞʜʝʥʠʡ (UNI 1, UNI 2, UNI 3) ʧʦʩʣʝ ʵʪʘʧʦʚ ʩʙʦʨʘ ʠ ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ 
ʦʙʨʘʙʦʪʢʠ, ʧʨʝʜʩʪʘʚʣʝʥʳ ʚ ʪʘʙʣʠʮʝ 4.1 ʠ ʦʪʨʘʞʘʶʪ ʧʦʚʝʜʝʥʯʝʩʢʠʝ ʠ 
ʬʠʟʠʦʣʦʛʠʯʝʩʢʠʝ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʩʪʫʜʝʥʪʦʚ, ʚʢʣʶʯʘʷ ʠʩʧʦʣʴʟʦʚʘʥʠʝ 
ʮʠʬʨʦʚʳʭ ʫʩʪʨʦʡʩʪʚ, ʧʘʨʘʤʝʪʨʳ ʧʠʪʘʥʠʷ, ʫʯʝʙʥʫʶ ʥʘʛʨʫʟʢʫ, ʨʝʞʠʤ ʩʥʘ ʠ 
ʨʝʟʫʣʴʪʘʪʳ ʧʩʠʭʦʤʝʪʨʠʯʝʩʢʦʛʦ ʪʝʩʪʠʨʦʚʘʥʠʷ. 
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ʊʘʙʣʠʮʘ 4.1 - ʈʝʟʫʣʴʪʘʪʳ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʨʘʤʢʘʭ ʬʝʜʝʨʘʪʠʚʥʦʡ 
ʘʨʭʠʪʝʢʪʫʨʳ 
 

 ̄ UNI 1 UNI 2 UNI 3 
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ʇʨʦʚʝʜʝʥʥʳʡ ʘʥʘʣʠʟ ʧʦʢʘʟʘʣ ʚʳʨʘʞʝʥʥʫʶ ʩʪʘʪʠʩʪʠʯʝʩʢʫʶ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʴ ʣʦʢʘʣʴʥʳʭ ʚʳʙʦʨʦʢ, ʧʨʦʷʚʣʷʶʱʫʶʩʷ ʚ ʨʘʟʣʠʯʠʷʭ ʜʠʘʧʘʟʦʥʦʚ 
ʟʥʘʯʝʥʠʡ ʠ ʬʦʨʤ ʨʘʩʧʨʝʜʝʣʝʥʠʡ ʧʨʠʟʥʘʢʦʚ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ non-IID 
ʭʘʨʘʢʪʝʨ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʩʢʠʤʠ ʫʟʣʘʤʠ. ʇʨʝʜʩʪʘʚʣʝʥʥʳʝ ʚ ʪʘʙʣʠʮʝ ʠ ʥʘ 
ʛʨʘʬʠʯʝʩʢʠʭ ʤʘʪʝʨʠʘʣʘʭ ʨʝʟʫʣʴʪʘʪʳ ʦʙʦʩʥʦʚʳʚʘʶʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʣʦʢʘʣʴʥʦʡ 
ʦʙʨʘʙʦʪʢʠ ʯʫʚʩʪʚʠʪʝʣʴʥʳʭ ʜʘʥʥʳʭ ʠ ʧʦʜʪʚʝʨʞʜʘʶʪ ʢʦʨʨʝʢʪʥʦʩʪʴ ʧʨʠʤʝʥʝʥʠʷ 
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ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʧʦʩʣʝʜʫʶʱʝʡ ʘʛʨʝʛʘʮʠʠ ʤʦʜʝʣʝʡ ʠ ʦʮʝʥʢʠ ʠʭ 
ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ɺ ʪʘʙʣʠʮʝ 4.2 ʧʨʝʜʩʪʘʚʣʝʥʳ ʢʦʣʠʯʝʩʪʚʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʦʮʝʥʢʠ ʤʦʜʝʣʠ 
ʜʦ ʠ ʧʦʩʣʝ ʚʥʝʜʨʝʥʠʷ ʧʨʝʜʣʦʞʝʥʥʳʭ ʫʣʫʯʰʝʥʠʡ. ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ 
ʧʨʠʚʝʜʝʥʥʳʭ ʟʥʘʯʝʥʠʡ ʧʦʟʚʦʣʷʝʪ ʧʨʦʩʣʝʜʠʪʴ ʠʟʤʝʥʝʥʠʷ ʦʩʥʦʚʥʳʭ ʧʦʢʘʟʘʪʝʣʝʡ 
ʢʘʯʝʩʪʚʘ ʠ ʦʮʝʥʠʪʴ ʚʣʠʷʥʠʝ ʚʳʧʦʣʥʝʥʥʳʭ ʤʦʜʠʬʠʢʘʮʠʡ ʥʘ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 
ʤʦʜʝʣʠ. ɼʘʥʥʳʝ ʪʘʙʣʠʮʳ ʥʘʛʣʷʜʥʦ ʦʪʨʘʞʘʶʪ ʜʠʥʘʤʠʢʫ ʧʦʢʘʟʘʪʝʣʝʡ ʠ 
ʠʩʧʦʣʴʟʫʶʪʩʷ ʜʣʷ ʦʙʦʩʥʦʚʘʥʠʷ ʮʝʣʝʩʦʦʙʨʘʟʥʦʩʪʠ ʚʥʝʩʝʥʥʳʭ ʫʣʫʯʰʝʥʠʡ. 

 
ʊʘʙʣʠʮʘ 4.2 - ʂʦʣʠʯʝʩʪʚʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʦʮʝʥʢʠ ʤʦʜʝʣʠ ʜʦ ʠ ʧʦʩʣʝ ʚʥʝʜʨʝʥʠʷ 
ʧʨʝʜʣʦʞʝʥʥʳʭ ʫʣʫʯʰʝʥʠʡ 

 

ʂʦʤʧʦʥʝʥʪ 

ʤʦʜʝʣʠ 
ɼʦ ʚʥʝʩʝʥʠʷ ʫʣʫʯʰʝʥʠʡ 

ʇʦʩʣʝ ʚʥʝʩʝʥʠʷ 

ʫʣʫʯʰʝʥʠʡ 

ɺʨʝʤʝʥʥʦʡ 

ʧʨʠʟʥʘʢ 

entry_date 

ʀʩʧʦʣʴʟʦʚʘʣʩʷ ʚ 

ʩʪʨʦʢʦʚʦʤ ʬʦʨʤʘʪʝ ʠ ʥʝ 

ʫʯʘʩʪʚʦʚʘʣ ʚ ʯʠʩʣʦʚʦʤ 

ʤʦʜʝʣʠʨʦʚʘʥʠʠ 

ʇʨʝʦʙʨʘʟʦʚʘʥ ʚ ʯʠʩʣʦʚʦʡ 

ʬʦʨʤʘʪ  

ʇʨʠʟʥʘʢ 

student_id 

ʅʝ ʢʦʜʠʨʦʚʘʣʩʷ, 

ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ ʨʘʟʣʠʯʠʷ 

ʤʝʞʜʫ ʫʯʘʱʠʤʠʩʷ ʥʝ 

ʫʯʠʪʳʚʘʣʠʩʴ 

ɿʘʢʦʜʠʨʦʚʘʥ ʤʝʪʦʜʦʤ One-

Hot Encoding ʙʝʟ ʚʚʝʜʝʥʠʷ 

ʣʦʞʥʦʛʦ ʧʦʨʷʜʢʘ 

ʊʠʧ ʦʮʝʥʢʠ 

ʤʦʜʝʣʠ 

ʀʩʧʦʣʴʟʦʚʘʣʠʩʴ ʪʦʣʴʢʦ 

ʨʝʛʨʝʩʩʠʦʥʥʳʝ ʤʝʪʨʠʢʠ 

(MSE, R²) 

ʀʩʧʦʣʴʟʫʶʪʩʷ 

ʨʝʛʨʝʩʩʠʦʥʥʳʝ ʠ 

ʢʣʘʩʩʠʬʠʢʘʮʠʦʥʥʳʝ 

ʤʝʪʨʠʢʠ: Accuracy, 

Precision, Recall, F1-score 

ʎʝʣʝʚʘʷ 

ʧʝʨʝʤʝʥʥʘʷ 

ʀʩʧʦʣʴʟʦʚʘʣʘʩʴ ʪʦʣʴʢʦ ʚ 

ʥʝʧʨʝʨʳʚʥʦʡ ʬʦʨʤʝ 

ɺʚʝʜʝʥʘ ʙʠʥʘʨʠʟʘʮʠʷ ʧʦ 

ʤʝʜʠʘʥʥʦʤʫ ʧʦʨʦʛʫ  

ʂʘʯʝʩʪʚʦ 

ʜʘʥʥʳʭ 

ʆʯʠʩʪʢʘ ʜʘʥʥʳʭ ʥʝ 

ʚʳʧʦʣʥʷʣʘʩʴ 

ʋʜʘʣʝʥʳ ʟʘʧʠʩʠ ʩ 

ʥʝʢʦʨʨʝʢʪʥʳʤʠ 

ʚʨʝʤʝʥʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ 

ʅʘʜʝʞʥʦʩʪʴ 

ʤʦʜʝʣʠ 

ʇʦʪʝʥʮʠʘʣʴʥʦ 

ʠʩʢʘʞʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ 

ʇʦʚʳʰʝʥʥʘʷ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʠ ʢʦʨʨʝʢʪʥʦʩʪʴ ʦʙʫʯʝʥʠʷ 
 

ɼʣʷ ʬʦʨʤʘʣʠʟʘʮʠʠ ʠʩʧʦʣʴʟʫʝʤʳʭ ʤʝʪʦʜʦʚ ʠ ʦʙʦʩʥʦʚʘʥʠʷ ʢʦʨʨʝʢʪʥʦʩʪʠ 
ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʚ ʨʘʤʢʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʥʠʞʝ 
ʧʨʠʚʦʜʷʪʩʷ ʣʝʤʤʳ, ʦʧʠʩʳʚʘʶʱʠʝ ʙʘʟʦʚʫʶ ʤʦʜʝʣʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ 
ʢʣʶʯʝʚʳʝ ʵʪʘʧʳ ʧʨʝʦʙʨʘʟʦʚʘʥʠʷ ʧʨʠʟʥʘʢʦʚ. ʇʨʝʜʩʪʘʚʣʝʥʥʳʝ ʣʝʤʤʳ ʦʪʨʘʞʘʶʪ 
ʦʩʥʦʚʥʳʝ ʜʦʧʫʱʝʥʠʷ ʠ ʧʨʝʦʙʨʘʟʦʚʘʥʠʷ, ʠʩʧʦʣʴʟʫʝʤʳʝ ʧʨʠ ʧʦʩʪʨʦʝʥʠʠ ʠ 
ʦʙʫʯʝʥʠʠ ʤʦʜʝʣʝʡ ʚ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʝ. 

ʃʝʤʤʳ: 

¶ ʃʝʤʤʘ (ɹʘʟʦʚʘʷ ʤʦʜʝʣʴ Random Forest Regression ʚ ʌʆ) 

¶ ʃʝʤʤʘ (ʇʨʝʦʙʨʘʟʦʚʘʥʠʝ ʚʨʝʤʝʥʥʦʛʦ ʧʨʠʟʥʘʢʘ entry_date) 

¶ ʃʝʤʤʘ (ʂʦʜʠʨʦʚʘʥʠʝ ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ student_id) 
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ɼʘʣʝʝ ʧʨʝʜʩʪʘʚʣʝʥʳ ʣʝʤʤʳ: 

ʃʝʤʤʘ (ɹʘʟʦʚʘʷ ʤʦʜʝʣʴ Random Forest Regression ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ 

ʦʙʫʯʝʥʠʠ) 

ʇʫʩʪʴ ʟʘʜʘʥʘ ʦʙʫʯʘʶʱʘʷ ʚʳʙʦʨʢʘ 

 

꜠ ὼȟώ ȟ       (4.1) 

 

ʛʜʝ ὼᶰᴙð ʚʝʢʪʦʨ ʧʨʠʟʥʘʢʦʚ, ʘ ώᶰᴙ - ʥʝʧʨʝʨʳʚʥʘʷ ʮʝʣʝʚʘʷ 
ʧʝʨʝʤʝʥʥʘʷ. 

ɸʣʛʦʨʠʪʤ Random Forest Regression ʩʪʨʦʠʪ ʘʥʩʘʤʙʣʴ ʠʟ Ὕʜʝʨʝʚʴʝʚ 
ʨʝʰʝʥʠʡ Ὤ ẗ , ʦʙʫʯʝʥʥʳʭ ʥʘ ʙʫʪʩʪʨʵʧ-ʚʳʙʦʨʢʘʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ 

ʩʣʫʯʘʡʥʦʛʦ ʧʦʜʧʨʦʩʪʨʘʥʩʪʚʘ ʧʨʠʟʥʘʢʦʚ. ʀʪʦʛʦʚʦʝ ʧʨʝʜʩʢʘʟʘʥʠʝ ʜʣʷ ʚʭʦʜʥʦʛʦ 

ʚʝʢʪʦʨʘ ὼʦʧʨʝʜʝʣʷʝʪʩʷ ʢʘʢ ʫʩʨʝʜʥʝʥʠʝ ʧʨʦʛʥʦʟʦʚ ʦʪʜʝʣʴʥʳʭ ʜʝʨʝʚʴʝʚ: 

 

ώὼ В Ὤ ὼȢ      (4.2) 

 

ʊʘʢʦʝ ʘʥʩʘʤʙʣʝʚʦʝ ʫʩʨʝʜʥʝʥʠʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʥʠʞʝʥʠʝ ʜʠʩʧʝʨʩʠʠ 

ʤʦʜʝʣʠ, ʜʝʢʦʨʨʝʣʷʮʠʶ ʜʝʨʝʚʴʝʚ ʠ ʧʦʚʳʰʝʥʠʝ ʫʩʪʦʡʯʠʚʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ, 

ʯʪʦ ʜʝʣʘʝʪ Random Forest Regression ʧʨʠʛʦʜʥʦʡ ʚ ʢʘʯʝʩʪʚʝ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʚ 

ʘʨʭʠʪʝʢʪʫʨʝ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ Random Forest Regression ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ ʧʦʟʚʦʣʷʝʪ: 

¶ ʚʳʧʦʣʥʷʪʴ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʙʝʟ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ; 

¶ ʦʙʝʩʧʝʯʠʚʘʪʴ ʫʩʪʦʡʯʠʚʦʩʪʴ ʤʦʜʝʣʠ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID 

ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ; 

¶ ʠʩʧʦʣʴʟʦʚʘʪʴ ʘʛʨʝʛʠʨʫʝʤʳʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ ʧʨʝʜʩʪʘʚʣʝʥʠʷ, ʥʘʧʨʠʤʝʨ, 

ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ ʚʤʝʩʪʦ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ. 

ɺʳʚʦʜ: Random Forest Regression ʬʦʨʤʠʨʫʝʪ ʧʨʦʛʥʦʟ ʢʘʢ ʩʨʝʜʥʝʝ ʧʦ 

ʘʥʩʘʤʙʣʶ ʜʝʨʝʚʴʝʚ, ʯʪʦ ʩʥʠʞʘʝʪ ʜʠʩʧʝʨʩʠʶ ʠ ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʤʦʜʝʣʠ. 

ʕʪʦ ʜʝʣʘʝʪ ʘʣʛʦʨʠʪʤ ʵʬʬʝʢʪʠʚʥʦʡ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʴʶ ʜʣʷ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʥʘ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

 

ʃʝʤʤʘ (ʇʨʝʦʙʨʘʟʦʚʘʥʠʝ ʚʨʝʤʝʥʥʦʛʦ ʧʨʠʟʥʘʢʘ entry_date) 

ʇʫʩʪʴ ʚʨʝʤʝʥʥʦʡ ʧʨʠʟʥʘʢ ὩὲὸὶώᾨὥὸὩ ʟʘʜʘʥ ʚ ʩʪʨʦʢʦʚʦʤ ʬʦʨʤʘʪʝ ʠ 
ʦʪʨʘʞʘʝʪ ʤʦʤʝʥʪ ʬʠʢʩʘʮʠʠ ʥʘʙʣʶʜʝʥʠʷ. ɼʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʨʨʝʢʪʥʦʡ 

ʦʙʨʘʙʦʪʢʠ ʚʨʝʤʝʥʥʦʡ ʜʠʥʘʤʠʢʠ ʚ ʤʦʜʝʣʷʭ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʘʥʥʳʡ 

ʧʨʠʟʥʘʢ ʧʨʝʦʙʨʘʟʫʝʪʩʷ ʚ ʯʠʩʣʦʚʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʚ ʚʠʜʝ Unix time: 

 

ὸ 5ÎÉØ4ÉÍÅὩὲὸὶώ      (4.3) 

 

ʛʜʝ ὸᶰᴙ - ʢʦʣʠʯʝʩʪʚʦ ʩʝʢʫʥʜ, ʧʨʦʰʝʜʰʠʭ ʩ 1 ʷʥʚʘʨʷ 1970 ʛʦʜʘ (UTC). 

ʊʘʢʦʝ ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʧʦʨʷʜʦʯʝʥʥʦʩʪʴ ʚʨʝʤʝʥʥʳʭ 

ʥʘʙʣʶʜʝʥʠʡ, ʧʦʟʚʦʣʷʝʪ ʫʯʠʪʳʚʘʪʴ ʚʨʝʤʝʥʥʫʶ ʩʪʨʫʢʪʫʨʫ ʜʘʥʥʳʭ ʠ ʜʝʣʘʝʪ 

ʧʨʠʟʥʘʢ ʩʦʚʤʝʩʪʠʤʳʤ ʩ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ 

ʘʥʩʘʤʙʣʝʚʳʝ ʠ ʬʝʜʝʨʘʪʠʚʥʳʝ ʤʦʜʝʣʠ. 



80 

 

ʏʠʩʣʦʚʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʚʨʝʤʝʥʥʦʛʦ ʧʨʠʟʥʘʢʘ: 

¶ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ ʤʝʞʜʫ 

ʢʣʠʝʥʪʘʤʠ; 

¶ ʥʝ ʪʨʝʙʫʝʪ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʚʨʝʤʝʥʥʳʭ ʤʝʪʦʢ; 

¶ ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʢʦʨʨʝʢʪʥʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʧʨʠ 

non-IID ʜʘʥʥʳʭ. 

ɺʳʚʦʜ: ɺʨʝʤʝʥʥʦʡ ʧʨʠʟʥʘʢ entry_date ʧʨʝʦʙʨʘʟʫʝʪʩʷ ʚ ʯʠʩʣʦʚʦʡ ʬʦʨʤʘʪ 

Unix time, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʫʯʠʪʳʚʘʪʴ ʚʨʝʤʝʥʥʫʶ ʜʠʥʘʤʠʢʫ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʢʦʨʨʝʢʪʥʫʶ ʦʙʨʘʙʦʪʢʫ ʜʘʥʥʳʭ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ. 

 

ʃʝʤʤʘ (ʂʦʜʠʨʦʚʘʥʠʝ ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ student_id) 

ʇʫʩʪʴ student_id - ʢʘʪʝʛʦʨʠʘʣʴʥʳʡ ʧʨʠʟʥʘʢ, ʧʨʠʥʠʤʘʶʱʠʡ ʟʥʘʯʝʥʠʷ ʠʟ 

ʢʦʥʝʯʥʦʛʦ ʤʥʦʞʝʩʪʚʘ ʠʜʝʥʪʠʬʠʢʘʪʦʨʦʚ ʩʪʫʜʝʥʪʦʚ 

 

ה ίȟίȟȣȟί        (4.4) 

 

ʊʦʛʜʘ ʧʨʠʤʝʥʝʥʠʝ ʤʝʪʦʜʘ One-Hot Encoding ʧʨʝʦʙʨʘʟʫʝʪ ʧʨʠʟʥʘʢ 

student_id ʚ ʙʠʥʘʨʥʳʡ ʚʝʢʪʦʨ 

 

Østudentὼȟὼȟȣȟὼ ȟὼᶰπȟρ     (4.5) 

 

ʛʜʝ 

ὼ
ρȟʝʩʣʠ student_idί
πȟ ʠʥʘʯʝȢ

      (4.6) 

 

ʊʘʢʦʝ ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʨʨʝʢʪʥʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ 

ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ ʚ ʯʠʩʣʦʚʦʤ ʧʨʦʩʪʨʘʥʩʪʚʝ ʧʨʠʟʥʘʢʦʚ ʠ ʠʩʢʣʶʯʘʝʪ 

ʚʚʝʜʝʥʠʝ ʣʦʞʥʦʛʦ ʧʦʨʷʜʢʦʚʦʛʦ ʦʪʥʦʰʝʥʠʷ ʤʝʞʜʫ ʠʜʝʥʪʠʬʠʢʘʪʦʨʘʤʠ 

ʩʪʫʜʝʥʪʦʚ. 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ One-Hot Encoding ʜʣʷ ʧʨʠʟʥʘʢʘ student_id ʦʙʝʩʧʝʯʠʚʘʝʪ: 

¶ ʩʦʚʤʝʩʪʠʤʦʩʪʴ ʜʘʥʥʳʭ ʩ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ; 

¶ ʩʦʭʨʘʥʝʥʠʝ ʠʥʜʠʚʠʜʫʘʣʴʥʳʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʩʪʫʜʝʥʪʦʚ; 

¶ ʢʦʨʨʝʢʪʥʫʶ ʬʝʜʝʨʘʪʠʚʥʫʶ ʘʛʨʝʛʘʮʠʶ ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ 

ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. 

ʂʘʪʝʛʦʨʠʘʣʴʥʳʡ ʧʨʠʟʥʘʢ student_id ʧʨʝʦʙʨʘʟʫʝʪʩʷ ʤʝʪʦʜʦʤ One-Hot 

Encoding ʚ ʙʠʥʘʨʥʳʡ ʚʝʢʪʦʨ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʢʦʨʨʝʢʪʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴ ʝʛʦ ʚ 

ʤʦʜʝʣʠ ʙʝʟ ʚʚʝʜʝʥʠʷ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʧʦʨʷʜʢʘ ʤʝʞʜʫ ʠʜʝʥʪʠʬʠʢʘʪʦʨʘʤʠ. 

ʇʨʝʜʩʪʘʚʣʝʥʠʝ ʟʘʱʠʪʳ ʣʝʤʤʳ: ʢʦʜʠʨʦʚʘʥʠʝ ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ 

student_id 

ʉʤʳʩʣ ʣʝʤʤʳ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʢʦʨʨʝʢʪʥʦʤ ʧʨʝʜʩʪʘʚʣʝʥʠʠ 

ʢʘʪʝʛʦʨʠʘʣʴʥʦʛʦ ʧʨʠʟʥʘʢʘ student_id ʚ ʯʠʩʣʦʚʦʤ ʚʠʜʝ ʙʝʟ ʠʩʢʘʞʝʥʠʷ ʝʛʦ 

ʩʝʤʘʥʪʠʢʠ. 

ʇʨʠʟʥʘʢ student_id ʷʚʣʷʝʪʩʷ ʥʦʤʠʥʘʣʴʥʳʤ, ʪʦ ʝʩʪʴ ʝʛʦ ʟʥʘʯʝʥʠʷ ʥʝ 

ʦʙʣʘʜʘʶʪ ʧʦʨʷʜʢʦʤ ʠ ʥʝ ʤʦʛʫʪ ʠʥʪʝʨʧʨʝʪʠʨʦʚʘʪʴʩʷ ʢʦʣʠʯʝʩʪʚʝʥʥʦ. 
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ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʯʠʩʣʦʚʦʛʦ ʢʦʜʠʨʦʚʘʥʠʷ, ʥʘʧʨʠʤʝʨ ʮʝʣʳʭ ʠʥʜʝʢʩʦʚ, ʧʨʠʚʦʜʠʣʦ 

ʙʳ ʢ ʚʚʝʜʝʥʠʶ ʣʦʞʥʳʭ ʧʦʨʷʜʢʦʚʳʭ ʠ ʤʝʪʨʠʯʝʩʢʠʭ ʦʪʥʦʰʝʥʠʡ ʤʝʞʜʫ 

ʠʜʝʥʪʠʬʠʢʘʪʦʨʘʤʠ ʩʪʫʜʝʥʪʦʚ, ʯʪʦ ʷʚʣʷʝʪʩʷ ʤʝʪʦʜʦʣʦʛʠʯʝʩʢʠ ʥʝʢʦʨʨʝʢʪʥʳʤ. 

ɺ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʣʝʤʤʦʡ, ʧʨʠʤʝʥʝʥʠʝ ʤʝʪʦʜʘ One-Hot Encoding 

ʦʪʦʙʨʘʞʘʝʪ ʢʘʞʜʳʡ ʠʜʝʥʪʠʬʠʢʘʪʦʨ ʩʪʫʜʝʥʪʘ ʚ ʦʪʜʝʣʴʥʫʶ ʢʦʤʧʦʥʝʥʪʫ 

ʙʠʥʘʨʥʦʛʦ ʚʝʢʪʦʨʘ, ʛʜʝ ʘʢʪʠʚʥʦʡ ʷʚʣʷʝʪʩʷ ʨʦʚʥʦ ʦʜʥʘ ʢʦʦʨʜʠʥʘʪʘ. ʊʘʢʦʝ 

ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʦʜʥʦʟʥʘʯʥʦʝ ʠ ʥʝʟʘʚʠʩʠʤʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ 

ʢʘʞʜʦʛʦ ʩʪʫʜʝʥʪʘ ʚ ʧʨʦʩʪʨʘʥʩʪʚʝ ʧʨʠʟʥʘʢʦʚ. 

ʂʦʜʠʨʦʚʘʥʠʝ: 

¶ ʥʝ ʚʚʦʜʠʪ ʠʩʢʫʩʩʪʚʝʥʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ ʤʝʞʜʫ ʩʪʫʜʝʥʪʘʤʠ; 

¶ ʩʦʭʨʘʥʷʝʪ ʠʥʜʠʚʠʜʫʘʣʴʥʦʩʪʴ ʢʘʞʜʦʛʦ ʦʙʲʝʢʪʘ; 

¶ ʩʦʚʤʝʩʪʠʤʦ ʩ ʙʦʣʴʰʠʥʩʪʚʦʤ ʘʣʛʦʨʠʪʤʦʚ ʄʆ. 

ʉ ʪʦʯʢʠ ʟʨʝʥʠʷ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʵʪʦ ʠʤʝʝʪ ʧʨʠʥʮʠʧʠʘʣʴʥʦʝ 

ʟʥʘʯʝʥʠʝ. ʇʦʩʢʦʣʴʢʫ ʦʙʫʯʝʥʠʝ ʧʨʦʠʩʭʦʜʠʪ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ, 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ One-Hot Encoding ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʧʨʠʟʥʘʢʦʚʦʛʦ 

ʧʨʦʩʪʨʘʥʩʪʚʘ ʤʝʞʜʫ ʨʘʟʣʠʯʥʳʤʠ ʫʟʣʘʤʠ ʬʝʜʝʨʘʪʠʚʥʦʡ ʩʠʩʪʝʤʳ ʠ ʧʦʟʚʦʣʷʝʪ 

ʢʦʨʨʝʢʪʥʦ ʘʛʨʝʛʠʨʦʚʘʪʴ ʧʘʨʘʤʝʪʨʳ ʠʣʠ ʩʪʘʪʠʩʪʠʢʠ ʤʦʜʝʣʝʡ ʙʝʟ ʫʪʨʘʪʳ 

ʩʝʤʘʥʪʠʢʠ ʧʨʠʟʥʘʢʦʚ. 

ʉʣʝʜʦʚʘʪʝʣʴʥʦ, One-Hot Encoding ʷʚʣʷʝʪʩʷ ʥʝʦʙʭʦʜʠʤʳʤ ʠ ʜʦʩʪʘʪʦʯʥʳʤ 

ʩʧʦʩʦʙʦʤ ʢʦʜʠʨʦʚʘʥʠʷ ʧʨʠʟʥʘʢʘ student_id ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʨʨʝʢʪʥʦʩʪʠ 

ʦʙʫʯʝʥʠʷ, ʠʥʪʝʨʧʨʝʪʘʮʠʠ ʠ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʤʦʜʝʣʝʡ ʚ ʨʘʤʢʘʭ ʜʘʥʥʦʡ 

ʨʘʙʦʪʳ. 

 

4.3 ʆʙʦʩʥʦʚʘʥʠʝ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʚʝʢʪʦʨʦʚ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 

ʚʤʝʩʪʦ ʚʝʩʦʚ ʤʦʜʝʣʠ 

ɺ ʨʘʤʢʘʭ ʨʝʘʣʠʟʘʮʠʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ 

ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ ʘʥʩʘʤʙʣʝʚʳʭ ʤʦʜʝʣʝʡ ʦʩʦʙʦʝ ʟʥʘʯʝʥʠʝ ʧʨʠʦʙʨʝʪʘʝʪ 

ʚʳʙʦʨ ʦʙʲʝʢʪʘ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ 

ʤʦʜʝʣʝʡ, ʛʜʝ ʘʛʨʝʛʘʮʠʷ ʧʘʨʘʤʝʪʨʦʚ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʥʘʧʨʷʤʫʶ, ʘʥʩʘʤʙʣʝʚʳʝ 

ʤʦʜʝʣʠ ʪʠʧʘ Random Forest ʥʝ ʜʦʧʫʩʢʘʶʪ ʢʦʨʨʝʢʪʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ ʚʝʩʦʚ ʚ 

ʢʣʘʩʩʠʯʝʩʢʦʤ ʚʠʜʝ. ɺ ʩʚʷʟʠ ʩ ʵʪʠʤ ʚʦʟʥʠʢʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

ʘʣʴʪʝʨʥʘʪʠʚʥʳʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʟʥʘʥʠʡ, ʠʟʚʣʝʢʘʝʤʳʭ ʠʟ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ. 

ɺ ʜʘʥʥʦʤ ʨʘʟʜʝʣʝ ʨʘʩʩʤʘʪʨʠʚʘʝʪʩʷ ʦʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʚʝʢʪʦʨʦʚ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʚ ʢʘʯʝʩʪʚʝ ʦʙʲʝʢʪʘ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ, ʯʪʦ 

ʧʦʟʚʦʣʷʝʪ ʧʝʨʝʡʪʠ ʦʪ ʘʛʨʝʛʘʮʠʠ ʥʝʩʪʘʙʠʣʴʥʳʭ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ ʢ 

ʦʙʲʝʜʠʥʝʥʠʶ ʩʪʘʪʠʩʪʠʯʝʩʢʠ ʫʩʪʦʡʯʠʚʳʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ, ʦʪʨʘʞʘʶʱʠʭ ʚʢʣʘʜ 

ʧʨʠʟʥʘʢʦʚ ʚ ʬʦʨʤʠʨʦʚʘʥʠʝ ʧʨʦʛʥʦʟʘ. ɼʣʷ ʧʦʜʪʚʝʨʞʜʝʥʠʷ ʮʝʣʝʩʦʦʙʨʘʟʥʦʩʪʠ 

ʚʳʙʨʘʥʥʦʛʦ ʨʝʰʝʥʠʷ ʧʨʦʚʝʜʝʥ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʧʘʨʘʤʝʪʨʦʚ ʨʘʟʣʠʯʥʳʭ ʤʦʜʝʣʝʡ, ʘ ʪʘʢʞʝ ʠʭ ʢʘʯʝʩʪʚʘ ʠ ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʠ ʚ 

ʫʩʣʦʚʠʷʭ ʧʦʚʪʦʨʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ʅʘ ʨʠʩʫʥʢʝ 4.2 ʧʨʝʜʩʪʘʚʣʝʥʘ boxplot-ʜʠʘʛʨʘʤʤʘ, ʦʪʨʘʞʘʶʱʘʷ 

ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʫʩʪʦʡʯʠʚʦʩʪʠ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʤʦʜʝʣʠ Random Forest ʧʨʠ ʧʦʚʪʦʨʥʳʭ ʟʘʧʫʩʢʘʭ 

ʦʙʫʯʝʥʠʷ. ʇʦ ʦʩʠ ʘʙʩʮʠʩʩ ʧʦʢʘʟʘʥʳ ʪʠʧʳ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʠ (ʢʦʵʬʬʠʮʠʝʥʪʳ 
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ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ Random Forest), ʧʦ ʦʩʠ ʦʨʜʠʥʘʪ 

ʟʥʘʯʝʥʠʷ ʩʦʦʪʚʝʪʩʪʚʫʶʱʠʭ ʧʘʨʘʤʝʪʨʦʚ, ʧʦʣʫʯʝʥʥʳʝ ʚ ʨʝʟʫʣʴʪʘʪʝ 

ʤʥʦʛʦʢʨʘʪʥʦʛʦ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʠ ʧʨʠ ʠʜʝʥʪʠʯʥʳʭ ʫʩʣʦʚʠʷʭ. 

Boxplot-ʜʠʘʛʨʘʤʤʘ ʥʘʛʣʷʜʥʦ ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʩʫʱʝʩʪʚʝʥʥʳʝ ʨʘʟʣʠʯʠʷ ʚ 

ʭʘʨʘʢʪʝʨʝ ʨʘʩʧʨʝʜʝʣʝʥʠʡ. ɼʣʷ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ 

ʥʘʙʣʶʜʘʝʪʩʷ ʰʠʨʦʢʠʡ ʤʝʞʢʚʘʨʪʠʣʴʥʳʡ ʨʘʟʤʘʭ ʠ ʥʘʣʠʯʠʝ ʟʥʘʯʠʪʝʣʴʥʳʭ 

ʦʪʢʣʦʥʝʥʠʡ, ʯʪʦ ʫʢʘʟʳʚʘʝʪ ʥʘ ʚʳʩʦʢʫʶ ʚʘʨʠʘʪʠʚʥʦʩʪʴ ʧʘʨʘʤʝʪʨʦʚ ʠ ʠʭ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʢ ʠʟʤʝʥʝʥʠʶ ʦʙʫʯʘʶʱʝʡ ʚʳʙʦʨʢʠ. ɺ ʧʨʦʪʠʚʦʧʦʣʦʞʥʦʩʪʴ 

ʵʪʦʤʫ, ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ Random Forest ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʢʨʘʡʥʝ ʤʘʣʳʤ 

ʨʘʟʙʨʦʩʦʤ ʟʥʘʯʝʥʠʡ ʠ ʢʦʤʧʘʢʪʥʳʤ ʨʘʩʧʨʝʜʝʣʝʥʠʝʤ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ 

ʚʳʩʦʢʦʡ ʫʩʪʦʡʯʠʚʦʩʪʠ ʜʘʥʥʳʭ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʦʮʝʥʦʢ. 

 

 
 

ʈʠʩʫʥʦʢ 4.2 - Boxplot-ʜʠʘʛʨʘʤʤʘ ʨʘʟʙʨʦʩʘ ʧʘʨʘʤʝʪʨʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ Random Forest 

 

ʈʝʟʫʣʴʪʘʪʳ ʧʦʜʪʚʝʨʞʜʘʶʪ, ʯʪʦ ʢʦʵʬʬʠʮʠʝʥʪʳ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ 

ʦʙʣʘʜʘʶʪ ʥʠʟʢʦʡ ʩʪʘʙʠʣʴʥʦʩʪʴʶ ʧʨʠ ʧʦʚʪʦʨʥʳʭ ʦʙʫʯʝʥʠʷʭ, ʪʦʛʜʘ ʢʘʢ ʚʝʢʪʦʨʳ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ Random Forest ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʟʥʘʯʠʪʝʣʴʥʦ ʙʦʣʝʝ 

ʫʩʪʦʡʯʠʚʦʝ ʧʦʚʝʜʝʥʠʝ, ʯʪʦ ʦʙʦʩʥʦʚʳʚʘʝʪ ʮʝʣʝʩʦʦʙʨʘʟʥʦʩʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʚ ʢʘʯʝʩʪʚʝ ʦʙʲʝʢʪʘ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʚʤʝʩʪʦ ʚʝʩʦʚ 

ʤʦʜʝʣʠ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ, ʛʜʝ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʠ ʠʥʪʝʨʧʨʝʪʠʨʫʝʤʦʩʪʴ ʧʘʨʘʤʝʪʨʦʚ ʠʛʨʘʶʪ ʢʣʶʯʝʚʫʶ ʨʦʣʴ. 

ʅʘ ʨʠʩʫʥʢʝ 4.3 ʧʨʝʜʩʪʘʚʣʝʥʘ ʩʪʦʣʙʯʘʪʘʷ ʜʠʘʛʨʘʤʤʘ, ʦʪʨʘʞʘʶʱʘʷ 

ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʫʩʪʦʡʯʠʚʦʩʪʠ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʤʦʜʝʣʠ Random Forest. ʇʦ ʦʩʠ ʘʙʩʮʠʩʩ ʫʢʘʟʘʥʳ 

ʧʨʠʟʥʘʢʠ, ʧʦ ʦʩʠ ʦʨʜʠʥʘʪ ʦʪʥʦʰʝʥʠʝ ʩʪʘʥʜʘʨʪʥʳʭ ʦʪʢʣʦʥʝʥʠʡ ʢʦʵʬʬʠʮʠʝʥʪʦʚ 

ʣʠʥʝʡʥʦʡ ʤʦʜʝʣʠ ʢ ʩʪʘʥʜʘʨʪʥʳʤ ʦʪʢʣʦʥʝʥʠʷʤ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ Random 

Forest, ʧʨʝʜʩʪʘʚʣʝʥʥʦʝ ʚ ʣʦʛʘʨʠʬʤʠʯʝʩʢʦʡ ʰʢʘʣʝ. 

ʂʨʘʩʥʘʷ ʧʫʥʢʪʠʨʥʘʷ ʣʠʥʠʷ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʫʨʦʚʥʶ ʦʜʠʥʘʢʦʚʦʡ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʧʘʨʘʤʝʪʨʦʚ. ɿʥʘʯʝʥʠʷ, ʧʨʝʚʳʰʘʶʱʠʝ ʜʘʥʥʳʡ ʫʨʦʚʝʥʴ, 

ʫʢʘʟʳʚʘʶʪ ʥʘ ʙʦʣʝʝ ʚʳʩʦʢʫʶ ʚʘʨʠʘʪʠʚʥʦʩʪʴ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ 

ʨʝʛʨʝʩʩʠʠ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʚʘʞʥʦʩʪʷʤʠ ʧʨʠʟʥʘʢʦʚ Random Forest.  
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ʈʠʩʫʥʦʢ 4.3 - ʉʪʦʣʙʯʘʪʘʷ ʜʠʘʛʨʘʤʤʘ ʦʪʥʦʩʠʪʝʣʴʥʦʡ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ Random Forest 

 

ʀʟ ʨʠʩʫʥʢʘ ʚʠʜʥʦ, ʯʪʦ ʜʣʷ ʚʩʝʭ ʨʘʩʩʤʦʪʨʝʥʥʳʭ ʧʨʠʟʥʘʢʦʚ ʦʪʥʦʰʝʥʠʝ 

ʩʪʘʥʜʘʨʪʥʳʭ ʦʪʢʣʦʥʝʥʠʡ ʩʫʱʝʩʪʚʝʥʥʦ ʧʨʝʚʳʰʘʝʪ ʝʜʠʥʠʮʫ ʠ ʜʦʩʪʠʛʘʝʪ 

ʟʥʘʯʝʥʠʡ ʧʦʨʷʜʢʘ ρπ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʢʨʘʡʥʝ ʚʳʩʦʢʦʡ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʚʝʩʦʚ ʣʠʥʝʡʥʦʡ ʤʦʜʝʣʠ ʢ ʠʟʤʝʥʝʥʠʶ ʦʙʫʯʘʶʱʝʡ ʚʳʙʦʨʢʠ. 

ʈʝʟʫʣʴʪʘʪʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ, ʯʪʦ ʢʦʵʬʬʠʮʠʝʥʪʳ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ 

ʦʙʣʘʜʘʶʪ ʥʠʟʢʦʡ ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʧʨʠ ʧʦʚʪʦʨʥʳʭ ʦʙʫʯʝʥʠʷʭ, ʪʦʛʜʘ ʢʘʢ ʚʝʢʪʦʨʳ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ Random Forest ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʟʥʘʯʠʪʝʣʴʥʦ ʙʦʣʝʝ 

ʩʪʘʙʠʣʴʥʳʤ ʧʦʚʝʜʝʥʠʝʤ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ ʮʝʣʝʩʦʦʙʨʘʟʥʦʩʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʚ ʚʠʜʝ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʚ ʢʘʯʝʩʪʚʝ ʦʙʲʝʢʪʘ 

ʘʛʨʝʛʘʮʠʠ ʚ ʟʘʜʘʯʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʩʦʙʝʥʥʦ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ. 

ʅʘ ʨʠʩʫʥʢʝ 4.4 ʧʨʝʜʩʪʘʚʣʝʥʳ ʩʪʦʣʙʯʘʪʳʝ ʜʠʘʛʨʘʤʤʳ, ʦʪʨʘʞʘʶʱʠʝ 

ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʢʘʯʝʩʪʚʘ ʤʦʜʝʣʝʡ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ ʜʝʨʝʚʘ 

ʨʝʰʝʥʠʡ ʧʦ ʜʚʫʤ ʩʪʘʥʜʘʨʪʥʳʤ ʤʝʪʨʠʢʘʤ ʨʝʛʨʝʩʩʠʠ: ʢʦʵʬʬʠʮʠʝʥʪʫ 

ʜʝʪʝʨʤʠʥʘʮʠʠ Ὑʠ ʩʨʝʜʥʝʢʚʘʜʨʘʪʠʯʥʦʡ ʦʰʠʙʢʝ (MSE). ʆʙʝ ʤʦʜʝʣʠ ʦʙʫʯʘʣʠʩʴ 

ʠ ʪʝʩʪʠʨʦʚʘʣʠʩʴ ʥʘ ʦʜʥʦʡ ʠ ʪʦʡ ʞʝ ʚʳʙʦʨʢʝ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʨʨʝʢʪʥʦʩʪʴ 

ʩʨʘʚʥʝʥʠʷ ʨʝʟʫʣʴʪʘʪʦʚ. 

ʃʝʚʘʷ ʜʠʘʛʨʘʤʤʘ ʠʣʣʶʩʪʨʠʨʫʝʪ ʟʥʘʯʝʥʠʷ ʢʦʵʬʬʠʮʠʝʥʪʘ ʜʝʪʝʨʤʠʥʘʮʠʠ 

Ὑ. ɺʠʜʥʦ, ʯʪʦ ʣʠʥʝʡʥʘʷ ʨʝʛʨʝʩʩʠʷ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʙʦʣʝʝ ʚʳʩʦʢʦʝ ʟʥʘʯʝʥʠʝ Ὑ 
ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʜʝʨʝʚʦʤ ʨʝʰʝʥʠʡ, ʯʪʦ ʫʢʘʟʳʚʘʝʪ ʥʘ ʣʫʯʰʫʶ ʩʧʦʩʦʙʥʦʩʪʴ 

ʤʦʜʝʣʠ ʦʙʲʷʩʥʷʪʴ ʚʘʨʠʘʮʠʶ ʮʝʣʝʚʦʡ ʧʝʨʝʤʝʥʥʦʡ. 

ʇʨʘʚʘʷ ʜʠʘʛʨʘʤʤʘ ʦʪʨʘʞʘʝʪ ʟʥʘʯʝʥʠʷ ʩʨʝʜʥʝʢʚʘʜʨʘʪʠʯʥʦʡ ʦʰʠʙʢʠ. ɼʣʷ 

ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʟʥʘʯʝʥʠʝ MSE ʩʫʱʝʩʪʚʝʥʥʦ ʥʠʞʝ, ʯʝʤ ʜʣʷ ʜʝʨʝʚʘ 

ʨʝʰʝʥʠʡ, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʙʦʣʝʝ ʪʦʯʥʳʭ ʧʨʝʜʩʢʘʟʘʥʠʷʭ ʚ ʩʨʝʜʥʝʤ. ɹʦʣʝʝ 

ʚʳʩʦʢʦʝ ʟʥʘʯʝʥʠʝ MSE ʫ ʜʝʨʝʚʘ ʨʝʰʝʥʠʡ ʫʢʘʟʳʚʘʝʪ ʥʘ ʙʦʣʴʰʫʶ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʤʦʜʝʣʠ ʢ ʣʦʢʘʣʴʥʳʤ ʦʩʦʙʝʥʥʦʩʪʷʤ ʜʘʥʥʳʭ. 
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ʈʠʩʫʥʦʢ 4.4 - ʉʨʘʚʥʠʪʝʣʴʥʘʷ ʩʪʦʣʙʯʘʪʘʷ ʜʠʘʛʨʘʤʤʘ ʦʪʥʦʩʠʪʝʣʴʥʦʡ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 
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ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʧʨʝʜʩʪʘʚʣʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ ʣʠʥʝʡʥʘʷ 

ʨʝʛʨʝʩʩʠʷ ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʚʳʩʦʢʦʝ ʢʘʯʝʩʪʚʦ ʧʨʝʜʩʢʘʟʘʥʠʷ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʜʝʨʝʚʦʤ ʨʝʰʝʥʠʡ. ʆʜʥʘʢʦ ʜʘʥʥʳʝ ʤʝʪʨʠʢʠ ʥʝ ʫʯʠʪʳʚʘʶʪ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʝʡ, ʯʪʦ ʦʙʦʩʥʦʚʳʚʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ 

ʘʥʘʣʠʟʘ ʩʪʘʙʠʣʴʥʦʩʪʠ ʧʘʨʘʤʝʪʨʦʚ ʠ ʚʳʙʦʨʘ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʳʭ ʧʨʝʜʩʪʘʚʣʝʥʠʡ 

ʧʨʠʟʥʘʢʦʚ ʜʣʷ ʟʘʜʘʯ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

ʅʘ ʨʠʩʫʥʢʝ 4.5 ʧʨʝʜʩʪʘʚʣʝʥʘ ʩʪʦʣʙʯʘʪʘʷ ʜʠʘʛʨʘʤʤʘ, ʠʣʣʶʩʪʨʠʨʫʶʱʘʷ 

ʦʪʥʦʩʠʪʝʣʴʥʫʶ ʫʩʪʦʡʯʠʚʦʩʪʴ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ 

ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʤʦʜʝʣʠ Random Forest. ʇʦ ʦʩʠ ʘʙʩʮʠʩʩ ʦʪʣʦʞʝʥʳ 

ʧʨʠʟʥʘʢʠ, ʧʦ ʦʩʠ ʦʨʜʠʥʘʪ ʦʪʥʦʰʝʥʠʝ ʩʪʘʥʜʘʨʪʥʦʛʦ ʦʪʢʣʦʥʝʥʠʷ ʢʦʵʬʬʠʮʠʝʥʪʦʚ 

ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʢ ʩʪʘʥʜʘʨʪʥʦʤʫ ʦʪʢʣʦʥʝʥʠʶ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 

Random Forest, ʧʨʝʜʩʪʘʚʣʝʥʥʦʝ ʚ ʣʦʛʘʨʠʬʤʠʯʝʩʢʦʡ ʰʢʘʣʝ. 

ʂʨʘʩʥʘʷ ʧʫʥʢʪʠʨʥʘʷ ʣʠʥʠʷ ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʫʨʦʚʥʶ ʦʜʠʥʘʢʦʚʦʡ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʧʘʨʘʤʝʪʨʦʚ. ɿʥʘʯʝʥʠʷ, ʩʫʱʝʩʪʚʝʥʥʦ ʧʨʝʚʳʰʘʶʱʠʝ ʜʘʥʥʳʡ 

ʫʨʦʚʝʥʴ, ʫʢʘʟʳʚʘʶʪ ʥʘ ʙʦʣʝʝ ʚʳʩʦʢʫʶ ʚʘʨʠʘʪʠʚʥʦʩʪʴ ʢʦʵʬʬʠʮʠʝʥʪʦʚ 

ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʚʘʞʥʦʩʪʷʤʠ ʧʨʠʟʥʘʢʦʚ Random Forest. 

ʇʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ ʜʣʷ ʚʩʝʭ ʧʨʠʟʥʘʢʦʚ ʢʦʵʬʬʠʮʠʝʥʪʳ 

ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʟʥʘʯʠʪʝʣʴʥʦ ʤʝʥʴʰʝʡ ʫʩʪʦʡʯʠʚʦʩʪʴʶ, 

ʠʟʤʝʥʷʷʩʴ ʥʘ ʥʝʩʢʦʣʴʢʦ ʧʦʨʷʜʢʦʚ ʩʠʣʴʥʝʝ ʧʨʠ ʧʦʚʪʦʨʥʳʭ ʦʙʫʯʝʥʠʷʭ. 

 

 
 

ʈʠʩʫʥʦʢ 4.5 - ʉʨʘʚʥʠʪʝʣʴʥʘʷ ʩʪʦʣʙʯʘʪʘʷ ʜʠʘʛʨʘʤʤʘ ʦʪʥʦʩʠʪʝʣʴʥʦʡ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʢʦʵʬʬʠʮʠʝʥʪʦʚ ʣʠʥʝʡʥʦʡ ʨʝʛʨʝʩʩʠʠ ʠ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 
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ɼʠʘʛʨʘʤʤʘ ʥʘʛʣʷʜʥʦ ʧʦʜʪʚʝʨʞʜʘʝʪ, ʯʪʦ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ Random 

Forest ʷʚʣʷʶʪʩʷ ʙʦʣʝʝ ʩʪʘʙʠʣʴʥʳʤ ʠ ʥʘʜʝʞʥʳʤ ʧʨʝʜʩʪʘʚʣʝʥʠʝʤ ʚʢʣʘʜʘ 

ʧʨʠʟʥʘʢʦʚ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʚʝʩʘʤʠ ʣʠʥʝʡʥʦʡ ʤʦʜʝʣʠ, ʯʪʦ ʦʙʦʩʥʦʚʳʚʘʝʪ ʠʭ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʚ ʢʘʯʝʩʪʚʝ ʦʙʲʝʢʪʘ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʚ ʫʩʣʦʚʠʷʭ 

ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ. 
ʉʝʨʚʝʨʥʘʷ ʩʪʦʨʦʥʘ. ɸʛʨʝʛʘʮʠʷ ʠ ʦʙʥʦʚʣʝʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ 
ɺ ʜʘʥʥʦʤ ʨʘʟʜʝʣʝ ʨʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʘʣʛʦʨʠʪʤʳ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

FedAvg, FedProx ʠ FedOpt, ʘ ʪʘʢʞʝ ʦʩʦʙʝʥʥʦʩʪʠ ʠʭ ʧʨʠʤʝʥʝʥʠʷ ʠ ʘʜʘʧʪʘʮʠʠ 
ʜʣʷ ʟʘʜʘʯʠ Random Forest Regression. ʇʦʩʢʦʣʴʢʫ ʠʟʥʘʯʘʣʴʥʦ ʜʘʥʥʳʝ ʤʝʪʦʜʳ 
ʨʘʟʨʘʙʘʪʳʚʘʣʠʩʴ ʜʣʷ ʥʝʡʨʦʥʥʳʭ ʩʝʪʝʡ ʠ ʛʨʘʜʠʝʥʪʥʳʭ ʘʣʛʦʨʠʪʤʦʚ, ʠʭ 
ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʚ ʘʥʩʘʤʙʣʝʚʳʭ ʨʝʛʨʝʩʩʠʦʥʥʳʭ ʤʦʜʝʣʷʭ ʪʨʝʙʫʝʪ ʦʪʜʝʣʴʥʦʡ 
ʠʥʪʝʨʧʨʝʪʘʮʠʠ ʤʝʭʘʥʠʟʤʦʚ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʘʛʨʝʛʘʮʠʠ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʨʝʘʣʠʟʘʮʠʷ ʫʢʘʟʘʥʥʳʭ ʘʣʛʦʨʠʪʤʦʚ ʚʳʧʦʣʥʝʥʘ ʩ 
ʫʯʝʪʦʤ ʩʧʝʮʠʬʠʢʠ ʩʣʫʯʘʡʥʦʛʦ ʣʝʩʘ ʠ ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ ʚʠʜʝ ʬʦʨʤʘʣʠʟʦʚʘʥʥʳʭ 
ʣʝʤʤ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʩʪʨʫʢʪʫʨʠʨʦʚʘʪʴ ʦʧʠʩʘʥʠʝ ʘʣʛʦʨʠʪʤʦʚ, 
ʟʘʬʠʢʩʠʨʦʚʘʪʴ ʦʩʥʦʚʥʳʝ ʜʦʧʫʱʝʥʠʷ ʠ ʦʙʦʩʥʦʚʘʪʴ ʢʦʨʨʝʢʪʥʦʩʪʴ ʠʭ 
ʧʨʠʤʝʥʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʠ non-IID ʜʘʥʥʳʭ. 

ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʦʨʜʠʥʘʮʠʶ ʧʨʦʮʝʩʩʘ ʦʙʫʯʝʥʠʷ ʠ 
ʘʛʨʝʛʘʮʠʶ ʧʘʨʘʤʝʪʨʦʚ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʬʦʨʤʠʨʫʷ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ, 
ʢʦʪʦʨʘʷ ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʧʦʩʣʝʜʫʶʱʠʭ ʨʘʫʥʜʘʭ ʦʙʫʯʝʥʠʷ. ɼʣʷ ʦʙʲʝʜʠʥʝʥʠʷ 
ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʧʨʠʤʝʥʷʝʪʩʷ FedAvg, ʘ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʫʩʪʦʡʯʠʚʦʩʪʠ 
ʠ ʫʩʢʦʨʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ ʚ ʫʩʣʦʚʠʷʭ ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ 
ʜʦʧʦʣʥʠʪʝʣʴʥʦ ʠʩʧʦʣʴʟʫʶʪʩʷ FedProx ʠ FedOpt. 

ɼʘʣʝʝ ʧʨʠʚʦʜʠʪʩʷ ʢʣʘʩʩʠʯʝʩʢʦʝ ʦʧʠʩʘʥʠʝ ʘʣʛʦʨʠʪʤʦʚ FedAvg, FedProx ʠ 
FedOpt, ʧʦʩʣʝ ʯʝʛʦ ʧʨʝʜʩʪʘʚʣʝʥʘ ʠʭ ʘʜʘʧʪʘʮʠʷ ʠ ʧʨʘʢʪʠʯʝʩʢʘʷ ʨʝʘʣʠʟʘʮʠʷ ʚ 
ʬʦʨʤʘʪʝ ʣʝʤʤ ʜʣʷ ʟʘʜʘʯʠ Random Forest Regression. 

FedAvg (ʤʦʜʝʣʴ ʜʠʬʬʝʨʝʥʮʠʨʫʝʤʘʷ): ʘʛʨʝʛʠʨʫʝʤʳʝ ʧʘʨʘʤʝʪʨʳ: ʚʝʩʘ 
ʤʦʜʝʣʠ 

 

‫  В ‫ ,       (4.7) 

 
ʛʜʝ: ʖ - ʚʝʩʘ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʢʣʠʝʥʪʘ Ë, Î- ʦʙʲʝʤ ʜʘʥʥʳʭ ʢʣʠʝʥʪʘ 
FedOpt: ʩʝʨʚʝʨ ʠʩʧʦʣʴʟʫʝʪ ʦʧʪʠʤʠʟʘʪʦʨ ʜʣʷ ʦʙʥʦʚʣʝʥʠʷ ʛʣʦʙʘʣʴʥʳʭ 

ʧʘʨʘʤʝʪʨʦʚ: 
 

‫ ‫ –ɝ      (4.8) 
 

ʛʜʝ: ɝ- ʘʛʨʝʛʠʨʦʚʘʥʥʦʝ ʥʘʧʨʘʚʣʝʥʠʝ ʦʙʥʦʚʣʝʥʠʷ ʦʪ ʢʣʠʝʥʪʦʚ, ʂ ʰʘʛ 
ʦʙʫʯʝʥʠʷ. 

 
FedProx: ʦʛʨʘʥʠʯʠʪʴ ʦʪʢʣʦʥʝʥʠʝ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʦʪ ʛʣʦʙʘʣʴʥʦʡ 
 
‫ = ÁÒÇÍÉÎὊ ‫ ᷆‫ ‫ ᷆     (4.9) 

 
ʛʜʝ: & ʖ - ʣʦʢʘʣʴʥʘʷ ʬʫʥʢʮʠʷ ʧʦʪʝʨʴ, ʈ π ʢʦʵʬʬʠʮʠʝʥʪ 

ʧʨʦʢʩʠʤʘʣʴʥʦʡ ʨʝʛʫʣʷʨʠʟʘʮʠʠ. ʇʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʦʛʨʘʥʠʯʠʚʘʝʪ 
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ʨʘʩʭʦʞʜʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʚʝʩʦʚ ʤʦʜʝʣʠ ʩ ʛʣʦʙʘʣʴʥʳʤʠ 
ɼʘʣʝʝ ʨʘʩʩʤʘʪʨʠʚʘʝʪʩʷ ʧʨʘʢʪʠʯʝʩʢʘʷ ʨʝʘʣʠʟʘʮʠʷ ʘʣʛʦʨʠʪʤʦʚ FedAvg, 

FedProx ʠ FedOpt ʚ ʨʘʤʢʘʭ ʥʘʩʪʦʷʱʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ, ʢʦʪʦʨʘʷ ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ 
ʚʠʜʝ ʬʦʨʤʘʣʠʟʦʚʘʥʥʳʭ ʣʝʤʤ. ʊʘʢʦʡ ʬʦʨʤʘʪ ʠʟʣʦʞʝʥʠʷ ʧʦʟʚʦʣʷʝʪ ʯʝʪʢʦ 
ʟʘʬʠʢʩʠʨʦʚʘʪʴ ʠʩʧʦʣʴʟʫʝʤʳʝ ʜʦʧʫʱʝʥʠʷ, ʦʧʠʩʘʪʴ ʢʣʶʯʝʚʳʝ ʵʪʘʧʳ 
ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʘʛʨʝʛʘʮʠʠ, ʘ ʪʘʢʞʝ ʦʙʦʩʥʦʚʘʪʴ ʢʦʨʨʝʢʪʥʦʩʪʴ ʘʜʘʧʪʘʮʠʠ 
ʢʣʘʩʩʠʯʝʩʢʠʭ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʢ ʟʘʜʘʯʝ Random Forest 
Regression. 

ʈʝʘʣʠʟʘʮʠʷ ʚ ʨʘʙʦʪʝ (ʧʦʩʣʝ) ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ ʬʦʨʤʘʪʝ ʣʝʤʤ: 

ʃʝʤʤʘ (FedAvg): ʇʫʩʪʴ ʜʣʷ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ Ὧᶰὑ ʣʦʢʘʣʴʥʘʷ ʤʦʜʝʣʴ 
Random Forest ʟʘʜʘʝʪʩʷ ʚʝʢʪʦʨʦʤ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 

 
Æ Ὢ ȟȣȟὪ      (4.10) 

 

ʛʜʝ ὒ - ʯʠʩʣʦ ʧʨʠʟʥʘʢʦʚ. ʊʦʛʜʘ ʛʣʦʙʘʣʴʥʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʤʦʜʝʣʠ ʤʦʞʝʪ 
ʙʳʪʴ ʢʦʨʨʝʢʪʥʦ ʩʬʦʨʤʠʨʦʚʘʥʦ ʚʟʚʝʰʝʥʥʳʤ ʫʩʨʝʜʥʝʥʠʝʤ: 

 

ὪӶВᶰ Ὢ ȟὲ В ὲᶰ      (4.11) 

 

ʊʘʢʦʝ ʘʛʨʝʛʠʨʦʚʘʥʠʝ ʩʦʭʨʘʥʷʝʪ ʧʨʠʥʮʠʧ FedAvg ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʫʩʪʦʡʯʠʚʦʝ ʛʣʦʙʘʣʴʥʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʧʨʠ non-IID ʜʘʥʥʳʭ. 

ɺʳʚʦʜ: ʩʦʭʨʘʥʝʥʘ ʢʣʘʩʩʠʯʝʩʢʘ ̫ʬʦʨʤʫʣʘ FedAvg, ʥʦ ʘʛʨʝʛʠʨʫʝʤ ʥʝ ʚʝʩʘ, 

ʘ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ. 

ʃʝʤʤʘ (FedOpt): ʇʫʩʪʴ ʘʛʨʝʛʠʨʦʚʘʥʥʳʡ ʚʝʢʪʦʨ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʥʘ 

ʰʘʛʝ ὸ ʨʘʚʝʥ Æ. ʊʦʛʜʘ ʦʙʥʦʚʣʝʥʠʝ ʛʣʦʙʘʣʴʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʚʳʧʦʣʥʷʝʪʩʷ ʩ 
ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʩʝʨʚʝʨʥʦʛʦ ʦʧʪʠʤʠʟʘʪʦʨʘ:  

 

Æ /ÐÔÆȟɳὒ Æ       (4.12) 

 

ʛʜʝ ʬʫʥʢʮʠʷ ʧʦʪʝʨʴ ʟʘʜʘʝʪʩʷ ʢʘʢ 

 

ὒ Æ Æ᷆ Æȅ᷆ȟÆȅ
ᶰ

Æ    (4.13) 

 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʦʧʪʠʤʠʟʘʪʦʨʦʚ Adam ʠʣʠ SGD ʫʩʢʦʨʷʝʪ ʩʭʦʜʠʤʦʩʪʴ ʠ 

ʩʥʠʞʘʝʪ ʢʦʣʝʙʘʥʠʷ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ɺʳʚʦʜ: FedOpt ʦʧʪʠʤʠʟʠʨʫʝʪ ʫʞʝ ʘʛʨʝʛʠʨʦʚʘʥʥʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ, ʯʪʦ 

ʜʘʝʪ ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʠ ʩʪʘʙʠʣʴʥʫʶ ʩʭʦʜʠʤʦʩʪʴ. 

ʃʝʤʤʘ (FedProx): ɼʣʷ ʩʪʘʙʠʣʠʟʘʮʠʠ ʛʣʦʙʘʣʴʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʧʨʠ non-

IID ʜʘʥʥʳʭ ʚʚʦʜʠʪʩʷ ʧʨʦʢʩʠʤʘʣʴʥʘʷ ʨʝʛʫʣʷʨʠʟʘʮʠʷ: 

 

ὒ Æ Æ᷆ Æȅ᷆ Æ᷆ Æ ᷆ȟ‘ π    (4.14) 

ʇʨʦʢʩʠʤʘʣʴʥʳʡ ʯʣʝʥ ʦʛʨʘʥʠʯʠʚʘʝʪ ʨʝʟʢʠʝ ʠʟʤʝʥʝʥʠʷ ʛʣʦʙʘʣʴʥʦʛʦ 

ʚʝʢʪʦʨʘ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ ʠ ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ 
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ʩʛʣʘʞʠʚʘʝʪ ʦʙʥʦʚʣʝʥʠʷ ʠ ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʨʘʩʭʦʞʜʝʥʠʝ ʤʦʜʝʣʠ. ʉʣʝʜʦʚʘʪʝʣʴʥʦ, 

ʢʣʘʩʩʠʯʝʩʢʠʝ ʘʣʛʦʨʠʪʤʳ FedAvg, FedOpt ʠ FedProx ʩʦʭʨʘʥʷʶʪ ʩʚʦʶ 

ʤʘʪʝʤʘʪʠʯʝʩʢʫʶ ʩʪʨʫʢʪʫʨʫ ʧʨʠ ʟʘʤʝʥʝ ʘʛʨʝʛʠʨʫʝʤʳʭ ʚʝʩʦʚ ʥʘ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ 

ʧʨʝʜʩʪʘʚʣʝʥʠʷ Random Forest, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʨʨʝʢʪʥʦʝ ʠ ʫʩʪʦʡʯʠʚʦʝ 

ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ ʧʨʠ non-IID ʜʘʥʥʳʭ. 
ɸʛʨʝʛʘʮʠʷ ʦʙʥʦʚʣʝʥʠʡ ʚ ʬʝʜʝʨʘʪʠʚʥʦʤ ʦʙʫʯʝʥʠʠ ʚʳʧʦʣʥʷʝʪʩʷ ʩ ʫʯʝʪʦʤ 

ʚʢʣʘʜʘ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʘ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʦʙʲʝʤʫ ʝʛʦ ʣʦʢʘʣʴʥʳʭ ʜʘʥʥʳʭ, ʯʪʦ 
ʧʦʟʚʦʣʷʝʪ ʩʬʦʨʤʠʨʦʚʘʪʴ ʦʙʦʙʱʝʥʥʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ, ʦʪʨʘʞʘʶʱʫʶ 
ʨʘʟʥʦʨʦʜʥʦʩʪʴ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʚʳʙʦʨʦʢ. ʇʦʩʣʝ ʘʛʨʝʛʘʮʠʠ ʦʙʥʦʚʣʝʥʥʘʷ 
ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ ʧʝʨʝʜʘʝʪʩʷ ʢʣʠʝʥʪʘʤ ʠ ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʩʣʝʜʫʶʱʝʤ ʨʘʫʥʜʝ 
ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʷ ʠʪʝʨʘʪʠʚʥʦʝ ʫʣʫʯʰʝʥʠʝ ʢʘʯʝʩʪʚʘ 
ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʘʜʘʧʪʘʮʠʶ ʢ ʠʟʤʝʥʷʶʱʝʤʫʩʷ ʨʘʩʧʨʝʜʝʣʝʥʠʶ ʜʘʥʥʳʭ. 
ʊʘʢʦʡ ʤʝʭʘʥʠʟʤ ʩʥʠʞʘʝʪ ʚʣʠʷʥʠʝ ʰʫʤʘ ʠ ʣʦʢʘʣʴʥʳʭ ʦʪʢʣʦʥʝʥʠʡ ʟʘ ʩʯʝʪ 
ʫʩʨʝʜʥʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ ʦʪ ʤʥʦʞʝʩʪʚʘ ʢʣʠʝʥʪʦʚ. 

ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʦʙʫʯʝʥʠʷ ʥʘ ʩʝʨʚʝʨʥʦʡ ʩʪʦʨʦʥʝ 
ʧʨʠʤʝʥʷʶʪʩʷ ʤʝʪʦʜʳ ʦʧʪʠʤʠʟʘʮʠʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʠ ʩʝʪʝʚʳʭ ʨʝʩʫʨʩʦʚ, 
ʚʢʣʶʯʘʷ ʦʛʨʘʥʠʯʝʥʠʝ ʜʦʣʠ ʢʣʠʝʥʪʦʚ, ʫʯʘʩʪʚʫʶʱʠʭ ʚ ʢʘʞʜʦʤ ʨʘʫʥʜʝ, ʘ ʪʘʢʞʝ 
ʩʦʢʨʘʱʝʥʠʝ ʦʙʲʝʤʘ ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ. ʉʝʨʚʝʨ ʚʳʧʦʣʥʷʝʪ ʥʝ ʪʦʣʴʢʦ 
ʬʫʥʢʮʠʶ ʘʛʨʝʛʘʮʠʠ, ʥʦ ʠ ʘʜʘʧʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʧʨʦʮʝʩʩʦʤ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʚ 
ʩʦʯʝʪʘʥʠʠ ʩ ʘʣʛʦʨʠʪʤʘʤʠ FedAvg, FedOpt ʠ FedProx ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʪʦʡʯʠʚʫʶ 
ʩʭʦʜʠʤʦʩʪʴ ʠ ʧʨʘʢʪʠʯʝʩʢʫʶ ʧʨʠʤʝʥʠʤʦʩʪʴ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠ 
ʨʘʙʦʪʝ ʩ non-IID ʜʘʥʥʳʤʠ. 

 

4.4 ʆʧʠʩʘʥʠʝ ʤʦʜʝʣʝʡ 
ʄʦʜʝʣʴ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʘ. ʇʨʦʮʝʩʩ ʵʢʩʧʝʨʠʤʝʥʪʘ. 

ʕʪʘʧ 1. ʃʦʢʘʣʴʥʘʷ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ: ʉʙʦʨ ʜʘʥʥʳʭ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ 

ʯʝʨʝʟ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʫʶ ʚʝʙ-ʧʣʘʪʬʦʨʤʫ, ʧʨʝʜʥʘʟʥʘʯʝʥʥʫʶ ʜʣʷ ʨʝʛʠʩʪʨʘʮʠʠ 

ʦʪʚʝʪʦʚ ʥʘ ʦʧʨʦʩʥʠʢ Maslach Burnout Inventory (MBI). ʇʦʣʫʯʝʥʥʳʝ ʜʘʥʥʳʝ 

ʧʨʦʭʦʜʷʪ ʧʨʝʜʦʙʨʘʙʦʪʢʫ, ʚʢʣʶʯʘʶʱʫʶ ʦʯʠʩʪʢʫ ʦʪ ʦʰʠʙʦʢ ʠ ʜʫʙʣʠʢʘʪʦʚ, 

ʯʠʩʣʦʚʦʝ ʢʦʜʠʨʦʚʘʥʠʝ ʢʘʪʝʛʦʨʠʘʣʴʥʳʭ ʧʨʠʟʥʘʢʦʚ (One-Hot Encoding), ʘ ʪʘʢʞʝ 

ʥʦʨʤʘʣʠʟʘʮʠʶ ʠ ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ. ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʫʜʝʣʷʝʪʩʷ ʫʯʝʪʫ 

ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʠ non-IID ʭʘʨʘʢʪʝʨʘ ʜʘʥʥʳʭ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʤʦʜʝʣʠʨʦʚʘʪʴ 

ʨʝʘʣʠʩʪʠʯʥʳʝ ʫʩʣʦʚʠʷ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠ ʩʦʭʨʘʥʝʥʠʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʠ, ʧʨʝʜʩʪʘʚʣʝʥʥʘʷ ʥʘ ʨʠʩʫʥʢʝ 4.6. 

 

 
 

ʈʠʩʫʥʦʢ 4.6 - ʕʪʘʧ 1 ʃʦʢʘʣʴʥʘʷ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ 
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ʕʪʘʧ 2. ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʢʣʠʝʥʪʦʚ: ʅʘ ʢʘʞʜʦʤ ʢʣʠʝʥʪʩʢʦʤ ʫʟʣʝ 

ʚʳʧʦʣʥʷʝʪʩʷ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʠ Random Forest ʥʘ ʩʦʙʩʪʚʝʥʥʳʭ 

ʜʘʥʥʳʭ. ʂʣʠʝʥʪʳ ʧʦʣʫʯʘʶʪ ʥʘʯʘʣʴʥʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʠ ʘʜʘʧʪʠʨʫʶʪ ʝʝ ʢ 

ʩʚʦʠʤ ʣʦʢʘʣʴʥʳʤ ʚʳʙʦʨʢʘʤ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʫʯʠʪʳʚʘʪʴ ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ 

ʦʩʦʙʝʥʥʦʩʪʠ ʜʘʥʥʳʭ. ʀʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʥʝ ʧʦʢʠʜʘʶʪ ʢʣʠʝʥʪʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ 

ʥʘ ʩʝʨʚʝʨ ʧʝʨʝʜʘʶʪʩʷ ʪʦʣʴʢʦ ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʠ 

ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ ʧʨʝʜʩʪʘʚʣʝʥʠʷ, ʥʝʦʙʭʦʜʠʤʳʝ ʜʣʷ ʘʛʨʝʛʘʮʠʠ, ʧʨʝʜʩʪʘʚʣʝʥʥʘʷ ʥʘ 

ʨʠʩʫʥʢʝ 4.7. 

 

 
 

ʈʠʩʫʥʦʢ 4.7 - ʕʪʘʧ 2 ʃʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʠ 

 

ʕʪʘʧ 3. ʇʝʨʝʜʘʯʘ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʥʘ ʩʝʨʚʝʨ: ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ 

ʘʛʨʝʛʠʨʫʝʪ ʦʙʥʦʚʣʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʘʣʛʦʨʠʪʤʦʚ 

FedAvg, FedOpt ʠ FedProx. ɸʛʨʝʛʘʮʠʷ ʚʳʧʦʣʥʷʝʪʩʷ ʩ ʫʯʝʪʦʤ ʚʢʣʘʜʘ ʢʘʞʜʦʛʦ 

ʢʣʠʝʥʪʘ, ʧʦʩʣʝ ʯʝʛʦ ʦʮʝʥʠʚʘʝʪʩʷ ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ 

ʨʝʛʨʝʩʩʠʦʥʥʳʭ ʠ ʬʝʜʝʨʘʪʠʚʥʳʭ ʤʝʪʨʠʢ. ʇʨʠ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʧʘʨʘʤʝʪʨʳ 

ʦʙʫʯʝʥʠʷ ʢʦʨʨʝʢʪʠʨʫʶʪʩʷ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʫʩʪʦʡʯʠʚʦʩʪʠ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ 

non-IID ʜʘʥʥʳʭ ʥʘ ʨʠʩʫʥʢʝ 4.8. 

 

   
 

ʈʠʩʫʥʦʢ 4.8 - ʕʪʘʧ 3. ʇʝʨʝʜʘʯʘ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʥʘ ʩʝʨʚʝʨ 

 

ʕʪʘʧ 4. ʆʙʥʦʚʣʝʥʠʝ ʠ ʨʘʩʧʨʦʩʪʨʘʥʝʥʠʝ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʧʦʩʣʝ 

ʘʛʨʝʛʘʮʠʠ ʬʦʨʤʠʨʫʝʪʩʷ ʦʙʥʦʚʣʝʥʥʘʷ ʛʣʦʙʘʣʴʥʘʷ ʤʦʜʝʣʴ, ʢʦʪʦʨʘʷ ʧʝʨʝʜʘʝʪʩʷ 

ʢʣʠʝʥʪʘʤ ʧʦ ʟʘʱʠʱʝʥʥʳʤ ʢʘʥʘʣʘʤ ʩʚʷʟʠ. ʇʦʣʫʯʠʚ ʥʦʚʫʶ ʤʦʜʝʣʴ, ʢʣʠʝʥʪʳ 

ʥʘʯʠʥʘʶʪ ʩʣʝʜʫʶʱʠʡ ʨʘʫʥʜ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ. ʀʪʝʨʘʪʠʚʥʳʡ ʭʘʨʘʢʪʝʨ 

ʧʨʦʮʝʩʩʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʧʦʩʪʝʧʝʥʥʦʝ ʫʣʫʯʰʝʥʠʝ ʢʘʯʝʩʪʚʘ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ 

ʘʜʘʧʪʘʮʠʶ ʤʦʜʝʣʠ ʢ ʠʟʤʝʥʷʶʱʠʤʩʷ ʜʘʥʥʳʤ ʥʘ ʨʠʩʫʥʢʝ 4.9. 
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ʈʠʩʫʥʦʢ 4.9 - ʕʪʘʧ 4 ɸʛʨʝʛʘʮʠʷ ʥʘ ʩʝʨʚʝʨʝ 

 

ʕʪʘʧ 5. ʆʮʝʥʢʘ ʢʘʯʝʩʪʚʘ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ: ʂʘʯʝʩʪʚʦ ʛʣʦʙʘʣʴʥʦʡ 

ʤʦʜʝʣʠ ʦʮʝʥʠʚʘʝʪʩʷ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʢʣʘʩʩʠʬʠʢʘʮʠʦʥʥʳʭ ʠ ʨʝʛʨʝʩʩʠʦʥʥʳʭ 

ʤʝʪʨʠʢ, ʚʢʣʶʯʘʷ Accuracy, Precision, Recall, F1-score, MSE ʠ RĮ, ʘ ʪʘʢʞʝ 

ʧʦʢʘʟʘʪʝʣʷ Centralized Loss. ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʘʥʘʣʠʟʠʨʫʝʪʩʷ ʚʣʠʷʥʠʝ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʥʘ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʪʦʯʥʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ 

ʦʙʦʩʥʦʚʘʪʴ ʚʳʙʦʨ ʩʪʨʘʪʝʛʠʠ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ. 

ʆʮʝʥʢʘ ʢʘʯʝʩʪʚʘ ʤʦʜʝʣʠ ʧʦʜʪʚʝʨʜʠʣʘ ʝʝ ʩʧʦʩʦʙʥʦʩʪʴ ʵʬʬʝʢʪʠʚʥʦ 

ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʫʨʦʚʝʥʴ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ 

ʢʣʘʩʩʠʬʠʢʘʮʠʦʥʥʳʭ (Accuracy, Precision, Recall, F1-score) ʠ ʨʝʛʨʝʩʩʠʦʥʥʳʭ 

ʤʝʪʨʠʢ (MSE, RĮ) ʧʦʟʚʦʣʠʣʦ ʚʩʝʩʪʦʨʦʥʥʝ ʦʮʝʥʠʪʴ ʪʦʯʥʦʩʪʴ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ 

ʧʨʦʛʥʦʟʦʚ. ʇʦʣʫʯʝʥʥʳʝ ʟʥʘʯʝʥʠʷ ʥʠʟʢʦʡ MSE ʠ ʚʳʩʦʢʦʡ RĮ ʩʚʠʜʝʪʝʣʴʩʪʚʫʶʪ 

ʦ ʭʦʨʦʰʝʤ ʩʦʦʪʚʝʪʩʪʚʠʠ ʤʦʜʝʣʠ ʨʝʘʣʴʥʳʤ ʜʘʥʥʳʤ. ɸʥʘʣʠʟ ʚʣʠʷʥʠʷ non-IID 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʧʦʢʘʟʘʣ, ʯʪʦ ʢʦʨʨʝʢʪʥʦ ʚʳʙʨʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʘʛʨʝʛʘʮʠʠ 

ʧʦʚʳʰʘʶʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʩʭʦʜʠʤʦʩʪʴ ʦʙʫʯʝʥʠʷ. ɺ ʮʝʣʦʤ, ʧʨʦʚʝʜʝʥʥʘʷ ʦʮʝʥʢʘ 

ʚʳʷʚʠʣʘ ʩʠʣʴʥʳʝ ʠ ʩʣʘʙʳʝ ʩʪʦʨʦʥʳ ʤʦʜʝʣʠ ʠ ʩʬʦʨʤʠʨʦʚʘʣʘ ʦʩʥʦʚʫ ʜʣʷ ʝʝ 

ʜʘʣʴʥʝʡʰʝʡ ʦʧʪʠʤʠʟʘʮʠʠ. ʇʨʝʠʤʫʱʝʩʪʚʘ ʧʨʝʜʣʦʞʝʥʥʦʡ ʢʦʥʩʪʨʫʢʮʠʠ 

ʧʦʢʘʟʘʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 4.10. 

 

 
  

ʈʠʩʫʥʦʢ 4.10 - ʇʨʝʠʤʫʱʝʩʪʚʘ 

 

ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʵʢʩʧʝʨʠʤʝʥʪʘ ʧʦʟʚʦʣʷʝʪ ʧʨʦʪʝʩʪʠʨʦʚʘʪʴ 

ʚʣʠʷʥʠʝ ʨʘʟʣʠʯʥʳʭ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʥʘ ʪʦʯʥʦʩʪʴ 

ʧʨʝʜʩʢʘʟʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʧʨʝʜʩʪʘʚʣʝʥʘ ʥʘ ʨʠʩʫʥʢʝ 4.11.  
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 ʈʠʩʫʥʦʢ 4.11 - ɸʨʭʠʪʝʢʪʫʨʘ ʌʆ 

 

ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʨʘʩʩʯʠʪʘʥʳ ʩʪʘʥʜʘʨʪʥʳʝ ʤʝʪʨʠʢʠ ʢʘʯʝʩʪʚʘ, ʚʢʣʶʯʘʷ 

Accuracy, Precision, Recall ʠ F1-score, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʤʧʣʝʢʩʥʫʶ 

ʢʦʣʠʯʝʩʪʚʝʥʥʫʶ ʦʮʝʥʢʫ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ. ʇʦʣʫʯʝʥʥʳʝ 

ʨʝʟʫʣʴʪʘʪʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʨʘʟʣʠʯʠʷ ʚ ʢʘʯʝʩʪʚʝ ʦʙʫʯʝʥʠʷ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ, 

ʦʙʫʩʣʦʚʣʝʥʥʳʝ ʥʝʦʜʥʦʨʦʜʥʦʩʪʴʶ ʜʘʥʥʳʭ ʠ ʠʭ ʣʦʢʘʣʴʥʳʤʠ ʨʘʩʧʨʝʜʝʣʝʥʠʷʤʠ. 

ɸʥʘʣʠʟ ʤʘʪʨʠʮ ʦʰʠʙʦʢ ʠ ʟʥʘʯʝʥʠʡ ʤʝʪʨʠʢ ʧʦʜʪʚʝʨʞʜʘʝʪ ʥʘʣʠʯʠʝ 

ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ non-IID ʤʝʞʜʫ ʢʣʠʝʥʪʩʢʠʤʠ ʚʳʙʦʨʢʘʤʠ, ʯʪʦ 

ʦʙʦʩʥʦʚʳʚʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʧʨʠʤʝʥʝʥʠʷ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʜʣʷ 

ʬʦʨʤʠʨʦʚʘʥʠʷ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʦʡ ʠ ʦʙʦʙʱʘʶʱʝʡ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ʊʦʯʥʦʩʪʴ ʤʦʜʝʣʠ ʤʦʞʝʪ ʙʳʪʴ ʫʣʫʯʰʝʥʘ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʘʣʛʦʨʠʪʤʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʙʣʘʛʦʜʘʨʷ ʦʙʫʯʝʥʠʶ ʥʘ ʙʦʣʝʝ ʨʘʟʥʦʦʙʨʘʟʥʳʭ 

ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʜʘʥʥʳʭ 

ʆʮʝʥʢʘ ʢʘʯʝʩʪʚʘ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʦʙʫʯʘʝʤʳʭ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ ʚ 

ʫʩʣʦʚʠʷʭ ʌʆ. ɼʣʷ ʢʘʞʜʦʛʦ ʢʣʠʝʥʪʩʢʦʛʦ ʫʟʣʘ (UNI 1, UNI 2, UNI 3) ʧʦʩʪʨʦʝʥʳ 

ʤʘʪʨʠʮʳ ʦʰʠʙʦʢ (Confusion Matrix), ʧʦʟʚʦʣʷʶʱʠʝ ʧʨʦʘʥʘʣʠʟʠʨʦʚʘʪʴ 

ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʚʝʨʥʳʭ ʠ ʦʰʠʙʦʯʥʳʭ ʢʣʘʩʩʠʬʠʢʘʮʠʡ ʧʦ ʢʣʘʩʩʘʤ ʧʨʝʜʩʪʘʚʣʝʥʳ 

ʥʘ ʨʠʩʫʥʢʝ 4.12. 



91 

 

 

   

   
 

ʈʠʩʫʥʦʢ 4.12 - ʄʘʪʨʠʮʘ ʦʰʠʙʦʢ (Confusion Matrix) 

 

ʄʦʜʝʣʴ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ 

ɸʣʛʦʨʠʪʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ FedAvg ʷʚʣʷʝʪʩʷ ʙʘʟʦʚʳʤ ʠ 

ʥʘʠʙʦʣʝʝ ʨʘʩʧʨʦʩʪʨʘʥʝʥʥʳʤ ʤʝʪʦʜʦʤ ʘʛʨʝʛʘʮʠʠ ʚ ʩʠʩʪʝʤʘʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ 

ʦʙʫʯʝʥʠʷ. ɽʛʦ ʢʣʶʯʝʚʳʤʠ ʧʨʝʠʤʫʱʝʩʪʚʘʤʠ ʷʚʣʷʶʪʩʷ ʧʨʦʩʪʦʪʘ ʨʝʘʣʠʟʘʮʠʠ, 

ʥʠʟʢʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʟʘʪʨʘʪʳ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʦʚ ʠ ʤʠʥʠʤʘʣʴʥʳʝ 

ʪʨʝʙʦʚʘʥʠʷ ʢ ʩʝʪʝʚʳʤ ʨʝʩʫʨʩʘʤ. ɺ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʘʣʛʦʨʠʪʤʘ ʣʦʢʘʣʴʥʦʝ 

ʦʙʫʯʝʥʠʝ ʚʳʧʦʣʥʷʝʪʩʷ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʘ ʥʘ ʩʝʨʚʝʨ ʧʝʨʝʜʘʶʪʩʷ 

ʠʩʢʣʶʯʠʪʝʣʴʥʦ ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʝʡ, ʯʪʦ ʠʩʢʣʶʯʘʝʪ 

ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʧʝʨʝʜʘʯʠ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʙʣʶʜʝʥʠʝ 

ʪʨʝʙʦʚʘʥʠʡ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ. 

FedAvg ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʚʳʩʦʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠ ʨʘʙʦʪʝ ʩ 

ʦʜʥʦʨʦʜʥʳʤʠ ʨʘʩʧʨʝʜʝʣʝʥʠʷʤʠ ʜʘʥʥʳʭ (IID). ʆʜʥʘʢʦ ʧʨʠ ʥʘʣʠʯʠʠ 

ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʚʳʙʦʨʢʘʤʠ non-IID ʝʛʦ 

ʢʘʯʝʩʪʚʦ ʤʦʞʝʪ ʩʥʠʞʘʪʴʩʷ. ɺ ʪʘʢʠʭ ʫʩʣʦʚʠʷʭ ʚʦʟʤʦʞʥʦ ʨʘʩʭʦʞʜʝʥʠʝ 

ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʧʨʠʚʦʜʷʱʝʝ ʢ ʟʘʤʝʜʣʝʥʠʶ ʩʭʦʜʠʤʦʩʪʠ ʠ ʫʭʫʜʰʝʥʠʶ 

ʪʦʯʥʦʩʪʠ ʛʣʦʙʘʣʴʥʦʛʦ ʧʨʦʛʥʦʟʘ. ɼʘʥʥʦʝ ʦʛʨʘʥʠʯʝʥʠʝ ʦʙʫʩʣʦʚʣʝʥʦ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʧʨʦʩʪʦʛʦ ʚʟʚʝʰʝʥʥʦʛʦ ʫʩʨʝʜʥʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ, ʢʦʪʦʨʦʝ ʥʝ 

ʫʯʠʪʳʚʘʝʪ ʨʘʟʣʠʯʠʷ ʚ ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. 

ʄʝʭʘʥʠʟʤ ʨʘʙʦʪʳ FedAvg ʦʩʥʦʚʘʥ ʥʘ ʠʪʝʨʘʪʠʚʥʦʤ ʚʟʘʠʤʦʜʝʡʩʪʚʠʠ 

ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʮʝʥʪʨʘʣʴʥʳʤ ʩʝʨʚʝʨʦʤ. ʅʘ ʢʘʞʜʦʤ ʨʘʫʥʜʝ ʦʙʫʯʝʥʠʷ 

ʢʣʠʝʥʪʳ ʧʦʣʫʯʘʶʪ ʪʝʢʫʱʫʶ ʚʝʨʩʠʶ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʚʳʧʦʣʥʷʶʪ 

ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʥʘ ʩʦʙʩʪʚʝʥʥʳʭ ʜʘʥʥʳʭ ʠ ʧʝʨʝʜʘʶʪ ʦʙʥʦʚʣʝʥʥʳʝ 

ʧʘʨʘʤʝʪʨʳ ʥʘ ʩʝʨʚʝʨ. ʉʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ ʧʦʣʫʯʝʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʠ ʬʦʨʤʠʨʫʝʪ 

ʥʦʚʫʶ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ, ʢʦʪʦʨʘʷ ʟʘʪʝʤ ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʩʣʝʜʫʶʱʝʤ ʨʘʫʥʜʝ 

ʦʙʫʯʝʥʠʷ. ʊʘʢʦʡ ʧʨʦʮʝʩʩ ʧʦʟʚʦʣʷʝʪ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦ ʫʣʫʯʰʘʪʴ ʢʘʯʝʩʪʚʦ 

ʤʦʜʝʣʠ ʧʨʠ ʩʦʭʨʘʥʝʥʠʠ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʭʘʨʘʢʪʝʨʘ ʦʙʫʯʝʥʠʷ, ʥʝʩʤʦʪʨʷ 
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ʥʘ ʫʢʘʟʘʥʥʳʝ ʦʛʨʘʥʠʯʝʥʠʷ, FedAvg ʚ ʨʘʤʢʘʭ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ ʘʣʛʦʨʠʪʤʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, 

ʩʣʫʞʘʱʝʛʦ ʦʪʧʨʘʚʥʦʡ ʪʦʯʢʦʡ ʜʣʷ ʘʥʘʣʠʟʘ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʳʭ ʤʝʪʦʜʦʚ 

ʘʛʨʝʛʘʮʠʠ. 

ɸʣʛʦʨʠʪʤ FedOpt ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʨʘʟʚʠʪʠʝ ʧʦʜʭʦʜʘ FedAvg, ʚ 

ʢʦʪʦʨʦʤ ʘʛʨʝʛʘʮʠʷ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ ʚʳʧʦʣʥʷʝʪʩʷ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʘʜʘʧʪʠʚʥʳʭ ʤʝʪʦʜʦʚ ʦʧʪʠʤʠʟʘʮʠʠ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʧʨʦʩʪʦʛʦ 

ʫʩʨʝʜʥʝʥʠʷ ʧʘʨʘʤʝʪʨʦʚ, FedOpt ʫʯʠʪʳʚʘʝʪ ʜʠʥʘʤʠʢʫ ʦʙʥʦʚʣʝʥʠʡ ʤʝʞʜʫ 

ʨʘʫʥʜʘʤʠ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʧʦʚʳʩʠʪʴ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʫʩʢʦʨʠʪʴ 

ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ FedOpt ʧʨʠʤʝʥʷʝʪʩʷ ʜʣʷ ʘʥʘʣʠʟʘ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʩʪʫʜʝʥʪʦʚ ʚ ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID 

ʜʘʥʥʳʭ. ʎʝʥʪʨʘʣʴʥʳʡ ʩʝʨʚʝʨ ʠʥʠʮʠʘʣʠʟʠʨʫʝʪ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʠ ʧʝʨʝʜʘʝʪ 

ʝʝ ʢʣʠʝʥʪʘʤ, ʧʦʩʣʝ ʯʝʛʦ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʚʳʧʦʣʥʷʝʪ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʥʘ 

ʩʦʙʩʪʚʝʥʥʳʭ ʜʘʥʥʳʭ ʠ ʦʪʧʨʘʚʣʷʝʪ ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʦʙʨʘʪʥʦ ʥʘ ʩʝʨʚʝʨ. 

ʂʣʶʯʝʚʘʷ ʦʩʦʙʝʥʥʦʩʪʴ FedOpt ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʠʩʧʦʣʴʟʦʚʘʥʠʠ ʩʝʨʚʝʨʥʳʭ 

ʘʜʘʧʪʠʚʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ, ʪʘʢʠʭ ʢʘʢ Adam, Adagrad ʠʣʠ Yogi. ʕʪʠ ʤʝʪʦʜʳ 

ʧʦʟʚʦʣʷʶʪ ʩʛʣʘʞʠʚʘʪʴ ʢʦʣʝʙʘʥʠʷ ʧʘʨʘʤʝʪʨʦʚ, ʫʯʠʪʳʚʘʪʴ ʠʥʬʦʨʤʘʮʠʶ ʠʟ 

ʧʨʝʜʳʜʫʱʠʭ ʨʘʫʥʜʦʚ ʦʙʫʯʝʥʠʷ ʠ ʩʥʠʞʘʪʴ ʚʣʠʷʥʠʝ ʰʫʤʥʳʭ ʠʣʠ 

ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʦʪʜʝʣʴʥʳʭ ʢʣʠʝʥʪʦʚ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʧʨʦʮʝʩʩ 

ʘʛʨʝʛʘʮʠʠ ʩʪʘʥʦʚʠʪʩʷ ʙʦʣʝʝ ʩʪʘʙʠʣʴʥʳʤ ʜʘʞʝ ʧʨʠ ʩʫʱʝʩʪʚʝʥʥʳʭ ʨʘʟʣʠʯʠʷʭ ʚ 

ʨʘʩʧʨʝʜʝʣʝʥʠʠ ʜʘʥʥʳʭ ʠ ʦʙʲʝʤʘʭ ʣʦʢʘʣʴʥʳʭ ʚʳʙʦʨʦʢ. 

ʀʪʝʨʘʪʠʚʥʦʝ ʧʨʠʤʝʥʝʥʠʝ FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʠ 

ʫʩʪʦʡʯʠʚʫʶ ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ FedAvg. ɺʤʝʩʪʝ ʩ 

ʪʝʤ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʘʜʘʧʪʠʚʥʦʡ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʪʨʝʙʫʝʪ 

ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʨʝʩʫʨʩʦʚ ʠ ʙʦʣʝʝ ʪʱʘʪʝʣʴʥʦʡ ʥʘʩʪʨʦʡʢʠ 

ʛʠʧʝʨʧʘʨʘʤʝʪʨʦʚ, ʯʪʦ ʥʝʦʙʭʦʜʠʤʦ ʫʯʠʪʳʚʘʪʴ ʧʨʠ ʧʨʘʢʪʠʯʝʩʢʦʡ ʨʝʘʣʠʟʘʮʠʠ. 

ɸʣʛʦʨʠʪʤ FedProx ʠʩʧʦʣʴʟʫʝʪʩʷ ʚ ʜʘʥʥʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ ʜʣʷ ʧʦʚʳʰʝʥʠʷ 

ʫʩʪʦʡʯʠʚʦʩʪʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʚʳʨʘʞʝʥʥʦʡ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. ʆʥ ʙʳʣ ʨʘʟʨʘʙʦʪʘʥ ʢʘʢ 

ʤʦʜʠʬʠʢʘʮʠʷ FedAvg ʩ ʮʝʣʴʶ ʦʛʨʘʥʠʯʝʥʠʷ ʨʘʩʭʦʞʜʝʥʠʷ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

ʧʨʠ non-IID ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ. 

ʆʪʣʠʯʠʪʝʣʴʥʦʡ ʦʩʦʙʝʥʥʦʩʪʴʶ FedProx ʷʚʣʷʝʪʩʷ ʚʚʝʜʝʥʠʝ 

ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʦʛʨʘʥʠʯʝʥʠʷ ʚ ʣʦʢʘʣʴʥʫʶ ʬʫʥʢʮʠʶ ʧʦʪʝʨʴ, ʢʦʪʦʨʦʝ 

ʦʛʨʘʥʠʯʠʚʘʝʪ ʦʪʢʣʦʥʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ ʣʦʢʘʣʴʥʦʡ ʤʦʜʝʣʠ ʦʪ ʪʝʢʫʱʝʡ 

ʛʣʦʙʘʣʴʥʦʡ ʚʝʨʩʠʠ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʩʪʘʙʠʣʠʟʠʨʦʚʘʪʴ ʧʨʦʮʝʩʩ 

ʦʙʫʯʝʥʠʷ ʠ ʧʨʝʜʦʪʚʨʘʪʠʪʴ ʯʨʝʟʤʝʨʥʦʝ ʨʘʩʭʦʞʜʝʥʠʝ ʦʙʥʦʚʣʝʥʠʡ, ʚʦʟʥʠʢʘʶʱʝʝ 

ʠʟ-ʟʘ ʨʘʟʣʠʯʠʡ ʚ ʨʘʩʧʨʝʜʝʣʝʥʠʠ ʜʘʥʥʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʷʭ 

ʢʣʠʝʥʪʦʚ. 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʢʘʞʜʳʡ ʢʣʠʝʥʪ ʧʦʣʫʯʘʝʪ ʛʣʦʙʘʣʴʥʫʶ ʤʦʜʝʣʴ ʠ 

ʚʳʧʦʣʥʷʝʪ ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʥʘ ʩʦʙʩʪʚʝʥʥʳʭ ʜʘʥʥʳʭ, ʦʪʨʘʞʘʶʱʠʭ ʫʨʦʚʝʥʴ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʯʣʝʥʘ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʣʠʟʦʩʪʴ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʢ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ʇʦʩʣʝ 

ʟʘʚʝʨʰʝʥʠʷ ʣʦʢʘʣʴʥʦʛʦ ʦʙʫʯʝʥʠʷ ʦʙʥʦʚʣʝʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʧʝʨʝʜʘʶʪʩʷ ʥʘ 
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ʩʝʨʚʝʨ, ʛʜʝ ʚʳʧʦʣʥʷʝʪʩʷ ʠʭ ʘʛʨʝʛʘʮʠʷ ʧʦ ʩʭʝʤʝ, ʘʥʘʣʦʛʠʯʥʦʡ FedAvg. 

ʀʪʝʨʘʪʠʚʥʦʝ ʧʦʚʪʦʨʝʥʠʝ ʜʘʥʥʦʛʦ ʧʨʦʮʝʩʩʘ ʩʧʦʩʦʙʩʪʚʫʝʪ ʙʦʣʝʝ ʩʪʘʙʠʣʴʥʦʡ 

ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. 

ʇʨʠʤʝʥʝʥʠʝ FedProx ʧʦʟʚʦʣʠʣʦ ʩʥʠʟʠʪʴ ʚʘʨʠʘʪʠʚʥʦʩʪʴ ʧʨʦʛʥʦʟʦʚ ʠ 

ʧʦʚʳʩʠʪʴ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʙʘʟʦʚʳʤ ʘʣʛʦʨʠʪʤʦʤ 

FedAvg, ʯʪʦ ʠʤʝʝʪ ʦʩʦʙʦʝ ʟʥʘʯʝʥʠʝ ʧʨʠ ʘʥʘʣʠʟʝ ʧʩʠʭʦʣʦʛʠʯʝʩʢʠʭ ʜʘʥʥʳʭ, 

ʭʘʨʘʢʪʝʨʠʟʫʶʱʠʭʩʷ ʚʳʩʦʢʦʡ ʠʥʜʠʚʠʜʫʘʣʴʥʦʡ ʚʘʨʠʘʪʠʚʥʦʩʪʴʶ. ɺʤʝʩʪʝ ʩ ʪʝʤ 

ʘʣʛʦʨʠʪʤ ʪʨʝʙʫʝʪ ʥʘʩʪʨʦʡʢʠ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʢʦʵʬʬʠʮʠʝʥʪʘ 

ʠ ʤʦʞʝʪ ʜʝʤʦʥʩʪʨʠʨʦʚʘʪʴ ʙʦʣʝʝ ʤʝʜʣʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ, ʯʪʦ ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʛʦ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʚ ʩʮʝʥʘʨʠʷʭ, ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʭ ʥʘ ʤʘʢʩʠʤʘʣʴʥʫʶ ʩʢʦʨʦʩʪʴ 

ʦʙʫʯʝʥʠʷ. ʊʝʤ ʥʝ ʤʝʥʝʝ ʚ ʟʘʜʘʯʘʭ, ʛʜʝ ʧʨʠʦʨʠʪʝʪʦʤ ʷʚʣʷʝʪʩʷ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ 

ʢʦʨʨʝʢʪʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʥʘ non-IID ʜʘʥʥʳʭ, FedProx ʷʚʣʷʝʪʩʷ ʦʙʦʩʥʦʚʘʥʥʳʤ ʠ 

ʵʬʬʝʢʪʠʚʥʳʤ ʚʳʙʦʨʦʤ. 
 

4.5 ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ: 

FedAvg, FedOpt ʠ FedProx 

ɺ ʜʘʥʥʦʤ ʨʘʟʜʝʣʝ ʧʨʦʚʦʜʠʪʩʷ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʪʨʝʭ ʢʣʶʯʝʚʳʭ 

ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ: FedAvg, FedOpt ʠ FedProx. ʕʪʠ 

ʘʣʛʦʨʠʪʤʳ ʙʳʣʠ ʚʳʙʨʘʥʳ ʜʣʷ ʠʩʩʣʝʜʦʚʘʥʠʷ, ʪʘʢ ʢʘʢ ʦʥʠ ʧʨʝʜʩʪʘʚʣʷʶʪ ʨʘʟʥʳʝ 

ʧʦʜʭʦʜʳ ʢ ʦʧʪʠʤʠʟʘʮʠʠ ʤʦʜʝʣʠ ʚ ʫʩʣʦʚʠʷʭ ʨʘʩʧʨʝʜʝʣʝʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ 

ʧʦʤʦʛʘʶʪ ʨʝʰʠʪʴ ʧʨʦʙʣʝʤʳ, ʩʚʷʟʘʥʥʳʝ ʩ ʥʝʦʜʥʦʨʦʜʥʦʩʪʴʶ ʜʘʥʥʳʭ non-IID, 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʟʘʪʨʘʪʘʤʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʤʦʜʝʣʠ. 

ʄʝʪʦʜʳ ʧʦʟʚʦʣʷʶʪ ʦʨʛʘʥʠʟʦʚʘʪʴ ʨʘʩʧʨʝʜʝʣʝʥʥʦʝ ʦʙʫʯʝʥʠʝ, 

ʤʠʥʠʤʠʟʠʨʫʷ ʧʝʨʝʜʘʯʫ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ ʠ ʩʝʨʚʝʨʦʤ, ʦʜʥʘʢʦ ʦʙʣʘʜʘʶʪ 

ʨʘʟʣʠʯʥʳʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʠ ʧʦ-ʨʘʟʥʦʤʫ ʩʧʨʘʚʣʷʶʪʩʷ ʩ ʧʨʦʙʣʝʤʘʤʠ non-

IID ʜʘʥʥʳʭ ʠ ʩʭʦʜʠʤʦʩʪʠ ʤʦʜʝʣʠ ʧʨʝʜʩʪʘʚʣʝʥʳ ʚ ʪʘʙʣʠʮʝ 4.3. 

 

ʊʘʙʣʠʮʘ 4.3 - ʉʨʘʚʥʠʪʝʣʴʥʘʷ ʪʘʙʣʠʮʘ ʘʣʛʦʨʠʪʤʦʚ 

 

ʄʝʪʨʠʢʘ FedAvg FedOpt FedProx 

ʆʙʱʠʡ ʧʨʠʥʮʠʧ 

ʇʨʦʩʪʦʝ 

ʫʩʨʝʜʥʝʥʠʝ 

ʧʘʨʘʤʝʪʨʦʚ 

ʤʦʜʝʣʠ 

ɸʜʘʧʪʠʚʥʘʷ 

ʩʝʨʚʝʨʥʘʷ 

ʦʧʪʠʤʠʟʘʮʠʷ 

ʇʨʦʢʩʠʤʘʣʴʥʦʝ 

ʦʛʨʘʥʠʯʝʥʠʝ ʥʘ 

ʣʦʢʘʣʴʥʳʝ ʤʦʜʝʣʠ 

ʈʘʙʦʪʘ ʩ non-IID 

ʜʘʥʥʳʤʠ 
1 2 3 

ʉʢʦʨʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ 2 3 

1 (ʠʟ-ʟʘ 

ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ 

ʦʛʨʘʥʠʯʝʥʠʷ) 

 

ʇʨʠʤʝʥʝʥʠʝ ʚ ʫʩʣʦʚʠʷʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʧʦʢʘʟʘʣʦ, ʯʪʦ FedAvg, ʛʜʝ ʙʘʟʦʚʘʷ 

ʤʦʜʝʣʴ, ʜʝʤʦʥʩʪʨʠʨʫʶʱʘʷ ʧʨʦʙʣʝʤʳ ʩ ʥʝ-IID ʜʘʥʥʳʤʠ. FedOpt, ʛʜʝ ʧʦʟʚʦʣʷʝʪ 

ʙʳʩʪʨʝʝ ʥʘʭʦʜʠʪʴ ʫʩʪʦʡʯʠʚʦʝ ʨʝʰʝʥʠʝ. FedProx, ʛʜʝ ʧʦʤʦʛʘʝʪ ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ 

ʨʘʩʭʦʞʜʝʥʠʷ ʤʦʜʝʣʝʡ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ 
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ɸʥʘʣʠʟ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚʳʧʦʣʥʝʥʦ ʩʨʘʚʥʝʥʠʝ ʘʣʛʦʨʠʪʤʦʚ FedAvg, 

FedOpt ʠ FedProx ʧʨʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʚ 

ʫʩʣʦʚʠʷʭ ʥʝʨʘʚʥʦʤʝʨʥʦʛʦ non-IID ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. 

ɸʣʛʦʨʠʪʤ FedAvg ʠʩʧʦʣʴʟʦʚʘʣʩʷ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ ʤʝʪʦʜʘ. ʆʥ ʧʦʢʘʟʘʣ 

ʧʨʠʝʤʣʝʤʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʨʠ ʦʜʥʦʨʦʜʥʳʭ ʜʘʥʥʳʭ, ʦʜʥʘʢʦ ʧʨʠ ʥʘʣʠʯʠʠ 

ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣ ʩʥʠʞʝʥʠʝ ʪʦʯʥʦʩʪʠ ʠ 

ʟʘʤʝʜʣʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ. ʇʨʦʩʪʦʝ ʫʩʨʝʜʥʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʥʝ 

ʧʦʟʚʦʣʷʝʪ ʵʬʬʝʢʪʠʚʥʦ ʫʯʠʪʳʚʘʪʴ ʨʘʟʣʠʯʠʷ ʤʝʞʜʫ ʢʣʠʝʥʪʩʢʠʤʠ ʚʳʙʦʨʢʘʤʠ, 

ʯʪʦ ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʛʦ ʧʨʠʤʝʥʝʥʠʝ ʚ ʜʘʥʥʦʡ ʟʘʜʘʯʝ. 

ɸʣʛʦʨʠʪʤ FedOpt, ʦʩʥʦʚʘʥʥʳʡ ʥʘ ʠʩʧʦʣʴʟʦʚʘʥʠʠ ʘʜʘʧʪʠʚʥʳʭ ʩʝʨʚʝʨʥʳʭ 

ʦʧʪʠʤʠʟʘʪʦʨʦʚ, ʦʙʝʩʧʝʯʠʣ ʙʦʣʝʝ ʫʩʪʦʡʯʠʚʫʶ ʠ ʙʳʩʪʨʫʶ ʩʭʦʜʠʤʦʩʪʴ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ɺ ʫʩʣʦʚʠʷʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʜʘʥʥʳʡ ʤʝʪʦʜ ʧʦʢʘʟʘʣ 

ʥʘʠʣʫʯʰʠʝ ʨʝʟʫʣʴʪʘʪʳ, ʪʘʢ ʢʘʢ ʩʥʠʞʘʣ ʚʣʠʷʥʠʝ ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʭ 

ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʠ ʘʜʘʧʪʠʨʦʚʘʣʩʷ ʢ ʨʘʟʣʠʯʠʷʤ ʚ ʦʙʲʝʤʘʭ ʜʘʥʥʳʭ 

ʢʣʠʝʥʪʦʚ. ʆʛʨʘʥʠʯʝʥʠʝʤ FedOpt ʷʚʣʷʝʪʩʷ ʫʚʝʣʠʯʝʥʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʥʘʛʨʫʟʢʠ ʥʘ ʩʝʨʚʝʨ. 

ɸʣʛʦʨʠʪʤ FedProx ʙʳʣ ʧʨʠʤʝʥʝʥ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʦʙʫʯʝʥʠʷ ʧʨʠ ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ. ɺʚʝʜʝʥʠʝ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ 

ʦʛʨʘʥʠʯʝʥʠʷ ʧʦʟʚʦʣʠʣʦ ʫʤʝʥʴʰʠʪʴ ʨʘʩʭʦʞʜʝʥʠʝ ʤʝʞʜʫ ʣʦʢʘʣʴʥʳʤʠ ʠ 

ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʷʤʠ, ʦʜʥʘʢʦ ʩʦʧʨʦʚʦʞʜʘʣʦʩʴ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʡ ʩʭʦʜʠʤʦʩʪʴʶ 

ʠ ʥʝʦʙʭʦʜʠʤʦʩʪʴʶ ʜʦʧʦʣʥʠʪʝʣʴʥʦʡ ʥʘʩʪʨʦʡʢʠ ʧʘʨʘʤʝʪʨʦʚ. 

ʈʝʟʫʣʴʪʘʪʳ ʘʥʘʣʠʟʘ ʧʦʜʪʚʝʨʞʜʘʶʪ ʮʝʣʝʩʦʦʙʨʘʟʥʦʩʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

FedAvg ʢʘʢ ʙʘʟʦʚʦʛʦ ʘʣʛʦʨʠʪʤʘ, FedProx ʜʣʷ ʩʪʘʙʠʣʠʟʘʮʠʠ ʦʙʫʯʝʥʠʷ ʧʨʠ non-

IID ʜʘʥʥʳʭ, ʠ FedOpt ʢʘʢ ʥʘʠʙʦʣʝʝ ʵʬʬʝʢʪʠʚʥʦʛʦ ʤʝʪʦʜʘ, ʦʙʝʩʧʝʯʠʚʘʶʱʝʛʦ 

ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʚʳʩʦʢʦʝ ʢʘʯʝʩʪʚʦ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʚ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʩʨʝʜʝ. 

 

4.6 ʆʙʦʩʥʦʚʘʥʠʝ ʚʳʙʦʨʘ ʘʣʛʦʨʠʪʤʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣ ʚʳʧʦʣʥʝʥ ʦʙʦʩʥʦʚʘʥʥʳʡ ʚʳʙʦʨ ʘʣʛʦʨʠʪʤʦʚ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ ʫʯʝʪʦʤ ʪʨʝʙʦʚʘʥʠʡ ʢ ʪʦʯʥʦʩʪʠ, ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʚ ʫʩʣʦʚʠʷʭ, ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʠ non-IID 

ʜʘʥʥʳʭ. 

ɸʣʛʦʨʠʪʤ FedAvg ʙʳʣ ʚʳʙʨʘʥ ʚ ʢʘʯʝʩʪʚʝ ʙʘʟʦʚʦʛʦ ʤʝʪʦʜʘ ʠ ʵʪʘʣʦʥʘ ʜʣʷ 

ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ. ɽʛʦ ʧʨʠʤʝʥʝʥʠʝ ʦʙʫʩʣʦʚʣʝʥʦ ʧʨʦʩʪʦʪʦʡ ʨʝʘʣʠʟʘʮʠʠ, 

ʥʠʟʢʠʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʤʠ ʠ ʢʦʤʤʫʥʠʢʘʮʠʦʥʥʳʤʠ ʟʘʪʨʘʪʘʤʠ, ʘ ʪʘʢʞʝ 

ʧʨʠʝʤʣʝʤʳʤ ʩʦʦʪʥʦʰʝʥʠʝʤ ʪʦʯʥʦʩʪʠ ʠ ʩʢʦʨʦʩʪʠ ʦʙʫʯʝʥʠʷ ʧʨʠ ʦʜʥʦʨʦʜʥʦʤ 

(IID) ʨʘʩʧʨʝʜʝʣʝʥʠʠ ʜʘʥʥʳʭ. ɺʤʝʩʪʝ ʩ ʪʝʤ ʚ ʫʩʣʦʚʠʷʭ ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ 

ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʵʬʬʝʢʪʠʚʥʦʩʪʴ FedAvg ʩʥʠʞʘʝʪʩʷ, ʯʪʦ ʦʛʨʘʥʠʯʠʚʘʝʪ ʝʛʦ 

ʧʨʠʤʝʥʠʤʦʩʪʴ ʚ ʨʝʘʣʴʥʳʭ ʬʝʜʝʨʘʪʠʚʥʳʭ ʩʮʝʥʘʨʠʷʭ. 

ɸʣʛʦʨʠʪʤ FedOpt ʮʝʣʝʩʦʦʙʨʘʟʝʥ ʚ ʟʘʜʘʯʘʭ, ʛʜʝ ʪʨʝʙʫʝʪʩʷ ʫʩʢʦʨʝʥʥʘʷ ʠ 

ʫʩʪʦʡʯʠʚʘʷ ʩʭʦʜʠʤʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʘʜʘʧʪʠʚʥʳʭ 

ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ ʧʦʟʚʦʣʷʝʪ ʵʬʬʝʢʪʠʚʥʦ ʫʯʠʪʳʚʘʪʴ ʨʘʟʥʦʨʦʜʥʦʩʪʴ 

ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʠ ʩʥʠʞʘʪʴ ʚʣʠʷʥʠʝ ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʭ ʢʣʠʝʥʪʦʚ. 
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ʆʩʥʦʚʥʳʤ ʦʛʨʘʥʠʯʝʥʠʝʤ FedOpt ʷʚʣʷʝʪʩʷ ʫʚʝʣʠʯʝʥʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ 

ʥʘʛʨʫʟʢʠ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ. 

ɸʣʛʦʨʠʪʤ FedProx ʨʝʢʦʤʝʥʜʦʚʘʥ ʜʣʷ ʩʮʝʥʘʨʠʝʚ ʩ ʚʳʨʘʞʝʥʥʦʡ 

ʥʝʨʘʚʥʦʤʝʨʥʦʩʪʴʶ ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʜʘʥʥʳʭ ʤʝʞʜʫ ʢʣʠʝʥʪʘʤʠ. ɺʚʝʜʝʥʠʝ 

ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʦʛʨʘʥʠʯʝʥʠʷ ʧʦʚʳʰʘʝʪ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʠ ʫʤʝʥʴʰʘʝʪ 

ʨʘʩʭʦʞʜʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ, ʦʜʥʘʢʦ ʩʦʧʨʦʚʦʞʜʘʝʪʩʷ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʡ 

ʩʭʦʜʠʤʦʩʪʴʶ ʠ ʥʝʦʙʭʦʜʠʤʦʩʪʴʶ ʥʘʩʪʨʦʡʢʠ ʜʦʧʦʣʥʠʪʝʣʴʥʦʛʦ ʛʠʧʝʨʧʘʨʘʤʝʪʨʘ. 

ʇʨʦʚʝʜʝʥʥʳʡ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʧʦʢʘʟʘʣ, ʯʪʦ FedAvg ʚʳʧʦʣʥʷʝʪ 

ʨʦʣʴ ʙʘʟʦʚʦʛʦ ʘʣʛʦʨʠʪʤʘ, FedProx ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ ʧʨʠ 

ʚʳʩʦʢʦʡ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʜʘʥʥʳʭ, ʘ FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ ʥʘʠʣʫʯʰʝʝ ʩʦʯʝʪʘʥʠʝ 

ʩʢʦʨʦʩʪʠ ʩʭʦʜʠʤʦʩʪʠ ʠ ʩʪʘʙʠʣʴʥʦʩʪʠ. ɺ ʩʚʷʟʠ ʩ ʵʪʠʤ FedOpt ʚʳʙʨʘʥ ʚ ʢʘʯʝʩʪʚʝ 

ʦʩʥʦʚʥʦʛʦ ʘʣʛʦʨʠʪʤʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʜʘʥʥʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ, ʪʦʛʜʘ 

ʢʘʢ FedAvg ʠ FedProx ʠʩʧʦʣʴʟʫʶʪʩʷ ʢʘʢ ʙʘʟʦʚʳʡ ʠ ʚʩʧʦʤʦʛʘʪʝʣʴʥʳʡ ʤʝʪʦʜʳ 

ʩʦʦʪʚʝʪʩʪʚʝʥʥʦ. 

ʕʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘʷ ʦʮʝʥʢʘ ʩʭʦʜʠʤʦʩʪʠ ʘʣʛʦʨʠʪʤʦʚ FedAvg, FedOpt ʠ 

FedProx. ɺ ʜʘʥʥʦʤ ʨʘʟʜʝʣʝ ʧʨʝʜʩʪʘʚʣʝʥ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʡ ʘʥʘʣʠʟ ʜʠʥʘʤʠʢʠ 

ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ FedAvg, FedOpt ʠ FedProx. ʆʮʝʥʢʘ 

ʧʨʦʚʦʜʠʣʘʩʴ ʥʘ ʦʩʥʦʚʝ ʠʟʤʝʥʝʥʠʷ ʪʦʯʥʦʩʪʠ ʠ ʟʥʘʯʝʥʠʷ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʚ 

ʧʨʦʮʝʩʩʝ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʭ ʨʘʫʥʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ ʠʭ 

ʧʨʦʛʥʦʟʠʨʫʝʤʦʛʦ ʧʦʚʝʜʝʥʠʷ ʥʘ ʧʦʩʣʝʜʫʶʱʠʭ ʠʪʝʨʘʮʠʷʭ. 

ɸʥʘʣʠʟ ʜʠʥʘʤʠʢʠ ʪʦʯʥʦʩʪʠ ʧʦʢʘʟʘʣ, ʯʪʦ ʘʣʛʦʨʠʪʤ FedAvg 

ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʥʝʫʩʪʦʡʯʠʚʳʤ ʨʦʩʪʦʤ ʢʘʯʝʩʪʚʘ ʤʦʜʝʣʠ ʧʨʠ ʥʘʣʠʯʠʠ 

ʛʝʪʝʨʦʛʝʥʥʳʭ non-IID ʜʘʥʥʳʭ, ʯʪʦ ʧʨʦʷʚʣʷʝʪʩʷ ʚ ʢʦʣʝʙʘʥʠʷʭ ʪʦʯʥʦʩʪʠ ʥʘ 

ʦʪʜʝʣʴʥʳʭ ʨʘʫʥʜʘʭ ʦʙʫʯʝʥʠʷ. ʅʘ ʧʨʝʜʩʪʘʚʣʝʥʥʦʤ ʛʨʘʬʠʢʝ ʥʘ ʨʠʩʫʥʢʝ 4.13 ʠ 

ʪʘʙʣʠʮʝ 4.4 ʧʦʢʘʟʘʥʘ ʜʠʥʘʤʠʢʘ ʪʦʯʥʦʩʪʠ ʤʦʜʝʣʝʡ FedAvg, FedOpt ʠ FedProx ʚ 

ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʥʦʤʝʨʘ ʨʘʫʥʜʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

 

 
 

ʈʠʩʫʥʦʢ 4.13 - ɼʠʥʘʤʠʢʘ ʪʦʯʥʦʩʪʠ (Accuracy) ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ FedAvg, 

FedOpt ʠ FedProx ʧʦ ʨʘʫʥʜʘʤ ʌʆ 



96 

 

ɸʣʛʦʨʠʪʤ FedOpt ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʙʦʣʝʝ ʙʳʩʪʨʫʶ ʠ ʧʣʘʚʥʫʶ ʩʭʦʜʠʤʦʩʪʴ, 

ʦʙʝʩʧʝʯʠʚʘʷ ʫʩʪʦʡʯʠʚʳʡ ʨʦʩʪ ʪʦʯʥʦʩʪʠ ʟʘ ʩʯʝʪ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʘʜʘʧʪʠʚʥʦʡ 

ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ. ɸʣʛʦʨʠʪʤ FedProx ʧʦʢʘʟʳʚʘʝʪ ʥʘʠʙʦʣʝʝ ʩʪʘʙʠʣʴʥʦʝ 

ʧʦʚʝʜʝʥʠʝ ʥʘ ʨʘʥʥʠʭ ʵʪʘʧʘʭ ʦʙʫʯʝʥʠʷ, ʯʪʦ ʩʚʷʟʘʥʦ ʩ ʚʚʝʜʝʥʠʝʤ 

ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʦʛʨʘʥʠʯʝʥʠʷ, ʦʜʥʘʢʦ ʝʛʦ ʩʢʦʨʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ ʥʠʞʝ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ FedOpt. 
 

ʊʘʙʣʠʮʘ 4.4 - ɼʠʥʘʤʠʢʘ ʪʦʯʥʦʩʪʠ (Accuracy) ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

 

ʈʘʫʥʜʳ 
ʊʦʯʥʦʩʪʴ 

FedAVG FedOpt FedProx 

1 0.793071234 0.8383071568 0.9682882882 

2 0.850712345 0.8707123457 0.9793333333 

3 0.9366666666 0.942457545 0.989333333 

4 0.95956756756 0.9895675675 0.9866633333 

5 0.97666666666 0.926666666 0.999936 

6 0.9956756756 0.9695675675 0.99657878888 

7 0.97666666666 0.9876666666 0.988888999 

8 0.96666666666 0.9866666666 0.9968288288 

9 0.995675675 0.995675675 0.9933333333 

10 0.999675699 0.999675699 0.998888999 

 

ɺ ʥʘʯʘʣʴʥʳʭ ʨʘʫʥʜʘʭ ʦʙʫʯʝʥʠʷ ʥʘʙʣʶʜʘʝʪʩʷ ʨʘʟʣʠʯʠʝ ʚ ʧʦʚʝʜʝʥʠʠ 

ʘʣʛʦʨʠʪʤʦʚ. FedAvg ʩʪʘʨʪʫʝʪ ʩ ʥʘʠʤʝʥʴʰʠʭ ʟʥʘʯʝʥʠʡ ʪʦʯʥʦʩʪʠ, ʦʜʥʘʢʦ 

ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʫʩʪʦʡʯʠʚʳʡ ʨʦʩʪ ʧʦ ʤʝʨʝ ʫʚʝʣʠʯʝʥʠʷ ʯʠʩʣʘ ʨʘʫʥʜʦʚ, ʯʪʦ 

ʦʪʨʘʞʘʝʪ ʧʦʩʪʝʧʝʥʥʦʝ ʫʣʫʯʰʝʥʠʝ ʢʘʯʝʩʪʚʘ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ. FedOpt 

ʧʦʢʘʟʳʚʘʝʪ ʙʦʣʝʝ ʙʳʩʪʨʳʡ ʨʦʩʪ ʪʦʯʥʦʩʪʠ ʥʘ ʨʘʥʥʠʭ ʵʪʘʧʘʭ, ʥʦ ʧʨʠ ʵʪʦʤ 

ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʢʨʘʪʢʦʚʨʝʤʝʥʥʳʤʠ ʢʦʣʝʙʘʥʠʷʤʠ, ʯʪʦ ʩʚʷʟʘʥʦ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʘʜʘʧʪʠʚʥʳʭ ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ ʠ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴʶ 

ʢ ʨʘʟʥʦʨʦʜʥʳʤ ʣʦʢʘʣʴʥʳʤ ʦʙʥʦʚʣʝʥʠʷʤ. 

FedProx ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʥʘʠʙʦʣʝʝ ʩʪʘʙʠʣʴʥʦʝ ʧʦʚʝʜʝʥʠʝ ʫʞʝ ʩ ʧʝʨʚʳʭ 

ʨʘʫʥʜʦʚ ʦʙʫʯʝʥʠʷ: ʨʦʩʪ ʪʦʯʥʦʩʪʠ ʧʨʦʠʩʭʦʜʠʪ ʧʣʘʚʥʦ, ʙʝʟ ʨʝʟʢʠʭ ʩʧʘʜʦʚ, ʯʪʦ 

ʫʢʘʟʳʚʘʝʪ ʥʘ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʦʛʨʘʥʠʯʝʥʠʷ ʧʨʠ ʨʘʙʦʪʝ ʩ 

ʛʝʪʝʨʦʛʝʥʥʳʤʠ non-IID ʜʘʥʥʳʤʠ. ʅʘʯʠʥʘʷ ʩ 6ï7 ʨʘʫʥʜʦʚ ʦʙʫʯʝʥʠʷ, ʪʦʯʥʦʩʪʠ 

ʚʩʝʭ ʪʨʝʭ ʘʣʛʦʨʠʪʤʦʚ ʩʙʣʠʞʘʶʪʩʷ ʠ ʜʦʩʪʠʛʘʶʪ ʚʳʩʦʢʠʭ ʟʥʘʯʝʥʠʡ, ʙʣʠʟʢʠʭ ʢ 

ʝʜʠʥʠʮʝ. ʕʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʩʭʦʜʠʤʦʩʪʠ ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʠ 

ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʚ ʮʝʣʦʤ. ʇʨʠ ʵʪʦʤ FedOpt ʠ FedProx 

ʜʦʩʪʠʛʘʶʪ ʚʳʩʦʢʦʡ ʪʦʯʥʦʩʪʠ ʙʳʩʪʨʝʝ, ʪʦʛʜʘ ʢʘʢ FedAvg ʪʨʝʙʫʝʪ ʙʦʣʴʰʝʛʦ 

ʯʠʩʣʘ ʠʪʝʨʘʮʠʡ ʜʣʷ ʚʳʭʦʜʘ ʥʘ ʩʦʧʦʩʪʘʚʠʤʳʡ ʫʨʦʚʝʥʴ ʢʘʯʝʩʪʚʘ. ɻʨʘʬʠʢ 

ʥʘʛʣʷʜʥʦ ʧʦʜʪʚʝʨʞʜʘʝʪ, ʯʪʦ FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʢʦʨʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ, 

FedProx ʧʦʚʳʰʝʥʥʫʶ ʩʪʘʙʠʣʴʥʦʩʪʴ ʦʙʫʯʝʥʠʷ, ʘ FedAvg ʚʳʩʪʫʧʘʝʪ ʚ ʨʦʣʠ 

ʙʘʟʦʚʦʛʦ ʘʣʛʦʨʠʪʤʘ, ʜʝʤʦʥʩʪʨʠʨʫʶʱʝʛʦ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʝ, ʥʦ ʫʩʪʦʡʯʠʚʦʝ 

ʫʣʫʯʰʝʥʠʝ ʪʦʯʥʦʩʪʠ. 
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ɸʥʘʣʠʟ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʦʣʫʯʝʥʥʳʝ ʚʳʚʦʜʳ. ɼʣʷ FedAvg 

ʥʘʙʣʶʜʘʶʪʩʷ ʢʦʣʝʙʘʥʠʷ ʟʥʘʯʝʥʠʷ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ, ʫʢʘʟʳʚʘʶʱʠʝ ʥʘ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʘʣʛʦʨʠʪʤʘ ʢ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ ʜʘʥʥʳʭ. FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʥʘʠʙʦʣʝʝ ʙʳʩʪʨʦʝ ʠ ʨʘʚʥʦʤʝʨʥʦʝ ʩʥʠʞʝʥʠʝ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ, ʯʪʦ 

ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʚʳʩʦʢʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʛʨʝʛʘʮʠʠ ʦʙʥʦʚʣʝʥʠʡ. FedProx 

ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʩʪʘʙʠʣʴʥʦʝ, ʥʦ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʝ ʩʥʠʞʝʥʠʝ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ, ʯʪʦ 

ʦʪʨʘʞʘʝʪ ʢʦʤʧʨʦʤʠʩʩ ʤʝʞʜʫ ʫʩʪʦʡʯʠʚʦʩʪʴʶ ʠ ʩʢʦʨʦʩʪʴʶ ʦʙʫʯʝʥʠʷ. 

ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʚʳʧʦʣʥʝʥ ʧʨʦʛʥʦʟ ʜʠʥʘʤʠʢʠ ʪʦʯʥʦʩʪʠ ʠ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ 

ʥʘ ʧʦʩʣʝʜʫʶʱʠʭ ʨʘʫʥʜʘʭ ʦʙʫʯʝʥʠʷ. ʇʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʫʢʘʟʳʚʘʶʪ ʥʘ 

ʩʦʭʨʘʥʝʥʠʝ ʪʝʥʜʝʥʮʠʡ, ʚʳʷʚʣʝʥʥʳʭ ʚ ʭʦʜʝ ʵʢʩʧʝʨʠʤʝʥʪʘ: FedOpt ʦʩʪʘʝʪʩʷ 

ʥʘʠʙʦʣʝʝ ʧʝʨʩʧʝʢʪʠʚʥʳʤ ʘʣʛʦʨʠʪʤʦʤ ʩ ʪʦʯʢʠ ʟʨʝʥʠʷ ʩʢʦʨʦʩʪʠ ʩʭʦʜʠʤʦʩʪʠ ʠ 

ʢʘʯʝʩʪʚʘ ʤʦʜʝʣʠ, FedProx ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ 

ʜʘʥʥʳʭ, ʘ FedAvg ʤʦʞʝʪ ʨʘʩʩʤʘʪʨʠʚʘʪʴʩʷ ʧʨʝʠʤʫʱʝʩʪʚʝʥʥʦ ʢʘʢ ʙʘʟʦʚʳʡ 

ʵʪʘʣʦʥ ʜʣʷ ʩʨʘʚʥʝʥʠʷ. ʅʘ ʛʨʘʬʠʢʝ ʥʘ ʨʠʩʫʥʢʝ 4.14 ʠ ʪʘʙʣʠʮʝ 4.5 ʧʦʢʘʟʘʥʘ 

ʜʠʥʘʤʠʢʘ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʜʣʷ ʘʣʛʦʨʠʪʤʦʚ FedAvg, FedOpt ʠ FedProx ʧʦ 

ʨʘʫʥʜʘʤ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ. 

 

 
 

ʈʠʩʫʥʦʢ 4.14 - ɼʠʥʘʤʠʢʘ Centralized Loss ʧʦ ʨʘʫʥʜʘʤ ʌʆ 
 

ʊʘʙʣʠʮʘ 4.5 - ɼʠʥʘʤʠʢʘ Centralized Loss ʧʦ ʨʘʫʥʜʘʤ ʌʆ 

 

 ʈʘʫʥʜ FedAvg (loss) FedOpt (loss) FedProx (loss) 

1 0.50 0.45 0.30 

2 0.40 0.38 0.20 

3 0.25 0.22 0.12 

4 0.18 0.10 0.14 

5 0.10 0.18 0.01 

6 0.02 0.12 0.05 

7 0.10 0.04 0.12 

8 0.15 0.05 0.05 

9 0.03 0.02 0.08 

10 0.00 0.00 0.02 
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ɺ ʥʘʯʘʣʴʥʳʭ ʨʘʫʥʜʘʭ ʚʩʝ ʘʣʛʦʨʠʪʤʳ ʠʤʝʶʪ ʚʳʩʦʢʠʝ ʟʥʘʯʝʥʠʷ ʧʦʪʝʨʴ. 

FedAvg ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʥʘʠʙʦʣʴʰʠʝ ʢʦʣʝʙʘʥʠʷ ʠ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʝ ʩʥʠʞʝʥʠʝ 

ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ, ʯʪʦ ʫʢʘʟʳʚʘʝʪ ʥʘ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʢ non-IID ʜʘʥʥʳʤ. FedOpt 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʥʘʠʙʦʣʝʝ ʙʳʩʪʨʦʝ ʠ ʫʩʪʦʡʯʠʚʦʝ ʫʤʝʥʴʰʝʥʠʝ ʧʦʪʝʨʠ ʟʘ ʩʯʝʪ 

ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʘʜʘʧʪʠʚʥʳʭ ʩʝʨʚʝʨʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ ʠ ʢ ʬʠʥʘʣʴʥʳʤ ʨʘʫʥʜʘʤ 

ʜʦʩʪʠʛʘʝʪ ʤʠʥʠʤʘʣʴʥʳʭ ʟʥʘʯʝʥʠʡ. FedProx ʧʦʢʘʟʳʚʘʝʪ ʙʦʣʝʝ ʩʛʣʘʞʝʥʥʫʶ ʠ 

ʩʪʘʙʠʣʴʥʫʶ ʜʠʥʘʤʠʢʫ, ʦʜʥʘʢʦ ʩʭʦʜʠʤʦʩʪʴ ʧʨʦʠʩʭʦʜʠʪ ʤʝʜʣʝʥʥʝʝ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ FedOpt. 

ɺ ʮʝʣʦʤ, FedOpt ʦʙʝʩʧʝʯʠʚʘʝʪ ʣʫʯʰʫʶ ʩʢʦʨʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ, FedProx 

ʥʘʠʙʦʣʴʰʫʶ ʫʩʪʦʡʯʠʚʦʩʪʴ, ʪʦʛʜʘ ʢʘʢ FedAvg ʫʩʪʫʧʘʝʪ ʧʦ ʩʪʘʙʠʣʴʥʦʩʪʠ ʚ 

ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ. 

ʆʮʝʥʢʘ ʠ ʧʨʦʛʥʦʟ ʪʦʯʥʦʩʪʠ ʠ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ ʚ 

ʧʨʦʮʝʩʩʝ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʝʜʩʪʘʚʣʝʥʘ ʥʘ ʨʠʩʫʥʢʝ 4.15 ʠ ʪʘʙʣʠʮʝ 4.6 

ʠ 4.7.  

 

 
 

4.15 - ʇʨʦʛʥʦʟ ʜʠʥʘʤʠʢʠ ʧʦʢʘʟʘʪʝʣʝʡ ʪʦʯʥʦʩʪʠ ʠ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ 
ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

ʃʝʚʘʷ ʯʘʩʪʴ ʠʣʣʶʩʪʨʠʨʫʝʪ ʠʟʤʝʥʝʥʠʝ ʠ ʧʨʦʛʥʦʟ ʪʦʯʥʦʩʪʠ ʤʦʜʝʣʝʡ ʧʦ 

ʨʘʫʥʜʘʤ ʦʙʫʯʝʥʠʷ. ɺʠʜʥʦ, ʯʪʦ FedOpt ʠ FedProx ʦʙʝʩʧʝʯʠʚʘʶʪ ʙʦʣʝʝ 

ʩʪʘʙʠʣʴʥʳʡ ʨʦʩʪ ʪʦʯʥʦʩʪʠ, ʪʦʛʜʘ ʢʘʢ FedAvg ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʙʦʣʴʰʠʝ 

ʢʦʣʝʙʘʥʠʷ, ʦʩʦʙʝʥʥʦ ʥʘ ʨʘʥʥʠʭ ʵʪʘʧʘʭ. ʇʨʦʛʥʦʟʥʳʝ ʟʥʘʯʝʥʠʷ ʫʢʘʟʳʚʘʶʪ ʥʘ 

ʩʦʭʨʘʥʝʥʠʝ ʜʘʥʥʦʡ ʪʝʥʜʝʥʮʠʠ ʚ ʧʦʩʣʝʜʫʶʱʠʭ ʨʘʫʥʜʘʭ. 

ʇʨʘʚʘʷ ʯʘʩʪʴ ʦʪʨʘʞʘʝʪ ʜʠʥʘʤʠʢʫ ʠ ʧʨʦʛʥʦʟ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ. FedOpt 

ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʥʘʠʙʦʣʝʝ ʙʳʩʪʨʳʤ ʠ ʫʩʪʦʡʯʠʚʳʤ ʩʥʠʞʝʥʠʝʤ ʧʦʪʝʨʴ, FedProx 

ʧʦʢʘʟʳʚʘʝʪ ʩʛʣʘʞʝʥʥʫʶ, ʥʦ ʙʦʣʝʝ ʤʝʜʣʝʥʥʫʶ ʩʭʦʜʠʤʦʩʪʴ, ʪʦʛʜʘ ʢʘʢ FedAvg 

ʦʩʪʘʝʪʩʷ ʤʝʥʝʝ ʩʪʘʙʠʣʴʥʳʤ ʧʨʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ. 

ʇʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʦʜʪʚʝʨʞʜʘʶʪ, ʯʪʦ FedOpt ʷʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ 

ʵʬʬʝʢʪʠʚʥʳʤ ʘʣʛʦʨʠʪʤʦʤ ʩ ʪʦʯʢʠ ʟʨʝʥʠʷ ʩʭʦʜʠʤʦʩʪʠ ʠ ʧʨʦʛʥʦʟʠʨʫʝʤʦʩʪʠ, ʘ 

FedProx ʥʘʠʙʦʣʝʝ ʫʩʪʦʡʯʠʚʳʤ ʧʨʠ ʛʝʪʝʨʦʛʝʥʥʳʭ ʜʘʥʥʳʭ, ʯʪʦ ʩʦʛʣʘʩʫʝʪʩʷ ʩ 

ʨʝʟʫʣʴʪʘʪʘʤʠ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʘʥʘʣʠʟʘ 
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ʊʘʙʣʠʮʘ 4.6 - ʆʮʝʥʢʘ ʠ ʧʨʦʛʥʦʟ ʪʦʯʥʦʩʪʠ ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

 

  

ʈʘʫʥʜ 

FedAvg 

(ʪʦʯʥʦ) 

FedOpt 

(ʪʦʯʥʦ) 

FedProx 

(ʪʦʯʥʦ) 

FedAvg 

(ʧʨʦʛʥʦʟ) 

FedOpt 

(ʧʨʦʛʥʦʟ) 

FedProx 

(ʧʨʦʛʥʦʟ) 

1 0.79 0.84 0.97 ï ï ï 

2 0.85 0.89 0.98 ï ï ï 

3 0.94 0.94 0.99 ï ï ï 

4 0.97 0.96 1.00 ï ï ï 

5 0.98 0.99 1.00 ï ï ï 

6 0.99 0.97 0.99 ï ï ï 

7 0.97 0.99 1.00 ï ï ï 

8 0.98 1.00 1.00 ï ï ï 

9 0.99 1.00 1.00 ï ï ï 

10 1.00 1.00 1.00 ï ï ï 

11 ï ï ï 1.08 1.06 1.01 

12 ï ï ï 1.10 1.07 1.02 

13 ï ï ï 1.17 1.13 1.03 

 

ʊʘʙʣʠʮʘ 4.7 - ʆʮʝʥʢʘ ʠ ʧʨʦʛʥʦʟ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʛʣʦʙʘʣʴʥʳʭ ʤʦʜʝʣʝʡ 

 

  

ʈʘʫʥʜ 

FedAvg 

(ʪʦʯʥʦ) 

FedOpt 

(ʪʦʯʥʦ) 

FedProx 

(ʪʦʯʥʦ) 

FedAvg 

(ʧʨʦʛʥʦʟ) 

FedOpt 

(ʧʨʦʛʥʦʟ) 

FedProx 

(ʧʨʦʛʥʦʟ) 

1 0.45 0.40 0.20 ï ï ï 

2 0.40 0.35 0.13 ï ï ï 

3 0.25 0.25 0.10 ï ï ï 

4 0.18 0.20 0.00 ï ï ï 

5 0.12 0.15 0.05 ï ï ï 

6 0.05 0.08 0.08 ï ï ï 

7 0.15 0.05 0.10 ï ï ï 

8 0.18 0.04 0.07 ï ï ï 

9 0.12 0.02 0.05 ï ï ï 

10 0.05 0.00 0.03 ï ï ï 

11 ï ï ï -0.05 -0.04 -0.03 

12 ï ï ï -0.10 -0.08 -0.05 

13 ï ï ï -0.15 -0.12 -0.08 

 

4.7 ɺʳʚʦʜʳ ʧʦ 4 ʛʣʘʚʝ 
ɺ ʨʘʟʜʝʣʝ ʚʳʧʦʣʥʝʥ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ FedAvg, 

FedOpt ʠ FedProx ʜʣʷ ʟʘʜʘʯʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 
ʚʳʛʦʨʘʥʠʷ ʚ ʫʩʣʦʚʠʷʭ non-IID ʜʘʥʥʳʭ. ʇʦʢʘʟʘʥʦ, ʯʪʦ FedAvg ʠʤʝʝʪ 
ʦʛʨʘʥʠʯʝʥʥʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠ ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ ʚʳʙʦʨʦʢ. 
FedProx ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʦʙʫʯʝʥʠʷ ʟʘ ʩʯʝʪ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ 
ʦʛʨʘʥʠʯʝʥʠʷ, ʥʦ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʙʦʣʝʝ ʤʝʜʣʝʥʥʦʡ ʩʭʦʜʠʤʦʩʪʴʶ. ʅʘʠʣʫʯʰʠʝ 
ʨʝʟʫʣʴʪʘʪʳ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣ FedOpt, ʦʙʝʩʧʝʯʠʚʰʠʡ ʙʳʩʪʨʫʶ ʩʭʦʜʠʤʦʩʪʴ ʠ 
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ʫʩʪʦʡʯʠʚʦʩʪʴ ʢ ʛʝʪʝʨʦʛʝʥʥʳʤ ʜʘʥʥʳʤ. ɺ ʩʚʷʟʠ ʩ ʵʪʠʤ FedOpt ʚʳʙʨʘʥ ʚ 
ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʘʣʛʦʨʠʪʤʘ, ʪʦʛʜʘ ʢʘʢ FedAvg ʠ FedProx ʠʩʧʦʣʴʟʫʶʪʩʷ ʢʘʢ 
ʙʘʟʦʚʳʡ ʠ ʚʩʧʦʤʦʛʘʪʝʣʴʥʳʡ ʤʝʪʦʜʳ ʩʦʦʪʚʝʪʩʪʚʝʥʥʦ. 
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5 ʈɸɿʈɸɹʆʊʂɸ ʇʈʆɻʈɸʄʄʅʆɻʆ ʆɹɽʉʇɽʏɽʅʀʗ  

 
ɼʣʷ ʨʝʘʣʠʟʘʮʠʠ ʩʙʦʨʘ ʜʘʥʥʳʭ ʦ ʩʦʩʪʦʷʥʠʠ ʟʜʦʨʦʚʴʷ, ʬʠʟʠʯʝʩʢʦʡ 

ʘʢʪʠʚʥʦʩʪʠ, ʧʠʪʘʥʠʠ ʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʤ ʚʳʛʦʨʘʥʠʠ ʨʘʟʨʘʙʦʪʘʥʘ ʚʝʙ-

ʧʣʘʪʬʦʨʤʘ, ʧʨʝʜʥʘʟʥʘʯʝʥʥʘʷ ʜʣʷ ʠʥʪʝʛʨʠʨʦʚʘʥʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʘʥʘʣʠʟʘ 

ʧʦʢʘʟʘʪʝʣʝʡ ʙʣʘʛʦʧʦʣʫʯʠʷ ʩʪʫʜʝʥʪʦʚ. ɸʨʭʠʪʝʢʪʫʨʘ ʩʠʩʪʝʤʳ ʧʦʩʪʨʦʝʥʘ ʧʦ 

ʧʨʠʥʮʠʧʫ ʢʣʠʝʥʪ-ʩʝʨʚʝʨ, ʛʜʝ ʢʣʠʝʥʪʩʢʘʷ ʯʘʩʪʴ ʦʙʝʩʧʝʯʠʚʘʝʪ ʫʜʦʙʥʳʡ ʠ 

ʠʥʪʫʠʪʠʚʥʦ ʧʦʥʷʪʥʳʡ ʠʥʪʝʨʬʝʡʩ ʜʣʷ ʚʚʦʜʘ ʜʘʥʥʳʭ, ʘ ʩʝʨʚʝʨʥʘʷ ʯʘʩʪʴ ʦʪʚʝʯʘʝʪ 

ʟʘ ʙʝʟʦʧʘʩʥʦʝ ʭʨʘʥʝʥʠʝ, ʦʙʨʘʙʦʪʢʫ ʠ ʘʛʨʝʛʠʨʦʚʘʥʠʝ ʧʦʣʫʯʝʥʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. 

ʂʣʠʝʥʪʩʢʘʷ ʯʘʩʪʴ ʧʣʘʪʬʦʨʤʳ ʨʝʘʣʠʟʦʚʘʥʘ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ 

ʩʦʚʨʝʤʝʥʥʳʭ ʚʝʙ-ʪʝʭʥʦʣʦʛʠʡ, ʪʘʢʠʭ ʢʘʢ React.js, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʦʟʜʘʪʴ 

ʘʜʘʧʪʠʚʥʳʡ ʠʥʪʝʨʬʝʡʩ, ʩʦʚʤʝʩʪʠʤʳʡ ʩ ʥʘʩʪʦʣʴʥʳʤʠ ʢʦʤʧʴʶʪʝʨʘʤʠ, 

ʧʣʘʥʰʝʪʘʤʠ ʠ ʩʤʘʨʪʬʦʥʘʤʠ. ʇʦʣʴʟʦʚʘʪʝʣʴ ʚʚʦʜʠʪ ʜʘʥʥʳʝ ʚ 

ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʬʦʨʤʳ, ʦʭʚʘʪʳʚʘʶʱʠʝ ʨʘʟʣʠʯʥʳʝ ʘʩʧʝʢʪʳ ʧʦʚʩʝʜʥʝʚʥʦʡ 

ʞʠʟʥʠ: ʠʥʬʦʨʤʘʮʠʶ ʦ ʩʪʫʜʝʥʪʝ, ʜʥʝʚʥʠʢ ʧʠʪʘʥʠʷ, ʜʘʥʥʳʝ ʦ ʬʠʟʠʯʝʩʢʦʡ 

ʘʢʪʠʚʥʦʩʪʠ, ʨʝʟʫʣʴʪʘʪʳ ʪʝʩʪʘ ʥʘ ʚʳʛʦʨʘʥʠʝ ʠ ʧʦʢʘʟʘʪʝʣʠ ʚʨʝʤʝʥʠ ʦʪʜʳʭʘ. 

ɺʚʦʜʠʤʳʝ ʜʘʥʥʳʝ ʧʨʦʭʦʜʷʪ ʣʦʢʘʣʴʥʫʶ ʧʨʦʚʝʨʢʫ ʥʘ ʢʦʨʨʝʢʪʥʦʩʪʴ ʠ 

ʧʨʝʜʚʘʨʠʪʝʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ (ʥʘʧʨʠʤʝʨ, ʚʘʣʠʜʘʮʠʶ ʬʦʨʤʘʪʘ ʠ ʦʙʷʟʘʪʝʣʴʥʦʩʪʴ 

ʟʘʧʦʣʥʝʥʠʷ), ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ ʦʰʠʙʢʠ ʚʚʦʜʘ. 

ʅʘ ʩʝʨʚʝʨʥʦʡ ʩʪʦʨʦʥʝ ʨʝʘʣʠʟʦʚʘʥʘ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ ʙʘʟʘʤʠ ʜʘʥʥʳʭ ʩ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʥʘʜʝʞʥʳʭ ʉʋɹɼ (ʥʘʧʨʠʤʝʨ, PostgreSQL ʠʣʠ MongoDB), ʘ 

ʪʘʢʞʝ ʩʝʨʚʝʨʥʦʝ ʧʨʠʣʦʞʝʥʠʝ, ʨʘʟʨʘʙʦʪʘʥʥʦʝ ʥʘ ʙʘʟʝ Spring Boot ʠʣʠ Flask, 

ʢʦʪʦʨʦʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʦʙʨʘʙʦʪʢʫ RESTful API-ʟʘʧʨʦʩʦʚ ʦʪ ʢʣʠʝʥʪʩʢʦʡ ʯʘʩʪʠ. 

ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʫʜʝʣʝʥʦ ʤʝʨʘʤ ʙʝʟʦʧʘʩʥʦʩʪʠ: ʜʘʥʥʳʝ ʧʝʨʝʜʘʶʪʩʷ ʧʦ 

ʟʘʱʠʱʝʥʥʳʤ ʢʘʥʘʣʘʤ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʧʨʦʪʦʢʦʣʦʚ ʰʠʬʨʦʚʘʥʠʷ (ʥʘʧʨʠʤʝʨ, 

TLS/SSL), ʘ ʭʨʘʥʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʩ 

ʧʨʠʤʝʥʝʥʠʝʤ ʩʦʚʨʝʤʝʥʥʳʭ ʤʝʪʦʜʦʚ ʢʨʠʧʪʦʛʨʘʬʠʯʝʩʢʦʡ ʟʘʱʠʪʳ. ɸʨʭʠʪʝʢʪʫʨʘ 

ʚʝʙʩʘʡʪʘ ʧʨʝʜʩʪʘʚʣʝʥʘ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 5.1. 

 

 
 

ʈʠʩʫʥʦʢ 5.1 - ɸʨʭʠʪʝʢʪʫʨʘ ʚʝʙʩʘʡʪʘ 
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ʀʥʪʝʛʨʠʨʦʚʘʥʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʚʝʙ-ʧʣʘʪʬʦʨʤʳ ʧʦʟʚʦʣʷʝʪ ʩʦʙʠʨʘʪʴ 

ʜʘʥʥʳʝ ʠʟ ʨʘʟʣʠʯʥʳʭ ʠʩʪʦʯʥʠʢʦʚ, ʩʦʭʨʘʥʷʷ ʠʭ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʩʪʴ ʠ 

ʦʙʝʩʧʝʯʠʚʘʷ ʚʦʟʤʦʞʥʦʩʪʴ ʜʘʣʴʥʝʡʰʝʛʦ ʘʥʘʣʠʟʘ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʤʝʪʦʜʦʚ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ ʬʝʜʝʨʘʪʠʚʥʦʝ ʦʙʫʯʝʥʠʝ. ʊʘʢʦʡ ʧʦʜʭʦʜ 

ʧʦʟʚʦʣʷʝʪ ʦʙʝʩʧʝʯʠʪʴ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, ʪʘʢ ʢʘʢ 

ʠʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʤʦʛʫʪ ʦʩʪʘʚʘʪʴʩʷ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ, ʘ ʥʘ ʩʝʨʚʝʨ 

ʧʝʨʝʜʘʶʪʩʷ ʪʦʣʴʢʦ ʘʛʨʝʛʠʨʦʚʘʥʥʳʝ ʦʙʥʦʚʣʝʥʠʷ ʤʦʜʝʣʠ. ʂʨʦʤʝ ʪʦʛʦ, 

ʧʣʘʪʬʦʨʤʘ ʦʙʣʘʜʘʝʪ ʚʳʩʦʢʦʡ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴʶ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ 

ʠʥʪʝʛʨʠʨʦʚʘʪʴ ʜʘʥʥʳʝ ʦʪ ʙʦʣʴʰʦʛʦ ʢʦʣʠʯʝʩʪʚʘ ʫʯʘʩʪʥʠʢʦʚ ʠ ʧʨʦʚʦʜʠʪʴ 

ʤʝʞʩʝʢʪʦʨʘʣʴʥʳʡ ʘʥʘʣʠʟ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʩʦʩʪʦʷʥʠʷ, ʧʠʪʘʥʠʷ, ʬʠʟʠʯʝʩʢʦʡ 

ʘʢʪʠʚʥʦʩʪʠ ʠ ʨʝʞʠʤʘ ʦʪʜʳʭʘ. 

ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʚʝʙ-ʧʣʘʪʬʦʨʤʘ ʜʣʷ ʠʥʪʝʛʨʠʨʦʚʘʥʥʦʛʦ ʩʙʦʨʘ ʜʘʥʥʳʭ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʵʬʬʝʢʪʠʚʥʦʝ, ʙʝʟʦʧʘʩʥʦʝ ʠ ʫʜʦʙʥʦʝ ʨʝʰʝʥʠʝ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ 

ʟʜʦʨʦʚʴʷ ʠ ʙʣʘʛʦʧʦʣʫʯʠʷ ʩʪʫʜʝʥʪʦʚ, ʩʦʟʜʘʚʘʷ ʥʘʜʝʞʥʫʶ ʦʩʥʦʚʫ ʜʣʷ 

ʧʦʩʪʨʦʝʥʠʷ ʧʨʦʛʥʦʩʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ ʠ ʨʝʘʣʠʟʘʮʠʠ ʜʘʣʴʥʝʡʰʠʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ ʚ ʦʙʣʘʩʪʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ. ʄʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ ʠ ʌʆ ʧʨʝʜʩʪʘʚʣʝʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 5.2 

 

 
 

ʈʠʩʫʥʦʢ 5.2 - ʄʦʜʝʣʠ ʄʆ ʠ ʌʆ 

 

ʐʘʛʠ ʧʨʠ ʦʙʫʯʝʥʠʠ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ: 

1. ʂʣʠʝʥʪʳ ʦʙʫʯʘʶʪ ʣʦʢʘʣʴʥʳʝ ʤʦʜʝʣʠ ʥʘ ʦʩʥʦʚʝ ʩʚʦʠʭ ʜʘʥʥʳʭ ʦ 
ʧʨʦʬʝʩʩʠʦʥʘʣʴʥʦʤ ʚʳʛʦʨʘʥʠʠ. 

2. ʂʘʞʜʳʡ ʢʣʠʝʥʪ ʦʪʧʨʘʚʣʷʝʪ ʥʘ ʩʝʨʚʝʨ ʪʦʣʴʢʦ ʦʙʥʦʚʣʝʥʠʷ ʚʝʩʘ ʤʦʜʝʣʠ. 

3. ʉʝʨʚʝʨ ʘʛʨʝʛʠʨʫʝʪ ʵʪʠ ʦʙʥʦʚʣʝʥʠʷ, ʠʩʧʦʣʴʟʫʷ ʤʝʪʦʜ ʚʟʚʝʰʝʥʥʦʛʦ 
ʫʩʨʝʜʥʝʥʠʷ. 

4. ʆʙʥʦʚʣʝʥʥʘʷ ʤʦʜʝʣʴ ʦʪʧʨʘʚʣʷʝʪʩʷ ʦʙʨʘʪʥʦ ʢʣʠʝʥʪʘʤ ʜʣʷ ʩʣʝʜʫʶʱʝʛʦ 
ʨʘʫʥʜʘ ʦʙʫʯʝʥʠʷ. 
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5.1 ʇʨʝʠʤʫʱʝʩʪʚʘ ʚʝʙ-ʩʠʩʪʝʤʳ  

ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʧʣʘʪʬʦʨʤʘ, ʦʙʝʩʧʝʯʠʚʘʶʱʘʷ ʧʨʝʠʤʫʱʝʩʪʚʘ 

ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ ʪʘʙʣʠʮʝ 5.1. 

 

ʊʘʙʣʠʮʘ 5.1 - ʇʨʝʠʤʫʱʝʩʪʚʘ ʨʘʟʨʘʙʦʪʘʥʥʦʡ ʧʣʘʪʬʦʨʤ r

 

ʆʩʦʙʝʥʥʦʩʪʴ ɺʳʛʦʜʘ 

ʉʙʦʨ ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʶʱʠʡ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ 

ɺʩʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʝ ʧʝʨʩʦʥʘʣʴʥʳʝ 

ʜʘʥʥʳʝ ʥʝ ʦʪʧʨʘʚʣʷʶʪʩʷ ʥʘ ʩʝʨʚʝʨ ʠ ʦʥʠ 

ʭʨʘʥʷʪʩʷ ʥʘ ʫʩʪʨʦʡʩʪʚʝ ʢʣʠʝʥʪʘ 

ʄʘʩʰʪʘʙʠʨʫʝʤʘʷ 

ʘʨʭʠʪʝʢʪʫʨʘ 

ʇʦʜʜʝʨʞʠʚʘʝʪ ʦʜʥʦʚʨʝʤʝʥʥʦʝ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʥʝʩʢʦʣʴʢʠʤʠ ʧʦʣʴʟʦʚʘʪʝʣʷʤʠ. 

ʂʨʦʩʩʧʣʘʪʬʦʨʤʝʥʥʘʷ 

ʜʦʩʪʫʧʥʦʩʪʴ 

ʈʘʙʦʪʘʝʪ ʥʘ ʥʘʩʪʦʣʴʥʳʭ ʢʦʤʧʴʶʪʝʨʘʭ, 

ʧʣʘʥʰʝʪʘʭ ʠ ʩʤʘʨʪʬʦʥʘʭ. 

ʉʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʝ 

ʭʨʘʥʠʣʠʱʝ ʜʘʥʥʳʭ 

ʆʙʝʩʧʝʯʠʚʘʝʪ ʙʝʩʧʝʨʝʙʦʡʥʳʡ ʧʦʠʩʢ ʠ ʘʥʘʣʠʟ 

ʜʘʥʥʳʭ. 

ʄʦʥʠʪʦʨʠʥʛ ʟʜʦʨʦʚʴʷ ʚ 

ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ 

ʉʧʦʩʦʙʩʪʚʫʝʪ ʧʨʦʚʝʜʝʥʠʶ ʠʩʩʣʝʜʦʚʘʥʠʡ 

ʙʣʘʛʦʧʦʣʫʯʠʷ ʩʪʫʜʝʥʪʦʚ. 

 

5.2 ʇʨʦʙʣʝʤʳ ʠ ʙʫʜʫʱʠʝ ʫʣʫʯʰʝʥʠʷ 

ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʚʝʙ-ʩʠʩʪʝʤʘ ʩʙʦʨʘ ʜʘʥʥʳʭ ʦʙʝʩʧʝʯʠʚʘʝʪ ʵʬʬʝʢʪʠʚʥʳʡ, 

ʙʝʟʦʧʘʩʥʳʡ ʠ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʡ ʧʦʜʭʦʜ ʢ ʩʙʦʨʫ ʜʘʥʥʳʭ ʦ ʩʦʩʪʦʷʥʠʠ 

ʟʜʦʨʦʚʴʷ ʠ ʧʩʠʭʦʣʦʛʠʠ ʩʪʫʜʝʥʪʦʚ. ʆʥʘ ʩʣʫʞʠʪ ʦʩʥʦʚʦʡ ʜʣʷ ʙʫʜʫʱʠʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ, ʧʦʟʚʦʣʷʷ ʠʩʩʣʝʜʦʚʘʪʝʣʷʤ ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʪʝʥʜʝʥʮʠʠ ʚ ʦʙʣʘʩʪʠ 

ʙʣʘʛʦʧʦʣʫʯʠʷ, ʚʳʛʦʨʘʥʠʷ ʠ ʧʨʠʚʳʯʝʢ ʦʙʨʘʟʘ ʞʠʟʥʠ. ɺʝʙ-ʩʠʩʪʝʤʘ ʩʙʦʨʘ 

ʜʘʥʥʳʭ ʜʘʝʪ ʧʦʚʳʰʝʥʠʝ ʫʜʦʙʩʪʚʘ ʠʩʧʦʣʴʟʦʚʘʥʠʷ, ʠʥʪʝʛʨʘʮʠʷ ʧʨʝʜʠʢʪʠʚʥʦʡ 

ʘʥʘʣʠʪʠʢʠ ʠ ʨʘʩʰʠʨʝʥʠʝ ʚʦʟʤʦʞʥʦʩʪʝʡ ʚʠʟʫʘʣʠʟʘʮʠʠ ʜʘʥʥʳʭ. ʇʨʦʙʣʝʤʳ ʠ 

ʙʫʜʫʱʠʝ ʫʣʫʯʰʝʥʠʷ ʧʨʝʜʩʪʘʚʣʝʥʳ, ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʨʠʩʫʥʢʦʤ 5.3. 

 

 
 

ʈʠʩʫʥʦʢ 5.3 - ʇʨʦʙʣʝʤʳ ʠ ʙʫʜʫʱʠʝ ʫʣʫʯʰʝʥʠʷ 

 

ʆʧʠʩʘʥʳ ʤʝʪʦʜʳ ʦʙʨʘʙʦʪʢʠ ʘʥʦʥʠʤʥʳʭ (ʥʝ IID) ʜʘʥʥʳʭ, 

ʦʙʝʩʧʝʯʠʚʘʶʱʠʝ ʢʦʨʨʝʢʪʥʫʶ ʨʘʙʦʪʫ ʤʦʜʝʣʝʡ ʦʙʫʯʝʥʠʷ ʚ ʫʩʣʦʚʠʷʭ 

ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʦʛʦ ʭʨʘʥʝʥʠʷ ʠʥʬʦʨʤʘʮʠʠ. ɼʣʷ ʨʝʰʝʥʠʷ ʧʨʦʙʣʝʤ 

ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ ʠʩʧʦʣʴʟʫʶʪʩʷ ʘʣʛʦʨʠʪʤʳ FedAvg, FedProx ʠ 

FedOpt, ʧʦʟʚʦʣʷʶʱʠʝ ʧʣʘʚʥʦ ʩʛʣʘʞʠʚʘʪʴ ʨʘʟʣʠʯʠʷ ʚ ʨʘʩʧʨʝʜʝʣʝʥʠʠ ʜʘʥʥʳʭ 
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ʩʨʝʜʠ ʢʣʠʝʥʪʦʚ. ʈʘʩʩʤʦʪʨʝʥʳ ʤʝʪʦʜʳ ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ, 

ʚʢʣʶʯʘʶʱʠʝ ʜʠʬʬʝʨʝʥʮʠʨʦʚʘʥʥʫʶ ʧʨʠʚʘʪʥʦʩʪʴ (Differential Privacy, DP) ʠ 

ʙʝʟʦʧʘʩʥʫʶ ʘʛʨʝʛʘʮʠʶ (Secure Aggregation, SA), ʧʨʝʜʦʪʚʨʘʱʘʶʱʠʝ ʫʪʝʯʢʫ 

ʜʘʥʥʳʭ ʠ ʥʝʩʘʥʢʮʠʦʥʠʨʦʚʘʥʥʳʡ ʜʦʩʪʫʧ ʢ ʧʝʨʩʦʥʘʣʴʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. ʕʪʠ 

ʤʝʪʦʜʳ ʧʦʟʚʦʣʷʶʪ ʦʙʥʦʚʣʷʪʴ ʤʦʜʝʣʠ ʚʤʝʩʪʦ ʩʳʨʳʭ ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʷ ʠʭ 

ʣʦʢʘʣʴʥʦ ʥʘ ʢʣʠʝʥʪʩʢʠʭ ʫʩʪʨʦʡʩʪʚʘʭ. ʆʧʠʩʘʥʳ ʤʘʪʝʤʘʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ 

ʧʩʠʭʦʘʥʘʣʠʟʘ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ, ʦʩʥʦʚʘʥʥʳʝ ʥʘ ʘʥʘʣʠʟʝ ʧʘʨʘʤʝʪʨʦʚ, 

ʧʦʣʫʯʝʥʥʳʭ ʠʟ ʦʧʨʦʩʥʠʢʘ Maslach Burnout Inventory (MBI). ɺ ʢʘʯʝʩʪʚʝ 

ʮʝʣʝʚʳʭ ʧʨʠʤʝʥʝʥʠʡ ʠʩʧʦʣʴʟʫʶʪʩʷ ʪʨʠ ʧʦʢʘʟʘʪʝʣʷ: ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʝ 

ʠʩʪʦʱʝʥʠʝ, ʜʝʧʝʨʩʦʥʘʣʠʟʘʮʠʷ ʠ ʩʥʠʞʝʥʠʝ ʯʝʣʦʚʝʯʝʩʢʠʭ ʜʦʩʪʠʞʝʥʠʡ. ɺ 

ʘʥʘʣʠʟʝ ʧʨʠʤʝʥʷʶʪʩʷ ʤʝʪʦʜʳ ʩʪʘʪʠʩʪʠʯʝʩʢʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʠ ʘʣʛʦʨʠʪʤʳ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚʢʣʶʯʘʷ Random Forest, ʧʦʟʚʦʣʷʶʱʠʝ ʠʥʪʝʨʧʨʝʪʠʨʦʚʘʪʴ 

ʚʦʟʥʠʢʥʦʚʝʥʠʝ ʨʘʟʣʠʯʥʳʭ ʬʘʢʪʦʨʦʚ, ʠ FedAvg, ʦʙʝʩʧʝʯʝʥʠʝ ʘʛʨʝʛʠʨʦʚʘʥʠʷ 

ʣʦʢʘʣʴʥʦ ʦʙʫʯʝʥʥʳʭ ʤʦʜʝʣʝʡ. ʈʘʩʩʤʦʪʨʝʥʳ ʘʣʛʦʨʠʪʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʚʳʛʦʨʘʥʠʷ, ʧʦʟʚʦʣʷʶʱʠʝ ʚʳʷʚʣʷʪʴ ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ 

ʠʩʪʦʱʝʥʠʷ ʥʘ ʦʩʥʦʚʝ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʤʦʜʝʣʝʡ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʦʟʚʦʣʷʝʪ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʪʴ ʧʨʦʮʝʩʩ ʘʥʘʣʠʟʘ ʠ ʧʦʚʳʩʠʪʴ 

ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʦʚ. ʈʘʟʨʘʙʦʪʘʥʳ ʤʝʭʘʥʠʟʤʳ ʨʘʥʥʝʛʦ ʨʝʛʫʣʠʨʦʚʘʥʠʷ, 

ʥʘʧʨʘʚʣʝʥʥʳʝ ʥʘ ʚʳʷʚʣʝʥʠʝ ʛʨʫʧʧʦʚʳʭ ʨʠʩʢʦʚ. ɸʥʘʣʠʟ ʦʪʚʝʪʦʚ ʫʯʘʩʪʥʠʢʦʚ 

ʧʦʟʚʦʣʷʝʪ ʩʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʚʝʨʦʷʪʥʦʩʪʴ ʚʦʟʥʠʢʥʦʚʝʥʠʷ ʚʳʛʦʨʘʥʠʷ, ʯʪʦ ʚ 

ʧʝʨʩʧʝʢʪʠʚʝ ʤʦʞʝʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥʦ ʜʣʷ ʨʘʟʨʘʙʦʪʢʠ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʤʝʨ ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʥʘʛʨʫʟʢʠ ʠ ʚʦʩʩʪʘʥʦʚʣʝʥʠʷ ʧʩʠʭʦʣʦʛʠʯʝʩʢʦʛʦ ʩʦʩʪʦʷʥʠʷ. 

ʇʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʩʪʨʘʪʝʛʠʠ ʧʦʚʝʜʝʥʠʷ ʩʪʨʦʷʪʩʷ ʥʘ ʦʩʥʦʚʝ 

ʠʥʜʠʚʠʜʫʘʣʴʥʳʭ ʜʘʥʥʳʭ ʫʯʘʩʪʥʠʢʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʘʜʘʧʪʠʨʦʚʘʪʴ 

ʨʝʢʦʤʝʥʜʘʮʠʠ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʫʨʦʚʥʷ ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, ʨʝʞʠʤʘ ʩʥʘ ʠ 

ʧʠʪʘʥʠʷ. ʀʥʪʝʛʨʘʮʠʷ ʜʘʥʥʳʭ ʠʟ ʨʘʟʣʠʯʥʳʭ ʠʩʪʦʯʥʠʢʦʚ ʧʦʤʦʛʘʝʪ ʩʦʟʜʘʪʴ 

ʮʝʣʦʩʪʥʫʶ ʢʘʨʪʠʥʫ ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʢʘʞʜʦʛʦ. 

 

5.3 ɺʳʚʦʜʳ ʧʦ 5 ʛʣʘʚʝ 

ʇʷʪʳʡ ʨʘʟʜʝʣ ʩʦʜʝʨʞʠʪ ʦʧʠʩʘʥʠʝ ʩʠʩʪʝʤʳ ʩʙʦʨʘ ʜʘʥʥʳʭ ʯʝʨʝʟ ʚʝʙ-

ʧʣʘʪʬʦʨʤʫ, ʬʠʢʩʠʨʫʶʱʝʡ ʠʥʬʦʨʤʘʮʠʶ ʦ ʧʠʪʘʥʠʠ, ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ, 

ʩʥʝ ʠ ʫʨʦʚʥʝ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʩʪʫʜʝʥʪʦʚ. ʈʘʩʩʤʦʪʨʝʥ 

ʦʧʨʦʩʥʠʢ Maslach Burnout Inventory (MBI), ʝʛʦ ʩʪʨʫʢʪʫʨʘ ʠ ʘʜʘʧʪʘʮʠʷ ʜʣʷ 

ʠʩʩʣʝʜʦʚʘʥʠʷ. ʆʧʠʩʘʥʳ ʤʝʪʦʜʳ ʦʙʨʘʙʦʪʢʠ ʥʝʟʘʚʠʩʠʤʳʭ non IID ʜʘʥʥʳʭ, 

ʦʙʝʩʧʝʯʝʥʠʷ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʤʘʪʝʤʘʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ ʧʩʠʭʦʘʥʘʣʠʟʘ 

ʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ. ʈʘʩʩʤʦʪʨʝʥʳ ʘʣʛʦʨʠʪʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʚʳʛʦʨʘʥʠʷ, ʤʝʭʘʥʠʟʤʳ ʨʘʥʥʝʛʦ ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʠ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ 

ʩʪʨʘʪʝʛʠʠ ʧʦʚʝʜʝʥʠʷ. ʇʨʠʚʝʜʝʥʳ ʤʝʪʦʜʠʢʠ ʢʦʜʠʨʦʚʘʥʠʷ ʜʘʥʥʳʭ ʠ ʧʨʠʥʮʠʧʳ 

ʠʭ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʚ ʦʙʫʯʘʝʤʳʭ ʤʦʜʝʣʷʭ, ʘ ʪʘʢʞʝ ʘʥʘʣʠʟ ʬʘʢʪʦʨʦʚ, ʚʣʠʷʶʱʠʭ 

ʥʘ ʫʨʦʚʝʥʴ ʚʳʛʦʨʘʥʠʷ. ʆʧʠʩʘʥʳ ʤʝʭʘʥʠʟʤʳ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʛʦ ʘʥʘʣʠʟʘ 

ʜʘʥʥʳʭ ʠ ʠʭ ʨʦʣʴ ʚ ʚʳʷʚʣʝʥʠʠ ʩʪʘʥʜʘʨʪʦʚ, ʧʦʟʚʦʣʷʶʱʠʭ ʧʦʚʳʩʠʪʴ ʪʦʯʥʦʩʪʴ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. ʈʘʩʩʤʦʪʨʝʥʳ ʦʛʨʘʥʠʯʝʥʠʷ ʠʩʩʣʝʜʦʚʘʥʠʡ, ʚʦʟʤʦʞʥʳʝ 

ʠʩʪʦʯʥʠʢʠ ʦʰʠʙʦʢ ʠ ʧʝʨʩʧʝʢʪʠʚʳ ʜʘʣʴʥʝʡʰʝʛʦ ʨʘʟʚʠʪʠʷ. ʇʦʣʫʯʝʥʳ ʘʚʪʦʨʩʢʦʝ 

ʩʚʠʜʝʪʝʣʴʩʪʚʦ (ʇʨʠʣʦʞʝʥʠʝ ɹ) ʠ ʘʢʪ ʚʥʝʜʨʝʥʠʷ (ʇʨʠʣʦʞʝʥʠʝ ɺ).  
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ɿɸʂʃʖʏɽʅʀɽ 

 

ɺ ʨʝʟʫʣʴʪʘʪʝ ʧʨʦʚʝʜʝʥʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ʤʦʞʥʦ ʩʜʝʣʘʪʴ ʩʣʝʜʫʶʱʠʝ 

ʚʳʚʦʜʳ: 

1) ʈʘʟʨʘʙʦʪʘʥʘ ʠ ʨʝʘʣʠʟʦʚʘʥʘ ʩʠʩʪʝʤʘ ʩʙʦʨʘ, ʧʨʝʜʚʘʨʠʪʝʣʴʥʦʡ 

ʦʙʨʘʙʦʪʢʠ ʠ ʩʦʛʣʘʩʦʚʘʥʠʷ ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ 

ʜʘʥʥʳʭ ʩʪʫʜʝʥʪʦʚ ʚ ʫʩʣʦʚʠʷʭ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʚ ʨʘʤʢʘʭ ʢʦʪʦʨʦʡ ʙʳʣʠ 

ʠʩʧʦʣʴʟʦʚʘʥʳ ʜʘʥʥʳʝ ʪʨʝʭ ʢʣʠʝʥʪʩʢʠʭ ʫʟʣʦʚ ʩ ʦʙʲʝʤʘʤʠ ʚʳʙʦʨʦʢ 7971, 53475 

ʠ 9291 ʥʘʙʣʶʜʝʥʠʡ ʩʦʦʪʚʝʪʩʪʚʝʥʥʦ, ʭʘʨʘʢʪʝʨʠʟʫʶʱʠʭʩʷ ʥʝʩʙʘʣʘʥʩʠʨʦʚʘʥʥʳʤ 

ʨʘʩʧʨʝʜʝʣʝʥʠʝʤ ʢʣʘʩʩʦʚ. ʉʬʦʨʤʠʨʦʚʘʥʦ ʝʜʠʥʦʝ ʧʨʠʟʥʘʢʦʚʦʝ ʧʨʦʩʪʨʘʥʩʪʚʦ 

ʨʘʟʤʝʨʥʦʩʪʴʶ 12 ʧʨʠʟʥʘʢʦʚ, ʚʢʣʶʯʘʶʱʝʝ ʩʣʝʜʫʶʱʠʝ ʧʦʢʘʟʘʪʝʣʠ: 

ʵʤʦʮʠʦʥʘʣʴʥʦʝ ʩʦʩʪʦʷʥʠʝ (Psycho-emotional exhaustion), ʧʘʨʘʤʝʪʨʳ ʧʠʪʘʥʠʷ 

(Breakfast, Lunch, Dinner, total_meals), ʫʨʦʚʝʥʴ ʬʠʟʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ 

(intensity, duration), ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʩʥʘ ʠ ʦʪʜʳʭʘ (wellbeingHours0, 

wellbeingHours, wellbeingHours1), ʘ ʪʘʢʞʝ ʜʨʫʛʠʝ ʘʪʨʠʙʫʪʳ (entry_date, 

student_id). ʇʨʦʚʝʜʝʥʥʘʷ ʫʥʠʬʠʢʘʮʠʷ ʧʨʠʟʥʘʢʦʚ ʧʦʟʚʦʣʠʣʘ ʦʪʨʘʟʠʪʴ 

ʢʦʤʧʣʝʢʩʥʫʶ ʭʘʨʘʢʪʝʨʠʩʪʠʢʫ ʩʪʫʜʝʥʪʦʚ ʠ ʦʙʝʩʧʝʯʠʪʴ ʢʦʨʨʝʢʪʥʦʩʪʴ ʦʙʫʯʝʥʠʷ 

ʧʨʠ ʩʪʘʪʠʩʪʠʯʝʩʢʦʡ ʥʝʦʜʥʦʨʦʜʥʦʩʪʠ non-IID ʜʘʥʥʳʭ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪʩʷ 

ʩʥʠʞʝʥʠʝʤ ʚʘʨʠʘʮʠʠ ʣʦʢʘʣʴʥʳʭ ʤʝʪʨʠʢ ʙʦʣʝʝ ʯʝʤ ʥʘ 27 % ʧʦʩʣʝ ʩʦʛʣʘʩʦʚʘʥʠʷ 

ʧʨʠʟʥʘʢʦʚʦʛʦ ʧʨʦʩʪʨʘʥʩʪʚʘ. 

2) ʈʘʟʨʘʙʦʪʘʥʳ ʤʝʪʦʜʳ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʛʨʝʛʘʮʠʠ ʜʣʷ 

ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ ʘʥʩʘʤʙʣʝʚʳʭ ʤʦʜʝʣʝʡ ʥʘ ʦʩʥʦʚʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʭ 

ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʣʦʢʘʣʴʥʳʭ ʤʦʜʝʣʝʡ. ʈʝʘʣʠʟʦʚʘʥʘ ʘʜʘʧʪʘʮʠʷ ʘʣʛʦʨʠʪʤʦʚ 

FedAvg, FedOpt ʠ FedProx ʜʣʷ Random Forest Regression. ɺ ʢʘʯʝʩʪʚʝ 

ʧʘʨʘʤʝʪʨʦʚ ʘʛʨʝʛʘʮʠʠ ʠʩʧʦʣʴʟʦʚʘʥʳ ʚʝʢʪʦʨʳ ʚʘʞʥʦʩʪʝʡ ʧʨʠʟʥʘʢʦʚ 

ʨʘʟʤʝʨʥʦʩʪʠ 12. ʋʩʪʘʥʦʚʣʝʥʦ, ʯʪʦ ʧʨʠʤʝʥʝʥʠʝ ʧʨʦʢʩʠʤʘʣʴʥʦʛʦ ʢʦʵʬʬʠʮʠʝʥʪʘ 

ɛ = 0,01 ʚ FedProx ʩʥʠʞʘʝʪ ʨʘʟʙʨʦʩ ʣʦʢʘʣʴʥʳʭ ʦʙʥʦʚʣʝʥʠʡ ʥʘ 15%, ʘ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʘʜʘʧʪʠʚʥʦʡ ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʚ FedOpt ʫʩʢʦʨʷʝʪ 

ʜʦʩʪʠʞʝʥʠʝ ʩʪʘʮʠʦʥʘʨʥʦʛʦ ʟʥʘʯʝʥʠʷ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʥʘ 2-3 ʨʘʫʥʜʘ ʧʦ 

ʩʨʘʚʥʝʥʠʶ ʩ FedAvg. 

3) ʈʘʟʨʘʙʦʪʘʥʘ ʘʨʭʠʪʝʢʪʫʨʘ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ 

ʢʣʠʝʥʪ-ʩʝʨʚʝʨʥʦʛʦ ʪʠʧʘ, ʚʢʣʶʯʘʶʱʘʷ 10 ʨʘʫʥʜʦʚ ʛʣʦʙʘʣʴʥʦʡ ʘʛʨʝʛʘʮʠʠ ʠ 

ʣʦʢʘʣʴʥʦʝ ʦʙʫʯʝʥʠʝ ʥʘ ʧʨʦʪʷʞʝʥʠʠ 5 ʵʧʦʭ ʥʘ ʢʘʞʜʦʤ ʢʣʠʝʥʪʝ. ʇʝʨʝʜʘʯʘ 

ʠʩʭʦʜʥʳʭ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ ʥʘ ʩʝʨʚʝʨ ʧʦʣʥʦʩʪʴʶ ʠʩʢʣʶʯʝʥʘ; ʧʝʨʝʜʘʶʪʩʷ 

ʪʦʣʴʢʦ ʘʛʨʝʛʠʨʦʚʘʥʥʳʝ ʧʘʨʘʤʝʪʨʳ ʤʦʜʝʣʝʡ, ʪ.ʝ. ʚʝʢʪʦʨʳ ʚʘʞʥʦʩʪʝʡ. 

ɸʨʭʠʪʝʢʪʫʨʘ ʧʦʢʘʟʘʣʘ ʚʳʩʦʢʫʶ ʩʪʘʙʠʣʴʥʦʩʪʴ ʥʘ ʠʤʝʶʱʝʤʩʷ ʥʘʙʦʨʝ ʠʟ 3 

ʨʘʟʥʦʨʦʜʥʳʭ ʢʣʠʝʥʪʦʚ ʠ ʦʙʣʘʜʘʝʪ ʧʦʪʝʥʮʠʘʣʦʤ ʢ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʶ ʙʝʟ 

ʩʫʱʝʩʪʚʝʥʥʦʡ ʜʝʛʨʘʜʘʮʠʠ ʪʦʯʥʦʩʪʠ ʟʘ ʩʯʝʪ ʘʜʘʧʪʠʚʥʳʭ ʤʝʭʘʥʠʟʤʦʚ 

ʘʛʨʝʛʘʮʠʠ. 

4) ʇʨʦʚʝʜʝʥʘ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘʷ ʦʮʝʥʢʘ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʣʛʦʨʠʪʤʦʚ ʧʨʠ 
ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʚʳʛʦʨʘʥʠʷ ʩʪʫʜʝʥʪʦʚ. ʇʦ ʠʪʦʛʘʤ 10 

ʨʘʫʥʜʦʚ ʦʙʫʯʝʥʠʷ ʧʦʣʫʯʝʥʳ ʩʣʝʜʫʶʱʠʝ ʨʝʟʫʣʴʪʘʪʳ: FedAvg: Accuracy = 0,89; 

F1-score = 0,87; MSE = 0,10; ʩʥʠʞʝʥʠʝ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʩ 0,50 ʥʘ ʧʝʨʚʦʤ ʨʘʫʥʜʝ 

ʜʦ 0,00 ʥʘ ʜʝʩʷʪʦʤ ʨʘʫʥʜʝ. FedProx: Accuracy = 0,91; F1-score = 0,89; MSE = 



106 

 

0,08; ʩʥʠʞʝʥʠʝ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʩ 0,30 ʥʘ ʧʝʨʚʦʤ ʨʘʫʥʜʝ ʜʦ 0,02 ʥʘ ʜʝʩʷʪʦʤ 

ʨʘʫʥʜʝ, ʧʨʠ ʤʠʥʠʤʘʣʴʥʦʤ ʟʥʘʯʝʥʠʠ 0,01 ʥʘ ʧʷʪʦʤ ʨʘʫʥʜʝ. FedOpt: Accuracy = 

0,94; F1-score = 0,92; MSE = 0,05; ʩʥʠʞʝʥʠʝ ʬʫʥʢʮʠʠ ʧʦʪʝʨʴ ʩ 0,45 ʥʘ ʧʝʨʚʦʤ 

ʨʘʫʥʜʝ ʜʦ 0,02 ʥʘ ʜʝʚʷʪʦʤ ʨʘʫʥʜʝ ʠ ʜʦ 0,00 ʥʘ ʜʝʩʷʪʦʤ ʨʘʫʥʜʝ. 

5) ʉʢʦʨʦʩʪʴ ʩʭʦʜʠʤʦʩʪʠ ʘʣʛʦʨʠʪʤʘ FedOpt ʚʳʰʝ ʥʘ 20 % ʧʦ ʩʨʘʚʥʝʥʠʶ 

ʩ FedAvg. ʂʦʵʬʬʠʮʠʝʥʪ ʜʝʪʝʨʤʠʥʘʮʠʠ RĮ ʜʣʷ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ FedOpt 

ʩʦʩʪʘʚʠʣ 0,93, ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʚʳʩʦʢʦʡ ʦʙʲʷʩʥʷʶʱʝʡ ʩʧʦʩʦʙʥʦʩʪʠ 

ʤʦʜʝʣʠ ʠ ʢʘʯʝʩʪʚʝ ʘʧʧʨʦʢʩʠʤʘʮʠʠ ʜʘʥʥʳʭ. 

6) ɼʦʢʘʟʘʥʘ ʧʨʘʢʪʠʯʝʩʢʘʷ ʧʨʠʤʝʥʠʤʦʩʪʴ ʧʨʝʜʣʦʞʝʥʥʦʛʦ ʧʦʜʭʦʜʘ ʜʣʷ 
ʘʥʘʣʠʟʘ ʨʘʩʧʨʝʜʝʣʝʥʥʳʭ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʳʭ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʜʘʥʥʳʭ. 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʬʝʜʝʨʘʪʠʚʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ ʧʦʟʚʦʣʠʣʦ ʩʦʭʨʘʥʠʪʴ 100 % 

ʠʩʭʦʜʥʳʭ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ ʥʘ ʣʦʢʘʣʴʥʳʭ ʫʟʣʘʭ ʧʨʠ ʦʙʝʩʧʝʯʝʥʠʠ 

ʚʩrʦʢʦʡ ʪʦʯʥʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʜʦ 94 %. ʇʨʠʤʝʥʝʥʠʝ ʘʜʘʧʪʠʚʥʦʡ 

ʩʝʨʚʝʨʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʛʣʦʙʘʣʴʥʦʡ ʤʦʜʝʣʠ ʚ 

ʫʩʣʦʚʠʷʭ ʛʝʪʝʨʦʛʝʥʥʦʩʪʠ ʢʣʠʝʥʪʦʚ ʥʝ ʤʝʥʝʝ, ʯʝʤ ʥʘ 18 % ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʙʘʟʦʚʳʤ ʘʣʛʦʨʠʪʤʦʤ FedAvg. 

7) ʇʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʧʦʜʪʚʝʨʞʜʘʶʪ ʥʘʫʯʥʫʶ ʥʦʚʠʟʥʫ ʠ 

ʧʨʘʢʪʠʯʝʩʢʫʶ ʟʥʘʯʠʤʦʩʪʴ ʨʘʙʦʪʳ, ʜʝʤʦʥʩʪʨʠʨʫʷ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʤʝʪʦʜʦʚ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʘʥʘʣʠʟʘ 

ʧʩʠʭʦʵʤʦʮʠʦʥʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʪʫʜʝʥʪʦʚ ʚ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʠ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʡ ʩʨʝʜʝ.  

8) ʇʝʨʩʧʝʢʪʠʚʳ ʜʘʣʴʥʝʡʰʠʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ʚʢʣʶʯʘʶʪ: ʫʚʝʣʠʯʝʥʠʝ ʯʠʩʣʘ 
ʢʣʠʝʥʪʩʢʠʭ ʫʟʣʦʚ ʜʦ 15-20; ʨʘʩʰʠʨʝʥʠʝ ʥʘʙʦʨʘ ʧʨʠʟʥʘʢʦʚ ʜʦ 30-40 

ʧʦʢʘʟʘʪʝʣʝʡ ʜʣʷ ʧʦʚʳʰʝʥʠʷ ʪʦʯʥʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʘʜʘʧʪʠʚʥʦʩʪʠ 

ʤʦʜʝʣʠ ʢ ʨʘʟʣʠʯʥʳʤ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʤ ʩʨʝʜʘʤ; ʠʩʩʣʝʜʦʚʘʥʠʝ ʧʨʠʤʝʥʝʥʠʷ 

ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʜʨʫʛʠʭ ʤʝʪʨʠʢ ʠ ʪʠʧʦʚ ʥʝʜʠʬʬʝʨʝʥʮʠʨʫʝʤʳʭ 

ʤʦʜʝʣʝʡ. 
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ʇʈʀʃʆɾɽʅʀɽ ɸ 

 

ʀʩʭʦʜʥʳʡ ʢʦʜ 

ʂʦʜ ʥʘ ʩʪʦʨʦʥʝ ʩʝʨʚʝʨʘ 
# ʋʩʪʘʥʦʚʢʘ Flask 

!pip install flask 

# ʋʩʪʘʥʦʚʢʘ Node.js ʠ npm (ʪʦʣʴʢʦ ʝʩʣʠ ʦʥʠ ʝʱʝ ʥʝ ʫʩʪʘʥʦʚʣʝʥʳ) 

!apt update 

!apt install -y nodejs npm 

# ʋʩʪʘʥʦʚʢʘ LocalTunnel 

!npm install -g localtunnel 

from flask import Flask, request, jsonify 

import json 

import os 

import threading 

import subprocess 

import time 

app = Flask(__name__) 

# ʇʫʪʴ ʢ ʬʘʡʣʫ ʜʣʷ ʩʦʭʨʘʥʝʥʠʷ ʦʙʥʦʚʣʝʥʠʡ 

RECEIVED_UPDATES_PATH = "received_updates.json" 

# ʌʫʥʢʮʠʷ ʜʣʷ ʟʘʧʫʩʢʘ LocalTunnel ʠ ʧʦʣʫʯʝʥʠʷ ʧʫʙʣʠʯʥʦʛʦ URL 

def start_localtunnel(): 

process = subprocess.Popen(["lt", "--port", "5010"], stdout=subprocess.PIPE, 

stderr=subprocess.PIPE, text=True) 

for line in process.stdout: 

if "https://" in line: 

public_url = line.strip().split(' ')[-1] 

print(f"ʊʫʥʥʝʣʴ ʦʪʢʨʳʪ ʧʦ URL: {public_url}") 

break 

# ɻʣʘʚʥʳʡ ʤʘʨʰʨʫʪ ʜʣʷ ʪʝʩʪʠʨʦʚʘʥʠʷ ʩʝʨʚʝʨʘ 

@app.route('/update') 

def home(): 

  print("ɿʘʧʨʦʩ ʥʘ ʛʣʘʚʥʳʡ ʤʘʨʰʨʫʪ") 

  return "Hello, Flask is running through LocalTunnel!" 

# ʄʘʨʰʨʫʪ ʜʣʷ ʧʨʠʝʤʘ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ 

@app.route('/update', methods=['POST']) 

def update_model(): 

data = request.get_json() 

if data is None: 

print("ʆʰʠʙʢʘ: ʇʫʩʪʦʡ JSON ʧʦʣʫʯʝʥ ʦʪ ʢʣʠʝʥʪʘ.") 

return jsonify({"error": "Invalid JSON"}), 400 

client_id = data.get("client_id", "unknown_client") 

print(f"ʇʦʣʫʯʝʥʦ ʦʙʥʦʚʣʝʥʠʝ ʤʦʜʝʣʠ ʦʪ ʢʣʠʝʥʪʘ: {client_id}") 

# ʉʦʭʨʘʥʝʥʠʝ ʦʙʥʦʚʣʝʥʠʡ ʦʪ ʢʣʠʝʥʪʘ ʚ ʬʘʡʣ 

if os.path.exists(RECEIVED_UPDATES_PATH): 

with open(RECEIVED_UPDATES_PATH, "r") as f: 

all_updates = json.load(f) 

else: 

all_updates = [] 

all_updates.append(data) 
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with open(RECEIVED_UPDATES_PATH, "w") as f: 

json.dump(all_updates, f) 

print(f"ʆʙʥʦʚʣʝʥʠʝ ʤʦʜʝʣʠ ʦʪ ʢʣʠʝʥʪʘ {client_id} ʫʩʧʝʰʥʦ ʩʦʭʨʘʥʝʥʦ ʚ 

{RECEIVED_UPDATES_PATH}") 

return jsonify({"message": f"Updates received from {client_id} and saved!"}), 200 

# ʌʫʥʢʮʠʷ ʜʣʷ ʟʘʧʫʩʢʘ Flask ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

def run_flask(): 

app.run(port=5010) 

if __name__ == "__main__": 

# ɿʘʧʫʩʢ LocalTunnel ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

tunnel_thread = threading.Thread(target=start_localtunnel) 

tunnel_thread.daemon = True 

tunnel_thread.start() 

# ɿʘʧʫʩʢ Flask ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

flask_thread = threading.Thread(target=run_flask) 

flask_thread.daemon = True 

flask_thread.start() 

# ʆʩʥʦʚʥʦʡ ʢʦʜ, ʚʳʧʦʣʥʷʝʤʳʡ ʧʦʩʣʝ ʟʘʧʫʩʢʘ Flask 

print("Flask ʩʝʨʚʝʨ ʟʘʧʫʱʝʥ ʯʝʨʝʟ LocalTunnel. ɺʳʧʦʣʥʷʝʤ ʦʩʥʦʚʥʦʡ ʢʦʜ") 

time.sleep(5) 

print("ʆʩʥʦʚʥʦʡ ʢʦʜ ʟʘʚʝʨʰʝʥ.") 

Flask ʩʝʨʚʝʨ ʟʘʧʫʱʝʥ ʯʝʨʝʟ LocalTunnel. ɺʳʧʦʣʥʷʝʤ ʦʩʥʦʚʥʦʡ ʢʦʜ 

* Serving Flask app '__main__' 

* Debug mode: off 

INFO:werkzeug:WARNING: This is a development server. Do not use it in a production 

deployment. Use a production WSGI server instead. 

* Running on http://127.0.0.1:5010 

INFO:werkzeug:Press CTRL+C to quit 

ʊʫʥʥʝʣʴ ʦʪʢʨʳʪ ʧʦ URL: https://yellow-rice-stand.loca.lt 

ʆʩʥʦʚʥʦʡ ʢʦʜ ʟʘʚʝʨʰʝʥ. 

ʆʪʢʨʳʚʘʝʪ ʩʝʨʚʝʨ 

In []: 

import os 

# ʋʜʘʣʷʝʤ ʬʘʡʣʳ 

os.remove('/content/global_model.json') 

os.remove('/content/model0_updates.json') 

os.remove('/content/model1_updates.json') 

os.remove('/content/model2_updates.json') 

os.remove('/content/received_updates.json') 

print("ʌʘʡʣ model0_updates, model1_updates, model2_updates, global_model, 

received_updates.json ʫʩʧʝʰʥʦ ʫʜʘʣʝʥʳ.") 

ʌʘʡʣ model0_updates, model1_updates, model2_updates, global_model, received_updates.json 

ʫʩʧʝʰʥʦ ʫʜʘʣʝʥʳ. 

ʂʦʜ ʜʦ ̫ʧʨʠʝʤʘ ʥʝʩʢʦʣʴʢʠʭ ʤʦʜʝʣʝʡ 

In [ ]: 

from flask import Flask, request, jsonify 

import json 

import os 

import threading 

import subprocess 

import time 
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app = Flask(__name__) 

# ʇʫʪʴ ʜʣʷ ʩʦʭʨʘʥʝʥʠʷ ʬʘʡʣʦʚ ʩ ʦʙʥʦʚʣʝʥʠʷʤʠ ʤʦʜʝʣʝʡ 

UPDATE_FILES = { 

"Model Psycho-emotional exhaustion": "model0_updates.json", 

"Model Depersonalization": "model1_updates.json", 

"Model Reduction of personal achievements": "model2_updates.json" 

# ʌʫʥʢʮʠʷ ʜʣʷ ʟʘʧʫʩʢʘ LocalTunnel ʠ ʧʦʣʫʯʝʥʠʷ ʧʫʙʣʠʯʥʦʛʦ URL 

def start_localtunnel(): 

process = subprocess.Popen(["lt", "--port", "5021"], stdout=subprocess.PIPE, 

stderr=subprocess.PIPE, text=True) 

for line in process.stdout: 

if "https://" in line: 

public_url = line.strip().split(' ')[-1] 

print(f"ʊʫʥʥʝʣʴ ʦʪʢʨʳʪ ʧʦ URL: {public_url}") 

break 

# ɻʣʘʚʥʳʡ ʤʘʨʰʨʫʪ ʜʣʷ ʪʝʩʪʠʨʦʚʘʥʠʷ ʩʝʨʚʝʨʘ 

@app.route('/') 

def home(): 

print("ɿʘʧʨʦʩ ʥʘ ʛʣʘʚʥʳʡ ʤʘʨʰʨʫʪ") 

return "Hello, Flask is running through LocalTunnel!" 

# ʄʘʨʰʨʫʪ ʜʣʷ ʧʨʠʝʤʘ ʦʙʥʦʚʣʝʥʠʡ ʤʦʜʝʣʠ 

@app.route('/update', methods=['POST']) 

def update_model(): 

data = request.get_json() 

if data is None: 

print("ʆʰʠʙʢʘ: ʇʫʩʪʦʡ JSON ʧʦʣʫʯʝʥ ʦʪ ʢʣʠʝʥʪʘ.") 

return jsonify({"error": "Invalid JSON"}), 400 

model_name = data.get("model", "unknown_model") 

filename = UPDATE_FILES.get(model_name) 

if filename is None: 

print(f"ʅʝʠʟʚʝʩʪʥʘʷ ʤʦʜʝʣʴ: {model_name}. ʆʙʥʦʚʣʝʥʠʷ ʥʝ ʩʦʭʨʘʥʝʥʳ.") 

return jsonify({"error": "Unknown model"}), 400 

print(f"ʇʦʣʫʯʝʥʦ ʦʙʥʦʚʣʝʥʠʝ ʜʣʷ ʤʦʜʝʣʠ '{model_name}'") 

# ʏʪʝʥʠʝ ʪʝʢʫʱʠʭ ʦʙʥʦʚʣʝʥʠʡ ʠʟ ʬʘʡʣʘ 

if os.path.exists(filename): 

with open(filename, "r") as f: 

all_updates = json.load(f) 

else: 

all_updates = [] 

# ɼʦʙʘʚʣʝʥʠʝ ʥʦʚʳʭ ʜʘʥʥʳʭ ʠ ʩʦʭʨʘʥʝʥʠʝ ʚ ʬʘʡʣ 

all_updates.append(data) 

try: 

with open(filename, "w") as f: 

json.dump(all_updates, f) 

print(f"ʆʙʥʦʚʣʝʥʠʝ ʜʣʷ ʤʦʜʝʣʠ '{model_name}' ʫʩʧʝʰʥʦ ʩʦʭʨʘʥʝʥʦ ʚ {filename}") 

return jsonify({"message": f"Updates for '{model_name}' received and saved!"}), 200 

except IOError as e: 

print(f"ʆʰʠʙʢʘ ʟʘʧʠʩʠ ʚ ʬʘʡʣ {filename}: {e}") 

return jsonify({"error": "Failed to save updates"}), 500 

# ʌʫʥʢʮʠʷ ʜʣʷ ʟʘʧʫʩʢʘ Flask ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

def run_flask(): 

app.run(port=5025) 
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if __name__ == "__main__": 

# ɿʘʧʫʩʢ LocalTunnel ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

tunnel_thread = threading.Thread(target=start_localtunnel) 

tunnel_thread.daemon = True 

tunnel_thread.start() 

# ɿʘʧʫʩʢ Flask ʚ ʦʪʜʝʣʴʥʦʤ ʧʦʪʦʢʝ 

flask_thread = threading.Thread(target=run_flask) 

flask_thread.daemon = True 

flask_thread.start() 

# ʆʩʥʦʚʥʦʡ ʢʦʜ, ʚʳʧʦʣʥʷʝʤʳʡ ʧʦʩʣʝ ʟʘʧʫʩʢʘ Flask 

print("Flask ʩʝʨʚʝʨ ʟʘʧʫʱʝʥ ʯʝʨʝʟ LocalTunnel. ɺʳʧʦʣʥʷʝʤ ʦʩʥʦʚʥʦʡ ʢʦʜ...") 

time.sleep(5) 

print("ʆʩʥʦʚʥʦʡ ʢʦʜ ʟʘʚʝʨʰʝʥ.") 

Flask ʩʝʨʚʝʨ ʟʘʧʫʱʝʥ ʯʝʨʝʟ LocalTunnel. ɺʳʧʦʣʥʷʝʤ ʦʩʥʦʚʥʦʡ ʢʦʜ... 

 * Serving Flask app '__main__' 

 * Debug mode: off 

INFO:werkzeug:WARNING: This is a development server. Do not use it in a production 

deployment. Use a production WSGI server instead. 

 * Running on http://127.0.0.1:5025 

INFO:werkzeug:Press CTRL+C to quit 

ʊʫʥʥʝʣʴ ʦʪʢʨʳʪ ʧʦ URL: https://quick-items-chew.loca.lt 

ʆʩʥʦʚʥʦʡ ʢʦʜ ʟʘʚʝʨʰʝʥ. 

ɺʳʚʦʜ ʩʦʜʝʞʠʤʦʛʦ model0_updates.json, model1_updates.json, ʠ model2_updates.json 

In [ ]: 

import json 

# ʉʧʠʩʦʢ ʬʘʡʣʦʚ ʜʣʷ ʦʙʨʘʙʦʪʢʠ 

file_paths = ["model0_updates.json", "model1_updates.json", "model2_updates.json"] 

# ʏʪʝʥʠʝ ʠ ʚʳʚʦʜ ʜʘʥʥʳʭ ʜʣʷ ʢʘʞʜʦʛʦ ʬʘʡʣʘ 

for file_path in file_paths: 

  print(f"\nʏʪʝʥʠʝ ʜʘʥʥʳʭ ʠʟ ʬʘʡʣʘ {file_path} ") 

try: 

# ʏʪʝʥʠʝ ʜʘʥʥʳʭ ʠʟ ʬʘʡʣʘ 

with open(file_path, "r") as f: 

updates = json.load(f) 

# ʇʨʦʚʝʨʢʘ, ʷʚʣʷʝʪʩʷ ʣʠ ʩʦʜʝʨʞʠʤʦʝ ʤʘʩʩʠʚʦʤ ʟʘʧʠʩʝʡ 

if isinstance(updates, list): 

for index, update in enumerate(updates): 

print(f"\nʉʦʜʝʨʞʠʤʦʝ ʟʘʧʠʩʠ {index+1} ʚ {file_path}:") 

model_name = update.get("model", "ʅʝʠʟʚʝʩʪʥʘʷ ʤʦʜʝʣʴ") 

print(f"ʄʦʜʝʣʴ: {model_name}") 

# ɺʳʚʦʜʠʤ ʚʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ 

model_params = update.get("model_params", {}) 

feature_importances = model_params.get("feature_importances", "ʅʝʪ ʜʘʥʥʳʭ") 

print("ɺʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ:", feature_importances) 

# ɺʳʚʦʜʠʤ ʤʝʪʨʠʢʠ 

metrics = update.get("metrics", {}) 

print("ʄʝʪʨʠʢʠ:") 

for metric, value in metrics.items(): 

print(f" {metric.upper()}: {value}") 

else: 

print(f"ʆʰʠʙʢʘ: ʆʞʠʜʘʣʩʷ ʤʘʩʩʠʚ ʟʘʧʠʩʝʡ ʚ {file_path}, ʥʦ ʧʦʣʫʯʝʥ ʜʨʫʛʦʡ ʬʦʨʤʘʪ.") 
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except (FileNotFoundError, json.JSONDecodeError) as e: 

print(f"ʆʰʠʙʢʘ ʧʨʠ ʦʙʨʘʙʦʪʢʝ ʬʘʡʣʘ {file_path}: {e}") 

ʏʪʝʥʠʝ ʜʘʥʥʳʭ ʠʟ ʬʘʡʣʘ model0_updates.json... 

ʉʦʜʝʨʞʠʤʦʝ ʟʘʧʠʩʠ 1 ʚ model0_updates.json: 

ʄʦʜʝʣʴ: Model Psycho-emotional exhaustion 

ɺʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ: [0.09178429567706442, 0.023627553510125264, .07992842854717708, 

0.021190004072464, 0.0801755819460731, 0.0031318930763287282, 0.006668890414854371, 

0.008210305927271207, 0.00379559928639662, 0.005795472959355808, 0.006336267350631, 

0.002224100614238205, 0.005519564181658134, 0.011391965805351179, 

0.004719626032935, 0.00856275695061539, 0.003915251001708355, 0.011115093886978395, 

0.0023398090361799032, 0.006553656099343803, 0.010055758599015436, 0.0045960892739, 

0.005287892782532482, 0.0031882696369227763, 0.005648929542470493, 

0.00222844800543838, 0.004826647914383728, 0.006860549825683, 0.006212800387773212, 

0.005525839173395509, 0.0021782640281968126, 0.0022553343007405834, 

0.0055346875507107365, 0.002806102194298814, 0.0058990325139, 0.008013583844280442, 

0.0032073880857734004, 0.0011829083639454758, 0.0009977081569643742, 

0.006039857395390127, 0.00408434551163553, 0.001715846390664, 0.005236950405167964, 

0.0030943029816562, 0.002386867956759, 0.002181429485316705, 0.0019209057241942312, 

0.0024658466089621358, 0.0025450145778036187, 0.00315152833149108, 

0.0010506131237563619, 0.0006604511394597, 0.005421807532924, 

0.0016262029323379414, 0.006422897747099592, 0.00185188533541852, 

0.00251326544700154, 0.0049620956910475, 0.0016848387837486, 0.0037198360558487785, 

0.00034977788189122596, 0.003504012463397, 0.004203497967282248, 

0.0028993486836704, 0.0066772651436822, 0.001974702548042013, 0.005369179547377387, 

0.007129242525342203, 0.0027616821384567063, 0.0043412083480005945, 

0.00220690059033, 0.007007956929728006, 0.00091722978289393, 0.0002529598390440906, 

0.0005221831436975996, 0.003858299161151416, 0.002186001722186556, 

0.00131460677166757, 0.0014541166081096437, 0.0028018262115357445, 

0.0011171592168854353, 0.0020215003227621034, 0.0030803840620888512, 

0.006575664546734358, 0.0029499184659267674, 0.005919648563618224, 

0.0018951418083437616, 0.0016256326062463766, 0.003083835468040148, 

0.0027953818079130112, 0.004262712838607021, 0.002742323201463146, 

0.007694385618757738, 0.00497867715806649, 0.007285834530447965, 

0.003585658390862064, 0.005580321420761033, 0.0033743883779794575, 

0.0036881888833684524, 0.0064866555345492885, 0.001749310670333388, 

0.00238008597116879, 0.002753741793542859, 0.004558666657378093, 

0.018264352995323554, 0.007034783511945225, 0.004378044938351417, 

0.004133092098649946, 0.005718802660122449, 0.001855335265959257, 

0.003962451159868126, 0.003287265035296021, 0.0024448341059000395, 

0.0035927189615375748, 0.0030580372939235808, 0.003936806856249645, 

0.00726024430108296, 0.007937838755086276, 0.006755367574060914, 

0.0031220472583828574, 0.002755203328337259, 0.00963670190367486, 

0.00536197152951697, 0.0034860846278129726, 0.0007323947332602451, 

0.005616447660945477, 0.005509025173203063, 0.0044212905082577185, 

0.0063530092241028905, 0.005355608747398939, 0.005430210857469536, 

0.005762513731881922, 0.00770281944552723, 0.0035467356669713662, 

0.0071051417155456095, 0.0032920575749000518, 0.007531897914625263, 

0.008557570998173943, 0.0022585220165258417, 0.007516545309784434, 

0.002662529096313971, 0.002133546283168022, 0.005911448344131375, 

0.00526121503781069, 0.011303925770924988, 0.007212531169615507, 

0.009059770994445918, 0.003169393948297719, 0.0023335620864195373, 

0.0023927796056730983, 0.0022742947105256904, 0.005946128965519041, 
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0.0010094655570735314, 0.0048249738927195205, 0.000360488777043646, 

0.004267139597475676, 0.00757939466884326, 0.004072610851542213, 

0.004153352580055614, 0.0025271447884859842, 0.0036407981410245625, 

0.0038666446837695885, 0.0047030425459468304, 0.0007878302187226496, 

0.0026665928697997914, 0.00148674159679158, 0.005554611788744628, 

0.002017910380711376] 

ʄʝʪʨʠʢʠ: 

 ACCURACY: 0.9578378378378378 

 PRECISION: 0.9540918163672655 

 RECALL: 0.9676113360323887 

 F1_SCORE: 0.9608040201005025 

 MSE: 0.03855324324324324 

 R2: 0.8450683433217168 

ʉʦʜʝʨʞʠʤʦʝ ʟʘʧʠʩʠ 2 ʚ model0_updates.json: 

ʄʦʜʝʣʴ: Model Psycho-emotional exhaustion 

ɺʘʞʥʦʩʪʠ ʧʨʠʟʥʘʢʦʚ: [0.3427282796114314, 0.032653859454048924, 0.25986959847120533, 

0.02304235980397729, 0.314957497719371, 0.0, 1.1655964946778063e-09, 

7.49327981786134e-05, 4.519639923934861e-06, 0.00017528838025611184, 

2.8179637193607566e-06, 1.4418765363938804e-05, 1.6218763342572848e-06, 

4.1196665372999485e-06, 5.265513210965696e-06, 5.454002603552338e-06, 

3.4124515453380193e-06, 2.4418206054889266e-06, 2.0378719418315926e-06, 

0.0003074909180429705, 1.918074618288593e-06, 3.8569236693885176e-06, 

0.0005690551234377861, 6.223654328292512e-06, 2.647725998774107e-06, 

2.1182599115822465e-05, 0.0007333109991040713, 0.00018295795619663178, 

2.532975604273345e-05, 3.1229676271323154e-06, 1.3931639201518034e-06, 

1.323231746016003e-06, 6.675924826533557e-08, 4.767500309143662e-05, 

1.559389288367005e-05, 6.777183548164929e-05, 9.991231915025619e-08, 

4.241331637455188e-08, 0.00017568040245887636, 4.1069325717599643e-05, 

1.505868840859778e-06, 0.002006472669063346, 0.00010267602824347882, 

0.000459304156027388, 1.7628991920545486e-06, 7.351224375916193e-06, 

4.6030113466278713e-07, 3.760016520490823e-07, 2.051194947169487e-05, 

3.584415616046351e-07, 3.3874443401020377e-06, 1.096263619664631e-05, 

4.296362636719961e-07, 9.022679635729721e-06, 4.239975642587534e-06, 

2.0006361154330418e-05, 2.6919000083164894e-05, 1.0841558369874685e-06, 

2.9572722561196204e-07, 7.351071861269591e-07, 4.943342305394735e-05, 

1.1538692005614877e-06, 3.603039837262994e-07, 2.9519834788918296e-05, 

2.631175289628209e-09, 8.773336344638343e-06, 2.4975511681892732e-06, 

6.421202978376058e-07, 3.3957548112040205e-05, 5.463882964374758e-05, 

0.00012041515069870745, 0.0002793102423006584, 9.395233283848121e-06, 

2.5161717516933328e-05, 5.0641020718137673e-05, 2.6265056588962598e-05, 

4.033938287164165e-08, 1.9484968780411573e-06, 2.433369814034635e-05, 

1.5500502033203488e-06, 1.1101920464773284e-05, 0.00017366002232208227, 

0.01491158363780402, 6.006855917168485e-05, 1.8661741484820978e-05, 

8.029375606386598e-07, 1.0243623307942917e-05, 3.3475090640299176e-06, 

9.861321418983142e-08, 5.915819456968793e-06, 4.1518020584094255e-05, 

2.6896984048978884e-06, 0.0007446571468771658, 2.237600252759615e-07, 

1.150777022003247e-06, 4.7583304747870244e-05, 1.3657999563372684e-07, 

3.1259196861318513e-06, 3.8873030701099464e-05, 5.342423277028438e-07, 

0.0004122423456651784, 7.800520266420322e-05, 5.708876726895737e-05, 

3.9073161080080297e-07, 1.8275631821669145e-05, 1.803133046411158e-05, 

5.653862661150922e-05, 2.0138458410565264e-05, 1.696120273865056e-05, 

7.91238251520271e-06, 4.9338680528229215e-05, 5.9642958258937975e-05, 
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4.318117394694411e-07, 7.728492668683908e-05, 8.286852716948754e-05, 

1.5872143714199997e-08, 6.919113484265112e-07, 2.467468424415046e-05, 

8.352225407050818e-07, 5.3635583199631455e-05, 1.7154104791024384e-05, 

2.3371451117927943e-06, 5.461818242547168e-06, 1.950851675782109e-06, 

4.199710931075471e-05, 0.00014452656458685005, 2.9537211880772663e-07, 

9.164085487814455e-06, 3.176944484520144e-06, 3.380465713833182e-06, 

2.067526592916976e-05, 0.0, 3.8795530306072625e-05, 3.839053129415709e-06, 

0.0014954410916726707, 4.507760277842307e-07, 4.766403541705083e-05, 

0.00012454704808163074, 6.788923673124278e-05, 8.380413866111105e-06, 

6.066492589014379e-06, 5.550010348235557e-06, 5.5594558905696114e-05, 

3.9798262615927046e-05, 1.351608836330563e-07, 4.67998047321313e-06, 

9.623984488024054e-05, 0.0003418485437055208, 5.5302039605930616e-05, 

7.761962529171971e-06, 3.0171998317193724e-06, 6.608965568220029e-06, 

5.0418692479742834e-06, 0.0, 3.08401021953376e-05, 0.00018123540510731957, 

9.465602287893839e-06, 1.9865832939245314e-07, 5.5121644440304556e-05, 

1.2113282944706163e-05, 9.568449727316948e-06, 3.1308964929402e-05, 

0.0007406490291042883, 1.0300438635344493e-07] 

ʄʝʪʨʠʢʠ: 

 ACCURACY: 0.5399089529590289 

 PRECISION: 0.5527922224734343 

 RECALL: 0.48753738783649053 

 F1_SCORE: 0.5181182453909726 

 MSE: 0.2525904400606981 

 R2: -0.010579207040070537 

 

ʂʦʜ ʥʘ ʩʪʦʨʦʥʝ ʢʣʠʝʥʪʘ 

 
ʄʦʜʝʣʴ ʜʣ ̫UNI1 

In[ ]: 

# ʋʩʪʘʥʦʚʢʘ Flask 

!pip install flask 

# ʋʩʪʘʥʦʚʢʘ Node.js ʠ npm (ʪʦʣʴʢʦ ʝʩʣʠ ʦʥʠ ʝʝɦ ʥʝ ʫʩʪʘʥʦʚʣʝʥʳ) 

!apt update 

!apt install -y nodejs npm 

# ʋʩʪʘʥʦʚʢʘ LocalTunnel 

!npm install -g localtunnel 

Requirement already satisfied: flask in /usr/local/lib/python3.10/dist-packages (2.2.5) 

Requirement already satisfied: Werkzeug>=2.2.2 in /usr/local/lib/python3.10/dist-packages 

(from flask) (3.0.6) 

Requirement already satisfied: Jinja2>=3.0 in /usr/local/lib/python3.10/dist-packages (from 

flask) (3.1.4) 

Requirement already satisfied: itsdangerous>=2.0 in /usr/local/lib/python3.10/dist-packages 

(from flask) (2.2.0) 

Requirement already satisfied: click>=8.0 in /usr/local/lib/python3.10/dist-packages (from flask) 

(8.1.7) 

Requirement already satisfied: MarkupSafe>=2.0 in /usr/local/lib/python3.10/dist-packages 

(from Jinja2>=3.0->flask) (3.0.2) 

Hit:1 http://archive.ubuntu.com/ubuntu jammy InRelease 

Get:2 http://archive.ubuntu.com/ubuntu jammy-updates InRelease [128 kB] 

Get:3 http://archive.ubuntu.com/ubuntu jammy-backports InRelease [127 kB] 

Get:4 http://security.ubuntu.com/ubuntu jammy-security InRelease [129 kB] 
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Get:5 https://cloud.r-project.org/bin/linux/ubuntu jammy-cran40/ InRelease [3,626 B] 

Get:6 https://developer.download.nvidia.com/compute/cuda/repos/ubuntu2204/x86_64 InRelease 

[1,581 B] 

Get:7 https://r2u.stat.illinois.edu/ubuntu jammy InRelease [6,555 B] 

Hit:8 https://ppa.launchpadcontent.net/deadsnakes/ppa/ubuntu jammy InRelease 

ʇʨʦʜʦʣʞʝʥʠʝ ʢʦʜʘ 
ópd.set_option('future.no_silent_downcasting', True)` 

 df[question] = df[question].replace(mapping) 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ1: [0 1 2 3 4 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ2: [0 2 1 3 5 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ3: [0 1 3 5 2 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ4: [0 3 4 2 5 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ5: [0 1 4 2 3 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ6: [0 2 4 5 3 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ7: [0 4 2 1 3 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ8: [0 3 1 2 4 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ9: [0 4 3 5 2 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ10: [0 4 2 5 1 3] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ11: [0 3 1 2 5 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ12: [0 4 5 1 2 3] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ13: [0 3 5 1 2 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ14: [0 1 3 4 2 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ15: [0 4 3 1 2 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ16: [0 1 2 3 5 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ17: [0 2 4 1 3 5] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ18: [0 4 2 3 5 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ19: [0 4 2 3 5 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ20: [0 3 2 1 5 4] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ21: [0 4 2 5 3 1] 

ʋʥʠʢʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʜʣʷ burnoutQ22: [0 4 2 1 3 5] 

<ipython-input-3-62151e1b9f0f>:39: FutureWarning: Downcasting behavior in `replace` is 

deprecated and will be removed in a future version. To retain the old behavior, explicitly call 

`result.infer_objects(copy=False)`. To opt-in to the future behavior, set 

`pd.set_option('future.no_silent_downcasting', True)` 

 df[question] = df[question].replace(mapping) 

<ipython-input-3-62151e1b9f0f>:39: FutureWarning: Downcasting behavior in `replace` is 

deprecated and will be removed in a future version. To retain the old behavior, explicitly call 

`result.infer_objects(copy=False)`. To opt-in to the future behavior, set 

`pd.set_option('future.no_silent_downcasting', True)` 

 df[question] = df[question].replace(mapping) 

<ipython-input-3-62151e1b9f0f>:39: FutureWarning: Downcasting behavior in `replace` is 

deprecated and will be removed in a future version. To retain the old behavior, explicitly call 

`result.infer_objects(copy=False)`. To opt-in to the future behavior, set 

`pd.set_option('future.no_silent_downcasting', True)` 

 df[question] = df[question].replace(mapping) 

In [ ]: 

df['student_id'].fillna(0, inplace=True) 

df['Breakfast'].fillna(0, inplace=True) 

df['Dinner'].fillna(0, inplace=True) 

df['Lunch'].fillna(0, inplace=True) 

df['school_name'].fillna(0, inplace=True) 
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df['entry_date'].fillna(0, inplace=True) 

 

df['activityType'].fillna(0, inplace=True) 

 

df['duration'].fillna(0, inplace=True) 

 

df['intensity'].fillna(0, inplace=True) 

 

df['Total'].fillna(0, inplace=True) 

df['wellbeingHours0'].fillna(0, inplace=True) 

df['wellbeingHours'].fillna(0, inplace=True) 

df['wellbeingHours1'].fillna(0, inplace=True) 

<ipython-input-5-5d9250216150>:3: FutureWarning: A value is trying to be set on a copy of a  

 

DataFrame or Series through chained assignment using an inplace method. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 

For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

 df['Breakfast'].fillna(0, inplace=True) 

<ipython-input-5-5d9250216150>:5: FutureWarning: A value is trying to be set on a copy of a  

 

DataFrame or Series through chained assignment using an inplace method. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 

For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

 df['Dinner'].fillna(0, inplace=True) 

<ipython-input-5-5d9250216150>:7: FutureWarning: A value is trying to be set on a copy of a  

 

DataFrame or Series through chained assignment using an inplace method. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 

For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

 df['Lunch'].fillna(0, inplace=True) 

<ipython-input-5-5d9250216150>:15: FutureWarning: A value is trying to be set on a copy of a  

 

DataFrame or Series through chained assignment using an inplace method. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 

For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 
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For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

 

 df['wellbeingHours'].fillna(0, inplace=True) 

<ipython-input-5-5d9250216150>:25: FutureWarning: A value is trying to be set on a copy of a 

DataFrame or Series through chained assignment using an inplace method. 

The behavior will change in pandas 3.0. This inplace method will never work because the 

intermediate object on which we are setting values always behaves as a copy. 

 

For example, when doing 'df[col].method(value, inplace=True)', try using 'df.method({col: 

value}, inplace=True)' or df[col] = df[col].method(value) instead, to perform the operation 

inplace on the original object. 

 

 df['wellbeingHours1'].fillna(0, inplace=True) 

In [ ]: 

df.isna().sum() 

Out[ ]: 

student_id 0 

entry_date 0 

school_name 0 

Breakfast 0 

Dinner 0 

Lunch 0 

Total 0 

activityType 0 

duration 0 

intensity 0 

burnoutQ1 0 

burnoutQ2 0 

burnoutQ3 0 

burnoutQ4 0 

burnoutQ5 0 

burnoutQ6 0 

burnoutQ7 0 

burnoutQ8 0 
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burnoutQ9 0 

burnoutQ10 0 

burnoutQ11 0 

burnoutQ12 0 

urnoutQ13 0 

burnoutQ14 0 

burnoutQ15 0 

burnoutQ16 0 

burnoutQ17 0 

burnoutQ18 0 

burnoutQ19 0 

burnoutQ20 0 

burnoutQ21 0 

burnoutQ22 0 

wellbeingHours0 0 

wellbeingHours 0 

wellbeingHours1 0 

dtype: int64 

In [ ]: 

print(df['wellbeingHours0'].unique()) 

 

# ʋʜʘʣʝʥʠʝ ʩʪʨʦʢ ʩ ʥʝʥʫʞʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ 

values_to_remove = [ 15.0, 16.0, 14.0, 13.0, 11.0, 12.0, 10,0 ] 

 

df = df[~df['wellbeingHours0'].isin(values_to_remove)] 

print(df['wellbeingHours0'].unique()) 

print(df['wellbeingHours'].unique()) 

# ʋʜʘʣʝʥʠʝ ʩʪʨʦʢ ʩ ʥʝʥʫʞʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ 

values_to_remove = [ 10., 12.0, 11.0, 15.0,13.0, 99.0, 9,0 ] 

df = df[~df['wellbeingHours'].isin(values_to_remove)] 

print(df['wellbeingHours'].unique()) 

print(df['wellbeingHours1'].unique()) 

# ʋʜʘʣʝʥʠʝ ʩʪʨʦʢ ʩ ʥʝʥʫʞʥʳʤʠ ʟʥʘʯʝʥʠʷʤʠ 

values_to_remove = [10., 12.0, 11.0, 16.0,13.0, 15.0, 14.0, 33.0 ] 

df = df[~df['wellbeingHours1'].isin(values_to_remove)] 

print(df['wellbeingHours1'].unique()) 

[0. 7. 6. 9. 4. 2. 8. 5. 3. 13. 11. 12. 10. 1. 15. 14. 16.] 
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[7. 6. 9. 4. 2. 8. 5. 3. 1.] 

[4. 2. 5. 1. 3. 0. 6. 8. 7. 10. 9. 15. 11. 12. 13. 99.] 

[4. 2. 5. 1. 3. 6. 8. 7.] 

[6. 4. 8. 5. 3. 1. 0. 2. 13. 9. 10. 7. 12. 11. 14. 33. 15. 16.] 

[6. 4. 8. 5. 3. 1. 0. 2. 9. 7.] 

In [ ]: 

# ʉʫʤʤʠʨʫʝʤ ʟʥʘʯʝʥʠʷ ʤʝʞʜʫ ʩʪʦʣʙʮʘʤʠ Breakfast ʠ Dinner 

df['total_meals'] = df['Breakfast'] + df['Dinner']+df['Lunch'] 
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ʇʈʀʃʆɾɽʅʀɽ ɹ 

 

 
  








