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ɸʅʆʊɸʎɯʗ 

 

ɹʘʨʘʥʦʚ ʆ.ʄ. ʄʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʥʘ ʦʩʥʦʚʽ ʩʪʝʢʽʥʛʫ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ï ʂʚʘʣʽʬʽʢʘʮʽʡʥʘ ʥʘʫʢʦʚʘ ʧʨʘʮʷ ʥʘ ʧʨʘʚʘʭ ʨʫʢʦʧʠʩʫ. 

ɼʠʩʝʨʪʘʮʽʷ ʥʘ ʟʜʦʙʫʪʪʷ ʥʘʫʢʦʚʦʛʦ ʩʪʫʧʝʥʷ ʜʦʢʪʦʨʘ ʬʽʣʦʩʦʬʽʾ ʟʘ 

ʩʧʝʮʽʘʣʴʥʽʩʪʶ 122 ï ʂʦʤʧôʶʪʝʨʥʽ ʥʘʫʢʠ. ï ʅʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ çʆʜʝʩʴʢʘ 

ʧʦʣʽʪʝʭʥʽʢʘè, ʄʆʅ ʋʢʨʘʾʥʠ, ʆʜʝʩʘ, 2026. 

ɼʠʩʝʨʪʘʮʽʡʥʘ ʨʦʙʦʪʘ ʧʨʠʩʚʷʯʝʥʘ ʨʦʟʨʦʙʮ ̔ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʥʘ ʦʩʥʦʚʽ ʩʪʝʢʽʥʛʫ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʫ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʟ ʥʝʚʝʣʠʢʠʤʠ ʨʦʟʤʽʨʘʤʠ ʟʦʙʨʘʞʝʥʴ ʪʘ 

ʥʝʚʝʣʠʢʠʤʠ ʥʘʙʦʨʘʤʠ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ. 

ʄʝʪʦʶ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʻ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ/ʘʙʦ 

ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʦʙʨʘʞʝʥ ɹ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʰʣʷʭʦʤ ʨʦʟʨʦʙʢʠ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ 

ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʤʝʪʠ ʚ ʜʠʩʝʨʪʘʮʽʡʥʽʡ ʨʦʙʦʪʽ ʨʦʟʚôʷʟʫʶʪʴʩʷ ʪʘʢʽ ʟʘʚʜʘʥʥʷ: 

1. ʇʨʦʚʝʩʪʠ ʘʥʘʣʽʟ ʧʽʜʭʦʜʽʚ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ,ɹ  ʷʢʽ 

ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʽʜʚʠʱʝʥʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʽ ʟʜʘʪʥʠʭ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

2. ʈʦʟʨʦʙʠʪʠ ʤʦʜʝʣʴ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʪʘ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʾʾ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ 

ʦʟʥʘʢ. 

3. ʈʦʟʨʦʙʠʪʠ ʤʦʜʝʣʴ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 

4. ɼʦʩʣʽʜʠʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʦʙʣʝʥʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʫ, ʧʨʠ ʚʠʨʽʰʝʥʥʽ 

ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ ʚ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ ʢʦʤʧʣʝʢʩʘʭ. 

ʆʙôʻʢʪ ʜʦʩʣʽʜʞʝʥʥ  ̫ï ʧʨʦʮʝʩ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʚ ʫʤʦʚʘʭ 

ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 
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ʇʨʝʜʤʝʪ ʜʦʩʣʽʜʞʝʥʥ  ̫ï ʤʦʜʝʣʽ ʽ ʤʝʪʦʜʠ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ 

ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʠʩʝʨʪʘʮʽʡʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ˇʨʫʥʪʫʶʪʴʩʷ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʽ ʪʝʦʨʽʾ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʪʝʦʨʽʾ ʤʘʪʨʠʮʴ, ʤʘʪʝʤʘʪʠʯʥʦʾ ʩʪʘʪʠʩʪʠʢʠ ʽ ʪʝʦʨʽʾ ʡʤʦʚʽʨʥʦʩʪʝʡ, 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʣʽʥʽʡʥʦʾ ʘʣʛʝʙʨʠ ʪʘ ʬʫʥʢʮʽʦʥʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʚ ʯʘʩʪʠʥʽ 

ʨʦʟʢʣʘʜʘʥʥʷ ʫ ʨʷʜʠ ʬʫʥʢʮʽʡ ʽ ʘʧʨʦʢʩʠʤʘʮʽʾ. 

ʅʘ ʦʩʥʦʚʽ ʧʨʦʚʝʜʝʥʠʭ ʪʝʦʨʝʪʠʯʥʠʭ ʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ 

ʨʦʟʚôʷʟʘʥʦ ʘʢʪʫʘʣʴʥʝ ʥʘʫʢʦʚʝ ʟʘʚʜʘʥʥʷ: 

ï ʨʦʟʨʦʙʢʘ ʤʦʜʝʣ ̔̔  ʤʝʪʦʜʫ, ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʟʙʽʣʴʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ; 

ï ʨʦʟʚʠʪʦʢ ʤʦʜʝʣʝʡ ʜʣʷ ʦʙôʻʜʥʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʙʘʟʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʥʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. 

ʆʪʨʠʤʘʥʽ ʪʘʢʽ ʥʦʚʽ ʥʘʫʢʦʚʽ ʨʝʟʫʣʴʪʘʪʠ: 

1. ɺʜʦʩʢʦʥʘʣʝʥʦ ʤʦʜʝʣʴ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪ ʁʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, h ʣʷʭʦʤ ʜʦʜʘʚʘʥʥʷ ʜʦ ʟʘʜʘʥʦʾ ʢʽʣʴʢʦʩʪʽ ʙʘʟʦʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʭʾ ʢʣʦʥʽʚ, ʦʪʨʠʤʘʥʠʭ ʥʘʚʯʘʥʥʷʤ ʥʘ ʚʠʙʽʨʢʘʭ ʟʦʙʨʘʞʝʥʴ, ʷʢʽ 

ʩʪʚʦʨʝʥʦ ʟʘ ʚʠʟʥʘʯʝʥʠʤʠ ʦʧʝʨʘʪʦʨʘʤʠ ʧʝʨʝʪʚʦʨʝʥʥʷ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʘʧʨʦʧʦʥʫʚʘʪʠ 

ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ ʤʦʜʝʣʽ. 

2. ɺʧʝʨʰʝ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ 

ʦʟʥʘʢ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʦʙʨʘʞʝʥʴ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʷʢʽ ʧʦʙʫʜʦʚʘʥʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ ʪʘ 

ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʩʪʚʦʨʠʪʠ ʝʬʝʢʪʠʚʥʠʡ 

ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʜʣʷ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ.  

3. ɺʧʝʨʰʝ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP-KAN, ʷʢʘ 

ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ ʤʦʜʝʣʽ ʙʘʛʘʪʦʰʘʨʦʚʦʛʦ ʧʝʨʮʝʧʪʨʦʥʘ ʟʘʤʽʥʦʶ ʧʝʨʰʦʛʦ 

ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP ʥʘ ʰʘʨ ʂʦʣʤʦʛʦʨʦʚʘ-ɸʨʥʦʣʴʜʘ (KAN), ʱʦ ʜʘʣʦ ʟʤʦʛʫ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʚʘ ʪʠʧʠ ʘʧʨʦʢʩʠʤʘʮʽʾ ʦʜʥʦʯʘʩʥʦ, ʘ ʩʘʤʝ, ʟʘ ʨʘʭʫʥʦʢ ʥʘʚʯʘʥʥʷ 

ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʪʘ ʥʘʚʯʘʥʥʷ ʚʘʛ ʥʝʡʨʦʥʽʚ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʚʘʛʦʚʠʭ 
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ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʥʘʙʦʨʽ 

ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥ.ɹ 

4. ɺʜʦʩʢʦʥʘʣʝʥʦ ʤʦʜʝʣʴ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ, ʰʣʷʭʦʤ ʟʘʤʽʥʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ MLP ʥʘ ʘʜʘʧʪʦʚʘʥʫ ʤʦʜʝʣ ɹ MLP-

KAN ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʦʩʦʙʣʠʚʦʩʪʝʡ ʚʠʭʽʜʥʦʛʦ ʚʝʢʪʦʨʫ ʦʟʥʘʢ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʜʘʣʦ ʟʤʦʛʫ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʧʨʠ 

ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ.  

ɼʠʩʝʨʪʘʮʽʡʥʘ ʨʦʙʦʪʘ ʚʠʢʦʥʘʥʘ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʧʣʘʥʫ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʠʭ ʨʦʙʽʪ 

ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʫʥʽʚʝʨʩʠʪʝʪʫ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè ʟʛʽʜʥʦ ʟ ʛʨʘʥʪʦʤ ʅʌɼʋ ˉ 

131/0161 çɺʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʚʠʟʥʘʯʝʥʥʷ 

ʚʠʙʫʭʦʚʠʭ ʧʨʠʩʪʨʦʾʚ ʤʫʣʴʪʠʩʝʥʩʦʨʥʠʤ ʜʨʦʥʦʤ-ʤʽʥʦʰʫʢʘʯʝʤè (ʜʦʚʽʜʢʘ 

ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 11.06.2026), ʚ ʤʝʞʘʭ ʚʠʢʦʥʘʥʥʷ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʦʾ 

ʨʦʙʦʪʠ ˉ723-43 çʈʦʟʨʦʙʢʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʝʥʩʦʨʽʚ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʢʦʤʧʣʝʢʩʥʦʛʦ 

ʤʦʥʽʪʦʨʠʥʛʫ ʜʝʛʨʘʜʘʮʽʾ ʛʨʫʥʪʽʚ ʧʦʚʦʻʥʥʠʭ ʪʝʨʠʪʦʨʽʡè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 

1009/64-07 ʚʽʜ 11.06.2026). 

ʇʨʘʢʪʠʯʥʝ ʟʥʘʯʝʥʥʷ ʦʪʨʠʤʘʥʠʭ ʫ ʜʠʩʝʨʪʘʮʽʡʥʽʡ ʨʦʙʦʪʽ ʨʝʟʫʣʴʪʘʪʽʚ ʧʦʣʷʛʘʻ 

ʚ: 

1. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʘ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʫ 

ʧʨʘʢʪʠʯʥʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʟ ʦʙʤʝʞʝʥʠʤ ʥʘʙʦʨʦʤ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ, ʦʙʤʝʞʝʥʦʶ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʧʦʪʫʞʥʽʩʪʶ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ, ʪʘ ʷʢʽ ʧʦʪʨʝʙʫʶʪʴ ʦʙʨʦʙʢʠ ʚ 

ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ. 

2. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 

3. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʪʘ ʤʝʪʦʜʘ ʧʦʙʫʜʦʚʠ ʘʨʭʽʪʝʢʪʫʨʠ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʜʘʥʠʭ 

ʫ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʦʙʨʘʞʝʥ,ɹ ʱʦ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʧʽʜʚʠʱʝʥʦʶ ʟʜʘʪʥʽʩʪʶ ʜʦ 

ʨʦʟʧʘʨʘʣʝʣʶʚʘʥʥʷ ʦʙʯʠʩʣʝʥʴ ʟ ʤʝʪʦʶ ʨʝʘʣʽʟʘʮʽʾ ʦʙʨʦʙʢʠ ʚ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ 

ʯʘʩʫ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʙʫʣʠ ʘʧʨʦʙʦʚʘʥʽ ʪʘ ʚʧʨʦʚʘʜʞʝʥʽ:  
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- ʫ ʧʨʦʛʨʘʤʥʦʤʫ ʟʘʙʝʟʧʝʯʝʥʥʽ ʜʨʦʥʘ-ʤʽʥʦʰʫʢʘʯʘ, ʨʦʟʨʦʙʣʝʥʦʛʦ 

ʅʘʮʽʦʥʘʣʴʥʠʤ ʫʥʽʚʝʨʩʠʪʝʪʦʤ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè ʟʘ ʛʨʘʥʪʦʤ ˉ 131/0161 

ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʬʦʥʜʫ ʜʦʩʣʽʜʞʝʥʴ ʋʢʨʘʾʥʠ çɺʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʚʠʟʥʘʯʝʥʥʷ ʚʠʙʫʭʦʚʠʭ ʧʨʠʩʪʨʦʾʚ ʤʫʣʴʪʠʩʝʥʩʦʨʥʠʤ ʜʨʦʥʦʤ-

ʤʽʥʦʰʫʢʘʯʝʤè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 11.06.2026); 

- ʫ ʪʝʦʨʝʪʠʯʥʠʭ ʨʦʟʨʦʙʢʘʭ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʤʦʜʝʣʝʡ ʦʙʨʦʙʢʠ ʩʠʛʥʘʣʽʚ ʚ 

ʤʝʞʘʭ ʚʠʢʦʥʘʥʥʷ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʦʾ ʨʦʙʦʪʠ ˉ723-43 çʈʦʟʨʦʙʢʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʝʥʩʦʨʽʚ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʢʦʤʧʣʝʢʩʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʜʝʛʨʘʜʘʮʽʾ ʛʨʫʥʪʽʚ ʧʦʚʦʻʥʥʠʭ 

ʪʝʨʠʪʦʨʽʡè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 11.06.2026), 

- ʫ ʥʘʚʯʘʣʴʥʦʤʫ ʧʨʦʮʝʩ ̔ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʫʥʽʚʝʨʩʠʪʝʪʫ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè 

(ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1008/64-07 ʚʽʜ 11.06.2026). 

ɺʧʨʦʚʘʜʞʝʥʥʷ ʨʦʟʨʦʙʣʝʥʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʘ ʟʘʙʝʟʧʝʯʫʻ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʽ ʩʪʝʢʽʥʛʦʤ ʟʘ ʨʘʭʫʥʦʢ ʜʦʧʦʚʥʝʥʥʷ 

ʩʪʨʫʢʪʫʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʢʣʦʥʘʤʠ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʰʣʷʭʦʤ ʟʘʤʽʥʠ 

ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʤʦʜʝʣʽ MLP ʥʘ ʰʘʨ KAN, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ 

ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʤʦʜʝʣʽ ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʽ ʤʦʜʝʣʽ ʪʘ ʤʝʪʦʜ ʜʘʶʪʴ ʟʤʦʛʫ ʟʜʽʡʩʥʶʚʘʪʠ ʧʦʙʫʜʦʚʫ 

ʝʬʝʢʪʠʚʥʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʦʩʦʙʣʠʚʦʩʪʝʡ ʚʭʽʜʥʠʭ 

ʜʘʥʠʭ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʠʩʝʨʪʘʮʽʡʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʦʧʫʙʣʽʢʦʚʘʥʦ ʫ 8 ʥʘʫʢʦʚʠʭ ʧʨʘʮʷʭ, ʷʢʽ 

ʚʢʣʶʯʘʶʪʴ 6 ʩʪʘʪʝʡ (ʟ ʥʠʭ 2 ʫ ʬʘʭʦʚʦʤʫ ʧʝʨʽʦʜʠʯʥʦʤʫ ʥʘʫʢʦʚʦʤʫ ʞʫʨʥʘʣʽ ʋʢʨʘʾʥʠ 

ʟ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ ʢʘʪʝʛʦʨʽʾ çɹè, 4 ʩʪʘʪʪʽ ʫ ʧʝʨʽʦʜʠʯʥʠʭ ʥʘʫʢʦʚʠʭ ʞʫʨʥʘʣʘʭ ʋʢʨʘʾʥʠ 

ʟ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ, ʱʦ ʽʥʜʝʢʩʫʶʪʴʩʷ ʫ ʥʘʫʢʦʤʝʪʨʠʯʥʽʡ ʙʘʟʽ Scopus), 2 ʪʝʟʠ ʜʦʧʦʚʽʜʝʡ, 

ʱʦ ʙʫʣʠ ʧʨʝʜʩʪʘʚʣʝʥʽ ʚ ʤʘʪʝʨʽʘʣʘʭ ʥʘʫʢʦʚʠʭ ʢʦʥʬʝʨʝʥʮʽʡ, ʱʦ ʽʥʜʝʢʩʫʶʪʴʩʷ ʫ 

ʥʘʫʢʦʤʝʪʨʠʯʥʽʡ ʙʘʟʽ Scopus. 

ʂʣʶʯʦʚʽ ʩʣʦʚʘ: ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʤʝʨʝʞʘ ʂʦʣʤʦʛʦʨʦʚʘ-ɸʨʥʦʣʴʜʘ, ʥʝʡʨʦʥʠ, 

ʥʘʚʯʘʣʴʥʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ, ʘʥʩʘʤʙʣʝʚʘ ʢʣʘʩʠʬʽʢʘʮʽʷ, ʨʘʜʽʘʣʴʥʦ-ʙʘʟʠʩʥʽ ʬʫʥʢʮʽʾ, 

ʙʘʛʘʪʦʰʘʨʦʚʠʡ ʧʝʨʮʝʧʪʨʦʥ, ʪʨʘʥʩʬʦʨʤʝʨ. 
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ABSTRACT 

 

Baranov O.M. Models of ensemble image classification based on the stacking of 

neural networks. ï Qualifying scientific work on the rights of a manuscript.  

Dissertation for the scientific degree of Doctor of Philosophy in specialty 122 ï 

Computer Science. ï National University "Odesa Polytechnic", Ministry of Education 

and Science of Ukraine, Odesa, 2026. 

The dissertation is devoted to the development of models and methods for 

improving the efficiency of ensemble image classification based on the stacking of neural 

networks for use in applications with small image sizes and small datasets for training. 

The aim of the dissertation is to improve the quality of classification and/or reduce 

the volume of computations when using ensemble image classification with stacking of 

neural networks through the development of neural network models and methods. 

To achieve this aim, the following tasks are solved in the dissertation: 

1. To analyze the approaches to ensemble object classification in images that 

provide an increased ratio of classification quality to the required volume of computations 

and are capable of operating under conditions of low image resolution and a deficit of 

training data. 

2. To develop a first-stage model of an ensemble classifier with the stacking of 

neural networks and a method for determining its structural-parametric features. 

3. To develop a second-stage model of an ensemble classifier with the stacking 

of neural networks. 

4. To investigate the use of the developed models and method in solving the 

problem of image classification in autonomous robotic complexes. 

Object of research ï the process of ensemble image classification under 

conditions of low image resolution and a deficit of training data.  

Subject of research ï models and methods of ensemble image classification with 

the stacking of neural networks. 

The results of the dissertation research are based on the use of neural network 

theory, matrix theory, mathematical statistics and probability theory, computational 
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methods of linear algebra, and functional analysis in terms of series expansion of 

functions and approximation. 

Based on the conducted theoretical and experimental research, an actual scientific 

task has been solved: 

¶ the development of new models and a method that allow increasing the 

number of neural networks at the first stage in ensemble classifiers with NN stacking; 

¶ the development of new models for combining the results of primary neural 

networks at the second stage of an ensemble classifier with NN stacking. 

The following new scientific results were obtained: 

1. The model of an ensemble classifier with stacking of neural networks for 

low-resolution images under conditions of a training data deficit has been improved by 

adding to a specified number of basic classifiers their clones obtained by training on 

image samples created by defined transformation operators, which allowed to propose a 

method for determining the structural-parametric features of the model. 

2. For the first time, a method for determining the structural-parametric 

features of the first-stage model of an ensemble classifier with stacking of neural networks 

constructed using rotation and cyclic shift of input images operators is proposed, which 

allows creating an efficient ensemble classifier for low-resolution images under 

conditions of a training data deficit. 

3. For the first time, an MLP-KAN neural network model is proposed, which 

differs from the multilayer perceptron (MLP) model by replacing the first hidden layer of 

the MLP with a Kolmogorov-Arnold layer (KAN), which allowed using two types of 

approximation simultaneously, namely, the training of activation functions and the 

training of neuron weights, which allowed reducing the volume of trainable weight 

coefficients while maintaining the quality of classification on a set of test images. 

4. The second-stage model of an ensemble classifier with NN stacking has been 

improved by using the developed MLP-KAN neural network model, taking into account 

the features of the output feature vector of the first stage of the ensemble classifier, which 

made it possible to significantly increase the efficiency of ensemble classification with 

NN stacking. 
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The dissertation was carried out in accordance with the scientific research plan of 

the National University "Odesa Polytechnic" under the NRFU grant No. 131/0161 "Use 

of artificial intelligence to improve the quality of explosive device detection by a 

multisensor mine-detecting drone" (implementation certificate  ˉ 1009/64-07 dated 

11.06.2026), within the framework of scientific research work No. 723-43 "Development 

of intelligent sensors for remote complex monitoring of soil degradation in post-war 

territories" (implementation certificate  ˉ 1009/64-07 dated 11.06.2026). 

The practical significance of the results obtained in the dissertation lies in: 

1. The development of models and a method for improving the quality of image 

classification in practical applications with a limited dataset for training, limited 

computational power used, and requiring real-time processing. 

2. The development of models for ensemble classification with stacking of 

neural networks to reduce the volume of trainable weight coefficients while maintaining 

the quality of object classification in images. 

3. The development of models and a method for constructing the input data 

processing architecture in image object classifiers, which are characterized by an 

increased ability to parallelize computations in order to implement real-time processing. 

The results of the dissertation work were tested and implemented: 

¶ in the software of a mine-detecting drone developed by the National 

University "Odesa Polytechnic" under grant No. 131/0161 of the National Research 

Foundation of Ukraine "Use of artificial intelligence to improve the quality of explosive 

device detection by a multisensor mine-detecting drone" (implementation certificate  ˉ 

1009/64-07 dated 11.06.2026); 

¶ in the theoretical developments of prospective signal processing models 

within the framework of scientific research work No. 723-43 "Development of intelligent 

sensors for remote complex monitoring of soil degradation in post-war territories" 

(implementation certificate ˉ 1009/64-07 dated 11.06.2026); 

¶ in the educational process of the National University "Odesa Polytechnic" 

(implementation certificate ˉ 1009/64-07 dated 11.06.2026). 
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The implementation of the developed models and method provides an increase in 

the efficiency of ensemble classification with stacking by supplementing the structure of 

the first stage of the classifier with clones of basic classifiers and improving the second 

stage of the ensemble classifier by replacing the hidden layer of the MLP model with a 

KAN layer, which allowed reducing the number of trainable weight coefficients of the 

model while maintaining the quality of object classification in images. 

The proposed models and method allow building an efficient ensemble classifier 

according to the features of the input data. 

The results of the dissertation research are published in 8 scientific papers, which 

include 6 articles (2 of them in a professional periodic scientific journal of Ukraine in 

technical sciences of category "B", 4 articles in periodic scientific journals of Ukraine in 

technical sciences indexed in the Scopus scientometric database), and 2 report abstracts 

presented in the proceedings of scientific conferences indexed in the Scopus scientometric 

database. 

Keywords: neural networks, Kolmogorov-Arnold networks, neurons, trainable 

activation functions, ensemble classification, radial basis functions, multilayer 

perceptron, transformer. 
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ʇɽʈɽʃɯʂ ʉʂʆʈʆʏɽʅʔ, ʋʄʆɺʅʀʍ ʇʆɿʅɸʏɽʅʔ, ʆɼʀʅʀʎʔ ɯ ʊɽʈʄɯʅɯɺ 

 

ʅʄ - ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ. 

CCT - Compact Convolutional Transformer. 

CNN - Convolutional Neural Network. 

EATNet - External Attention Transformer Network. 

FLOPS - Floating-point operations per second. 

FNet - Fourier Network. 

FPGA - Field-programmable gate array. 

FPN - Feature Pyramid Networks. 

GBM - Gradient Boosting Machine. 

gMLP - Gated Multilayer Perceptron. 

MLP - Multilayer Perceptron. 

LN - Layer Normalization. 

KAN - Kolmogorov-Arnold Networks. 

RBF - Radial basis function. 

SwinTr - Swin Transformer. 

ViT - Visual Transformer. 
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ɺʉʊʋʇ 

 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʪʝʤʠ. ʅʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (ʅʄ) ʟʥʘʭʦʜʷʪʴ ʫʩʝ ʰʠʨʰʝ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ ʫʩʽʭ ʩʬʝʨʘʭ ʣʶʜʩʴʢʦʛʦ ʞʠʪʪʷ. ʎʴʦʤʫ ʩʧʨʠʷʻ ʧʦʩʪʽʡʥʝ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʾʭʥʴʦʾ ʨʦʙʦʪʠ. ʆʜʥʘʢ ʫ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ ʮʝ ʜʦʩʷʛʘʻʪʴʩʷ ʟʘ ʨʘʭʫʥʦʢ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʙʽʣʴʰ ʛʣʠʙʦʢʠʭ ʅʄ, ʙʽʣʴʰ ʧʦʪʫʞʥʽʰʠʭ ʩʫʧʝʨʢʦʤʧôʶʪʝʨʽʚ ʽ ʙʽʣʴʰ 

ʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ. 

ɺʦʜʥʦʯʘʩ ʫ ʙʘʛʘʪʴʦʭ ʥʦʚʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʥʝ ʚʜʘʻʪʴʩʷ ʩʬʦʨʤʫʚʘʪʠ ʜʫʞʝ 

ʚʝʣʠʢʽ ʥʘʙʦʨʠ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʽ ʚʠʤʘʛʘʻʪʴʩʷ ʦʙʨʦʙʢʘ ʩʠʛʥʘʣʽʚ ʫ ʨʝʘʣʴʥʦʤʫ 

ʤʘʩʰʪʘʙʽ ʯʘʩʫ. ʅʘʧʨʠʢʣʘʜ, ʥʘʙʽʨ ʟʦʙʨʘʞʝʥʴ ʟʨʘʟʢʽʚ ʢʨʦʚʽ ʧʽʜ ʤʽʢʨʦʩʢʦʧʦʤ 

BloodMNIST [9] ʤʽʩʪʠʪʴ ʣʠʰʝ 17092 ʟʦʙʨʘʞʝʥʥʷ. ɸʥʘʣʦʛʽʯʥʠʡ ʥʘʙʽʨ ʜʘʥʠʭ ʜʣʷ 

ʜʦʩʣʽʜʞʝʥʥʷ ʢʨʦʚʽ ʟ ʤʝʪʦʶ ʚʠʷʚʣʝʥʥʷ ʧʘʨʘʟʠʪʽʚ ʤʘʣʷʨʽʾ [10] ʤʽʩʪʠʪʴ 27588 

ʟʦʙʨʘʞʝʥʴ. ʅʘʙʽʨ ʟʦʙʨʘʞʝʥʴ ʽʟ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʪʦʤʦʛʨʘʬʘ ʜʣʷ ʥʘʚʯʘʥʥʷ ʅʄ 

ʢʣʘʩʠʬʽʢʘʮʽʾ COVID-19 ʤʽʩʪʠʪʴ 6752 ʟʦʙʨʘʞʝʥʥʷ ʣʝʛʝʥʴ 4154 ʧʘʮʽʻʥʪʽʚ [11, 12]. 

ɼʣʷ ʅʄ ʨʦʟʨʦʙʣʝʥʦ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʤʝʪʦʜʽʚ ʢʦʤʧʨʝʩʽʾ ʘʙʦ ʧʨʦʨʽʜʞʫʚʘʥʥʷ 

[9], ʱʦ ʟʤʝʥʰʫʶʪʴ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. ʇʨʦʪʝ, ʧʨʠ ʟʘʩʪʦʩʫʚʘʥʥʽ ʾʭ ʜʦ ʜʫʞʝ ʚʝʣʠʢʠʭ 

ʅʄ, ʟʘʣʠʰʢʦʚʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʫʩʝ ʦʜʥʦ ʟʘʣʠʰʘʻʪʴʩʷ ʜʦʩʠʪʴ ʟʥʘʯʥʠʤ ʜʣʷ 

ʨʝʘʣʽʟʘʮʽʾ ʥʘ ʟʚʠʯʘʡʥʠʭ ʢʦʤʧôʶʪʝʨʘʭ, ʘ ʪʠʤ ʙʽʣʴʰʝ ʫ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ. 

ʊʦʤʫ ʥʘʙʫʚ ʨʦʟʚʠʪʢʫ ʦʢʨʝʤʠʡ ʥʘʧʨʷʤʦʢ ʫ ʛʘʣʫʟʽ ʅʄ ï ʅʄ ʟ ʚʠʩʦʢʠʤ 

ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʷʢʽʩʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʜʦ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. 

ɺʽʜʤʽʥʥʠʤʠ ʨʠʩʘʤʠ ʪʘʢʠʭ ʅʄ ʻ ʩʪʨʫʢʪʫʨʘ, ʨʦʟʨʘʭʦʚʘʥʘ ʥʘ ʦʙʨʦʙʢʫ ʟʦʙʨʘʞʝʥʴ ʚ 

ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, 

ʟʜʘʪʥʽʩʪʴ ʥʘʚʯʘʪʠʩʷ ʟ ʥʫʣʷ ʥʘ ʥʝʚʝʣʠʢʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ ʟʘ ʚʽʜʥʦʩʥʦ ʥʝʚʝʣʠʢʠʡ ʯʘʩ, 

ʤʦʞʣʠʚʽʩʪʴ ʨʝʘʣʽʟʘʮʽʾ ʥʘ ʙʦʨʪʦʚʦʤʫ ʦʙʣʘʜʥʘʥʥʽ ʟ ʦʙʤʝʞʝʥʠʤʠ ʦʙʯʠʩʣʶʚʘʣʴʥʠʤʠ 

ʤʦʞʣʠʚʦʩʪʷʤʠ ʚ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ. ʍʘʨʘʢʪʝʨʥʠʤ ʧʨʠʢʣʘʜʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʪʘʢʠʭ ʅʄ ʻ ʘʚʪʦʥʦʤʥʽ ʨʦʙʦʪʦʪʝʭʥʽʯʥʽ ʢʦʤʧʣʝʢʩʠ, ʟʦʢʨʝʤʘ ʜʨʦʥʠ-ʤʽʥʦʰʫʢʘʯʽ. 

ʂʽʣʴʢʽʩʪʴ ʪʘʢʠʭ ʢʦʤʧʣʝʢʩʽʚ ʫ ʨʽʟʥʠʭ ʛʘʣʫʟʷʭ ʩʪʨʽʤʢʦ ʟʨʦʩʪʘʻ.  

ʊʦʤʫ ʘʢʪʫʘʣʴʥʦʶ ʻ ʨʦʟʨʦʙʢʘ ʥʦʚʠʭ ʤʦʜʠʬʽʢʘʮʽʡ ʤʦʜʝʣʝʡ ʅʄ, ʷʢʽ 

ʚʽʜʧʦʚʽʜʘʶʪʴ ʢʨʠʪʝʨʽʶ: ʧʽʜʚʠʱʝʥʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦ 
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ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʘ ʪʘʢʦʞ ʤʦʞʣʠʚʽʩʪʴ ʥʘʚʯʘʥʥʷ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ 

ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

ɼʦʜʘʪʢʦʚʽ ʤʦʞʣʠʚʦʩʪʽ ʚ ʮʴʦʤʫ ʥʘʧʨʷʤʽ ʚʽʜʢʨʠʚʘʻ ʦʙôʻʜʥʘʥʥʷ ʅʄ ʚ ʘʥʩʘʤʙʣʽ. 

ʇʨʠ ʮʴʦʤʫ ʥʘʡʙʽʣʴʰ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʪʝʢʽʥʛʫ. ʎʝʡ ʘʨʭʽʪʝʢʪʫʨʥʠʡ 

ʧʨʠʡʦʤ ʜʘʻ ʟʤʦʛʫ ʥʘʨʦʱʫʚʘʪʠ ʤʦʞʣʠʚʦʩʪʽ ʅʄ ʟʘ ʨʘʭʫʥʦʢ ʟʙʽʣʴʰʝʥʥʷ ʾʾ ʰʠʨʠʥʠ. 

ʅʘʡʙʽʣʴʰʠʡ ʝʬʝʢʪ ʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʪʝʢʽʥʛʫ ʜʦʩʷʛʘʻʪʴʩʷ, ʢʦʣʠ ʦʙôʻʜʥʫʶʪʴʩʷ ʅʄ 

ʟ ʨʽʟʥʦʶ ʘʨʭʽʪʝʢʪʫʨʦʶ ʪʘ ʨʽʟʥʠʤʠ ʩʧʦʩʦʙʘʤʠ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ. 

ʆʜʥʘʢ, ʷʢ ʧʦʢʘʟʘʚ ʧʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ, ʦʩʥʦʚʥʦʶ ʧʝʨʝʰʢʦʜʦʶ ʧʽʜ ʯʘʩ 

ʨʦʟʚôʷʟʘʥʥʷ ʮʴʦʛʦ ʟʘʚʜʘʥʥʷ ʻ ʦʙʤʝʞʝʥʘ ʢʽʣʴʢʽʩʪʴ ʚʽʜʦʤʠʭ ʝʬʝʢʪʠʚʥʠʭ, ʟ ʧʦʛʣʷʜʫ 

ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʅʄ, ʱʦ ʚʽʜʨʽʟʥʷʶʪʴʩʷ 

ʦʜʥʘ ʚʽʜ ʦʜʥʦʾ ʩʪʨʫʢʪʫʨʦʶ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ, ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʘʢʪʫʘʣʴʥʠʤ ʥʘʫʢʦʚʠʤ 

ʟʘʚʜʘʥʥʷʤ ʻ:  

ï ʨʦʟʚʠʪʦʢ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ, ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʟʙʽʣʴʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ 

ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʽ ʩʪʝʢʽʥʛʦʤ; 

ï ʨʦʟʚʠʪʦʢ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ ʜʣʷ ʦʙôʻʜʥʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʝʨʚʠʥʥʠʭ 

ʅʄ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ. 

ɿʚôʷʟʦʢ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʟ ʥʘʫʢʦʚʠʤʠ ʧʨʦʛʨʘʤʘʤʠ, ʧʣʘʥʘʤʠ, 

ʪʝʤʘʤʠ.  ɼʠʩʝʨʪʘʮʽʡʥʘ ʨʦʙʦʪʘ ʚʠʢʦʥʘʥʘ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʧʣʘʥʫ ʨʦʙʽʪ ʅʘʮʽʦʥʘʣʴʥʦʛʦ 

ʫʥʽʚʝʨʩʠʪʝʪʫ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè ʟʛʽʜʥʦ ʟ ʛʨʘʥʪʦʤ ʅʌɼʋ ˉ 131/0161 

çɺʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʚʠʟʥʘʯʝʥʥʷ ʚʠʙʫʭʦʚʠʭ 

ʧʨʠʩʪʨʦʾʚ ʤʫʣʴʪʠʩʝʥʩʦʨʥʠʤ ʜʨʦʥʦʤ-ʤʽʥʦʰʫʢʘʯʝʤè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 

1009/64-07 ʚʽʜ 11.06.2026), ʚ ʤʝʞʘʭ ʚʠʢʦʥʘʥʥʷ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʦʾ ʨʦʙʦʪʠ ˉ723-43 

çʈʦʟʨʦʙʢʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʝʥʩʦʨʽʚ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʢʦʤʧʣʝʢʩʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ 

ʜʝʛʨʘʜʘʮʽʾ ʛʨʫʥʪʽʚ ʧʦʚʦʻʥʥʠʭ ʪʝʨʠʪʦʨʽʡè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 

11.06.2026). 

ʄʝʪʘ ʽ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ. ʄʝʪʦʶ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʻ ʧʽʜʚʠʱʝʥʥʷ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʘʥʩʘʤʙʣʝʚʦʾ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʰʣʷʭʦʤ ʨʦʟʨʦʙʢʠ 

ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ. 
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ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʧʦʩʪʘʚʣʝʥʦʾ ʤʝʪʠ ʚ ʜʠʩʝʨʪʘʮʽʡʥʽʡ ʨʦʙʦʪʽ ʨʦʟʚôʷʟʫʶʪʴʩʷ ʪʘʢʽ 

ʟʘʚʜʘʥʥʷ: 

1. ʇʨʦʚʝʩʪʠ ʘʥʘʣʽʟ ʧʽʜʭʦʜʽʚ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ,ɹ ʷʢʽ 

ʟʘʙʝʟʧʝʯʫʶʪʴ ʧʽʜʚʠʱʝʥʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʽ ʟʜʘʪʥʠʭ ʥʘʚʯʘʪʠʩʷ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ 

ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

2. ʈʦʟʨʦʙʠʪʠ ʤʦʜʝʣʴ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ ʪʘ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʾʾ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ. 

3. ʈʦʟʨʦʙʠʪʠ ʤʦʜʝʣʴ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ. 

4. ɼʦʩʣʽʜʠʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʦʙʣʝʥʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʫ, ʧʨʠ 

ʚʠʨʽʰʝʥʥʽ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ  ʚ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ 

ʢʦʤʧʣʝʢʩʘʭ. 

ʆʙôʻʢʪ ʜʦʩʣʽʜʞʝʥʥ  ̫ï ʧʨʦʮʝʩ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʚ ʫʤʦʚʘʭ 

ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ.  

ʇʨʝʜʤʝʪ ʜʦʩʣʽʜʞʝʥʥ  ̫ï ʤʦʜʝʣʽ ʽ ʤʝʪʦʜʠ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ 

ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 

ʅʘʫʢʦʚʘ ʥʦʚʠʟʥʘ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. 

ʅʘ ʦʩʥʦʚʽ ʧʨʦʚʝʜʝʥʠʭ ʪʝʦʨʝʪʠʯʥʠʭ ʽ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ 

ʦʪʨʠʤʘʥʦ ʪʘʢʽ ʥʦʚʽ ʥʘʫʢʦʚʽ ʨʝʟʫʣʴʪʘʪʠ: 

1. ɺʜʦʩʢʦʥʘʣʝʥʦ ʤʦʜʝʣʴ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ ʜʣʷ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, ʰʣʷʭʦʤ ʜʦʜʘʚʘʥʥʷ ʜʦ ʟʘʜʘʥʦʾ ʢʽʣʴʢʦʩʪʽ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ 

ʭʾ ʢʣʦʥʽʚ ʦʪʨʠʤʘʥʠʭ ʥʘʚʯʘʥʥʷʤ ʥʘ ʚʠʙʽʨʢʘʭ ʟʦʙʨʘʞʝʥʴ, ʷʢʽ ʩʪʚʦʨʝʥʦ ʟʘ 

ʚʠʟʥʘʯʝʥʠʤʠ ʦʧʝʨʘʪʦʨʘʤʠ ʧʝʨʝʪʚʦʨʝʥʥʷ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʘʧʨʦʧʦʥʫʚʘʪʠ ʤʝʪʦʜ 

ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ ʤʦʜʝʣʽ. 

2. ɺʧʝʨʰʝ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ 

ʦʟʥʘʢ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʦʙʨʘʞʝʥʴ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʅʄ, ʷʢʽ ʧʦʙʫʜʦʚʘʥʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ ʪʘ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ 

ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʩʪʚʦʨʠʪʠ ʝʬʝʢʪʠʚʥʠʡ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ 
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ʜʣʷ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ 

ʜʘʥʠʭ.  

3. ɺʧʝʨʰʝ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʅʄ MLP-KAN, ʷʢʘ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ 

ʤʦʜʝʣʽ ʙʘʛʘʪʦʰʘʨʦʚʦʛʦ ʧʝʨʮʝʧʪʨʦʥʘ (ʘʥʛʣ. Multilayer Perceptron, MLP) ʟʘʤʽʥʦʶ 

ʧʝʨʰʦʛʦ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP ʥʘ ʰʘʨ ʂʦʣʤʦʛʦʨʦʚʘ-ɸʨʥʦʣʴʜʘ (ʘʥʛʣ. 

Kolmogorov-Arnold Networks, KAN), ʱʦ ʜʘʣʦ ʟʤʦʛʫ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʜʚʘ ʪʠʧʠ 

ʘʧʨʦʢʩʠʤʘʮʽʾ ʦʜʥʦʯʘʩʥʦ, ʘ ʩʘʤʝ, ʟʘ ʨʘʭʫʥʦʢ ʥʘʚʯʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʪʘ ʥʘʚʯʘʥʥʷ 

ʚʘʛ ʥʝʡʨʦʥʽʚ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, 

ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʥʘʙʦʨʽ ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥ.ɹ 

4. ɺʜʦʩʢʦʥʘʣʝʥʦ ʤʦʜʝʣʴ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ, ʰʣʷʭʦʤ ʟʘʤʽʥʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ MLP ʥʘ ʘʜʘʧʪʦʚʘʥʫ ʤʦʜʝʣʴ MLP-

KAN ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʦʩʦʙʣʠʚʦʩʪʝʡ ʚʠʭʽʜʥʦʛʦ ʚʝʢʪʦʨʫ ʦʟʥʘʢ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʜʘʣʦ ʟʤʦʛʫ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʧʨʠ 

ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ.  

ʇʨʘʢʪʠʯʥʝ ʟʥʘʯʝʥʥʷ ʦʪʨʠʤʘʥʠʭ ʪʝʦʨʝʪʠʯʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. 

ʇʨʘʢʪʠʯʥʝ ʟʥʘʯʝʥʥʷ ʦʪʨʠʤʘʥʠʭ ʫ ʜʠʩʝʨʪʘʮʽʡʥʽʡ ʨʦʙʦʪʽ ʨʝʟʫʣʴʪʘʪʽʚ ʧʦʣʷʛʘʻ ʚ: 

1. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʫ 

ʧʨʘʢʪʠʯʥʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʟ ʦʙʤʝʞʝʥʠʤ ʥʘʙʦʨʦʤ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ, ʦʙʤʝʞʝʥʦʶ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʧʦʪʫʞʥʽʩʪʶ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ, ʪʘ ʷʢʽ ʧʦʪʨʝʙʫʶʪʴ ʦʙʨʦʙʢʠ ʚ 

ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ. 

2. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʜʣʷ 

ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ. 

3. ʈʦʟʨʦʙʮʽ ʤʦʜʝʣʝʡ ʪʘ ʤʝʪʦʜʽʚ ʧʦʙʫʜʦʚʠ ʘʨʭʽʪʝʢʪʫʨʠ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ 

ʩʠʛʥʘʣʽʚ ʫ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʦʙʨʘʞʝʥ,ɹ ʱʦ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʧʽʜʚʠʱʝʥʦʶ ʟʜʘʪʥʽʩʪʶ ʜʦ 

ʨʦʟʧʘʨʘʣʝʣʶʚʘʥʥʷ ʦʙʯʠʩʣʝʥʴ ʟ ʤʝʪʦʶ ʨʝʘʣʽʟʘʮʽʾ ʦʙʨʦʙʢʠ ʚ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ 

ʯʘʩʫ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʙʫʣʠ ʘʧʨʦʙʦʚʘʥʽ ʪʘ ʚʧʨʦʚʘʜʞʝʥʽ: 
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ï ʫ ʧʨʦʛʨʘʤʥʦʤʫ ʟʘʙʝʟʧʝʯʝʥʥʽ ʜʨʦʥʘ-ʤʽʥʦʰʫʢʘʯʘ, ʨʦʟʨʦʙʣʝʥʦʛʦ 

ʅʘʮʽʦʥʘʣʴʥʠʤ ʫʥʽʚʝʨʩʠʪʝʪʦʤ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè ʟʘ ʛʨʘʥʪʦʤ ˉ 131/0161 

ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʬʦʥʜʫ ʜʦʩʣʽʜʞʝʥʴ ʋʢʨʘʾʥʠ çɺʠʢʦʨʠʩʪʘʥʥʷ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʚʠʟʥʘʯʝʥʥʷ ʚʠʙʫʭʦʚʠʭ ʧʨʠʩʪʨʦʾʚ ʤʫʣʴʪʠʩʝʥʩʦʨʥʠʤ ʜʨʦʥʦʤ-

ʤʽʥʦʰʫʢʘʯʝʤè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 11.06.2026); 

ï ʫ ʪʝʦʨʝʪʠʯʥʠʭ ʨʦʟʨʦʙʢʘʭ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʘʨʭʽʪʝʢʪʫʨ ʦʙʨʦʙʢʠ ʩʠʛʥʘʣʽʚ ʚ 

ʤʝʞʘʭ ʚʠʢʦʥʘʥʥʷ ʥʘʫʢʦʚʦ-ʜʦʩʣʽʜʥʦʾ ʨʦʙʦʪʠ ˉ723-43 çʈʦʟʨʦʙʢʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ 

ʩʝʥʩʦʨʽʚ ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʢʦʤʧʣʝʢʩʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʜʝʛʨʘʜʘʮʽʾ ʛʨʫʥʪʽʚ ʧʦʚʦʻʥʥʠʭ 

ʪʝʨʠʪʦʨʽʡè (ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1009/64-07 ʚʽʜ 11.06.2026); 

ï ʫ ʥʘʚʯʘʣʴʥʠʡ ʧʨʦʮʝʩ ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʫʥʽʚʝʨʩʠʪʝʪʫ çʆʜʝʩʴʢʘ ʧʦʣʽʪʝʭʥʽʢʘè 

(ʜʦʚʽʜʢʘ ʚʧʨʦʚʘʜʞʝʥʥʷ ˉ 1008/64-07 ʚʽʜ 11.06.2026). 

ɺʧʨʦʚʘʜʞʝʥʥʷ ʨʦʟʨʦʙʣʝʥʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ ʟʘʙʝʟʧʝʯʫʻ ʧʽʜʚʠʱʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʽ ʩʪʝʢʽʥʛʦʤ ʟʘ ʨʘʭʫʥʦʢ ʜʦʧʦʚʥʝʥʥʷ 

ʩʪʨʫʢʪʫʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʢʣʦʥʘʤʠ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ 

ʩʠʥʪʝʟʫ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʫʚʘʪʠ 

ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʘ ʤʽʥʽʤʘʣʴʥʦ ʤʦʞʣʠʚʦʛʦ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ 

ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʽ ʤʦʜʝʣʽ ʪʘ ʤʝʪʦʜʠ ʜʘʶʪʴ ʟʤʦʛʫ ʟʜʽʡʩʥʶʚʘʪʠ ʩʠʥʪʝʟ ʘʨʭʽʪʝʢʪʫʨʠ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʦʩʦʙʣʠʚʦʩʪʝʡ ʚʭʽʜʥʠʭ ʜʘʥʠʭ. 

ʆʩʦʙʠʩʪʠʡ ʚʥʝʩʦʢ ʟʜʦʙʫʚʘʯʘ. 

ɸʚʪʦʨ ʩʘʤʦʩʪʽʡʥʦ ʦʪʨʠʤʘʚ ʥʘʫʢʦʚʽ ʨʝʟʫʣʴʪʘʪʠ, ʱʦ ʚʠʥʦʩʷʪʴʩʷ ʥʘ ʟʘʭʠʩʪ ʫ 

ʤʝʞʘʭ ʜʠʩʝʨʪʘʮʽʡʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

ʋ ʨʦʙʦʪʘʭ, ʚʠʢʦʥʘʥʠʭ ʫ ʩʧʽʚʘʚʪʦʨʩʪʚʽ, ʟʜʦʙʫʚʘʯ ʧʨʝʜʩʪʘʚʠʚ ʪʘʢʽ ʥʦʚʽ ʥʘʫʢʦʚʽ 

ʨʝʟʫʣʴʪʘʪʠ: 

[1] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʩʠʥʪʝʟʫ ʢʣʦʥʽʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʟʘ ʨʘʭʫʥʦʢ ʘʬʽʥʥʦʛʦ ʧʝʨʝʪʚʦʨʝʥʥʷ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʟʘʧʨʦʧʦʥʦʚʘʥʦ 

ʤʝʪʦʜ ʧʦʨʽʚʥʷʥʥʷ ʩʪʨʫʢʪʫʨʥʠʭ ʚʽʜʤʽʥʥʦʩʪʝʡ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ 

ʩʠʥʪʝʟʦʚʘʥʠʭ ʢʣʦʥʽʚ; 
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[2] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʩʠʥʪʝʟʫ ʢʣʦʥʽʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʟʘ ʨʘʭʫʥʦʢ ʟʩʫʚʫ ʚʠʧʘʜʢʦʚʦ ʚʠʙʨʘʥʠʭ ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ ʚʭʽʜʥʠʭ 

ʟʦʙʨʘʞʝʥʴ; 

[3] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʘʨʭʽʪʝʢʪʫʨʠ ʅʄ MLP-KAN, ʱʦ ʦʜʥʦʯʘʩʥʦ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʘʧʨʦʢʩʠʤʘʣʴʥʽ ʚʣʘʩʪʠʚʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʪʘ ʥʝʡʨʦʥʽʚ 

ʽʟ ʬʽʢʩʦʚʘʥʦʶ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ; 

[4] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʩʠʥʪʝʟʫ ʅʄ ʜʣʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʰʣʷʭʦʤ ʤʦʜʠʬʽʢʘʮʽʾ ʅʄ MLP-KAN ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʦʩʦʙʣʠʚʦʩʪʝʡ 

ʚʠʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ; 

[5] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʬʦʨʤʘʣʽʟʘʮʽʾ ʧʨʦʮʝʩʽʚ ʚʠʙʦʨʫ ʢʨʦʢʫ ʥʘʚʯʘʥʥʷ, 

ʽʥʪʝʨʚʘʣʫ ʦʙʥʫʣʝʥʥʷ ʟʚôʷʟʢʽʚ ʽ ʢʽʣʴʢʦʩʪʽ ʦʜʥʦʯʘʩʥʦ ʚʠʜʘʣʝʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ 

ʧʽʜ ʯʘʩ ʦʧʪʠʤʽʟʘʮʽʾ ʩʪʨʫʢʪʫʨʠ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP; 

[6] ï ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʚʠʙʦʨʫ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʷʢʠʡ ʦʙʨʦʙʣʷʻ ʟʦʙʨʘʞʝʥʥʷ 

ʟ ʢʘʤʝʨʠ ʜʨʦʥʘ-ʤʽʥʦʰʫʢʘʯʘ ʟʘʣʝʞʥʦ ʚʽʜ ʦʙʯʠʩʣʶʚʘʣʴʥʦʾ ʧʦʪʫʞʥʦʩʪʽ ʧʨʦʮʝʩʦʨʽʚ ʥʘ 

ʙʦʨʪʫ ʜʨʦʥʘ ʪʘ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘʷʚʥʦʩʪʽ ʤʽʥ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 

ɸʧʨʦʙʘʮʽʷ ʤʘʪʝʨʽʘʣʽʚ ʜʠʩʝʨʪʘʮʽʾ. 

ʆʩʥʦʚʥʽ ʧʦʣʦʞʝʥʥʷ ʜʠʩʝʨʪʘʮʽʡʥʦʾ ʨʦʙʦʪʠ ʙʫʣʠ ʧʨʝʜʩʪʘʚʣʝʥʽ ʥʘ 

ʢʦʥʬʝʨʝʥʮʽʷʭ: 

ï 2024 IEEE 7th International Conference on ACTUAL PROBLEMS OF 

UNMANNED AERIAL VEHICLES DEVELOPMENTS (APUAVD). October 22-24, 

2024 Kyiv, Ukraine [7]; 

ï 2025 IEEE 8th International Conference on Methods and Systems of Navigation 

and Motion Control (MSNMC). October 21-24, 2025 Kyiv, Ukraine [8]. 

ʇʫʙʣʽʢʘʮʽʾ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʠʩʝʨʪʘʮʽʡʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʦʧʫʙʣʽʢʦʚʘʥʦ ʫ 6 ʥʘʫʢʦʚʠʭ ʧʨʘʮʷʭ, ʷʢʽ 

ʚʢʣʶʯʘʶʪʴ 6 ʩʪʘʪʝʡ (ʟ ʥʠʭ 2 - ʫ ʬʘʭʦʚʦʤʫ ʧʝʨʽʦʜʠʯʥʦʤʫ ʥʘʫʢʦʚʦʤʫ ʞʫʨʥʘʣʽ 

ʋʢʨʘʾʥʠ ʟ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ ʢʘʪʝʛʦʨʽʾ çɹè, 4 ʩʪʘʪʪʽ - ʫ ʧʝʨʽʦʜʠʯʥʠʭ ʥʘʫʢʦʚʠʭ ʞʫʨʥʘʣʘʭ 

ʋʢʨʘʾʥʠ ʟ ʪʝʭʥʽʯʥʠʭ ʥʘʫʢ, ʱʦ ʽʥʜʝʢʩʫʶʪʴʩʷ ʚ ʥʘʫʢʦʤʝʪʨʠʯʥʽʡ ʙʘʟʽ Scopus) ʪʘ 2 ʪʝʟʠ 

ʜʦʧʦʚʽʜʝʡ, ʱʦ ʙʫʣʠ ʧʨʝʜʩʪʘʚʣʝʥʽ ʚ ʤʘʪʝʨʽʘʣʘʭ ʥʘʫʢʦʚʠʭ ʢʦʥʬʝʨʝʥʮʽʡ, ʷʢʽ 

ʽʥʜʝʢʩʫʶʪʴʩʷ ʚ ʥʘʫʢʦʤʝʪʨʠʯʥʽʡ ʙʘʟʽ Scopus. 
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ʉʪʨʫʢʪʫʨʘ ʪʘ ʦʙʩʷʛ ʜʠʩʝʨʪʘʮʽʾ. 

ɼʠʩʝʨʪʘʮʽʡʥʘ ʨʦʙʦʪʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟʽ ʚʩʪʫʧʫ, ʯʦʪʠʨʴʦʭ ʨʦʟʜʽʣʽʚ, ʚʠʩʥʦʚʢʽʚ, 

ʩʧʠʩʢʫ ʚʠʢʦʨʠʩʪʘʥʠʭ ʜʞʝʨʝʣ, ʷʢʠʡ ʤʽʩʪʠʪʴ 114 ʥʘʡʤʝʥʫʚʘʥʴ ʥʘ 12 ʩʪʦʨʽʥʢʘʭ, ʽ 

ʪʨʴʦʭ ʜʦʜʘʪʢʽʚ ʥʘ 6 ʩʪʦʨʽʥʢʘʭ. ɿʘʛʘʣʴʥʠʡ ʦʙʩʷʛ ʜʠʩʝʨʪʘʮʽʾ ʩʪʘʥʦʚʠʪʴ 159 ʩʪʦʨʽʥʦʢ, 

ʟʦʢʨʝʤʘ 144 ʩʪʦʨʽʥʦʢ ʦʩʥʦʚʥʦʛʦ ʪʝʢʩʪʫ, 11 ʩʪʦʨʽʥʦʢ ʘʥʦʪʘʮʽʡ, 55 ʽʣʶʩʪʨʘʮʽʡ ʽ 26 

ʪʘʙʣʠʮʴ. 
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1 ɸʅɸʃɯɿ ʉʊɸʅʋ ɸʅʉɸʄɹʃɽɺʆɰ ʂʃɸʉʀʌɯʂɸʎɯɰ ɿʆɹʈɸɾɽʅʔ ʅɸ 

ʆʉʅʆɺɯ ʉʊɽʂɯʅɻʋ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ 

 

ʇʨʝʜʩʪʘʚʣʝʥʽ ʚ ʮʴʦʤʫ ʨʦʟʜʽʣʽ ʨʝʟʫʣʴʪʘʪʠ ʙʘʟʫʶʪʴʩʷ ʥʘ ʧʨʘʮʷʭ [1-8]. 

 

1.1 ɸʥʘʣʽʟ ʤʝʪʦʜʽʚ ʧʦʙʫʜʦʚʠ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʘʥʩʘʤʙʣʝʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʦʙʨʘʞʝʥ ɹʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʪʘ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ 

 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʪʝ, ʱʦ ʦʩʥʦʚʥʠʤ ʥʘʧʨʷʤʦʤ ʨʦʟʚʠʪʢʫ ʅʄ ʥʘ ʩʴʦʛʦʜʥʽ ʻ 

ʨʦʟʨʦʙʢʘ ʥʘʜʚʝʣʠʢʠʭ ʅʄ, ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ ʥʘ ʜʫʞʝ ʚʝʣʠʢʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ, 

ʙʽʣʴʰʽʩʪʴ ʥʦʚʠʭ ʟʘʩʪʦʩʫʚʘʥʴ ʱʝ ʥʝ ʤʘʶʪʴ ʪʘʢʠʭ ʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʜʣʷ 

ʥʘʚʯʘʥʥʷ. ʊʦʤʫ ʘʢʪʫʘʣʴʥʠʤ ʻ ʨʦʟʨʦʙʢʘ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʦʩʥʦʚʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, 

ʷʢʽ ʥʘʚʯʘʶʪʴʩʷ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. ʽ ʚʽʜʟʥʘʯʘʶʪʴʩʷ ʚʠʩʦʢʠʤ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʜʦ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʆʜʥʠʤ ʽʟ ʧʨʠʢʣʘʜʽʚ ʪʘʢʠʭ ʜʦʜʘʪʢʽʚ ʻ ʜʨʦʥʠ-

ʤʽʥʦʰʫʢʘʯʽ, ʦʩʥʘʱʝʥʽ ʢʘʤʝʨʘʤʠ, ʟʦʙʨʘʞʝʥʥʷ ʟ ʷʢʠʭ ʧʨʦʮʝʩʦʨʠ ʜʨʦʥʫ ʦʙʨʦʙʣʷʶʪʴ 

ʫ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ [13]. 

ʋ ʤʝʞʘʭ ʮʴʦʛʦ ʧʽʜʭʦʜʫ ʰʠʨʦʢʦʛʦ ʧʦʰʠʨʝʥʥʷ ʥʘʙʫʣʠ ʘʥʩʘʤʙʣʝʚʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ. ɺʦʥʠ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘʡʙʽʣʴʰʠʭ ʘʨʭʽʪʝʢʪʫʨʥʠʭ 

ʢʦʤʧʦʥʝʥʪʽʚ ï ʮʽʣʠʭ ʅʄ, ʷʢʽ ʢʦʤʙʽʥʫʶʪʴʩʷ ʪʠʤ ʯʠ ʽʥʰʠʤ ʩʧʦʩʦʙʦʤ.  

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʩʦʢʦʾ ʨʝʟʫʣʴʪʘʪʠʚʥʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ, ʷʢʽ 

ʚʽʜʥʦʩʷʪʴʩʷ ʜʦ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʜʘʥʠʭ [14], ʥʝʦʙʭʽʜʥʦ ʷʢ ʧʦʢʨʘʱʫʚʘʪʠ ʧʘʨʘʤʝʪʨʠ, 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ ʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʅʄ, ʪʘʢ ʽ ʚʜʦʩʢʦʥʘʣʶʚʘʪʠ 

ʤʝʪʦʜʠ ʢʦʤʧʣʝʢʩʫʚʘʥʥʷ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ ʦʢʨʝʤʠʭ ʅʄ. 

ʇʨʦʮʝʩ ʥʘʚʯʘʥʥʷ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʦʙʨʘʞʝʥ ɹʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʷʢ 

ʧʨʘʚʠʣʦ, ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʜʚʦʭ ʘʙʦ ʙʽʣʴʰʝ ʝʪʘʧʽʚ. ʅʘ ʧʝʨʰʦʤʫ ʝʪʘʧʽ ʥʘʚʯʘʶʪʴʩʷ ʙʘʟʦʚʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ. ʅʘ ʜʨʫʛʦʤʫ ʝʪʘʧʽ ʥʘʚʯʘʻʪʴʩʷ ʤʝʪʘʢʣʘʩʠʬʽʢʘʪʦʨ, ʥʘ ʚʭʽʜ ʷʢʦʛʦ 

ʥʘʜʭʦʜʷʪʴ ʨʝʟʫʣʴʪʘʪʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. 
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ʆʜʥʠʤ ʽʟ ʥʘʡʧʨʦʩʪʽʰʠʭ ʨʽʟʥʦʚʠʜʽʚ ʘʥʩʘʤʙʣʽʚ ʪʘʢʦʛʦ ʪʠʧʫ ʻ ʙʝʛʛʽʥʛ (ʘʥʛʣ. 

Bagging ï ʚʽʜ Bootstrap aggregation) [15]. ʆʩʥʦʚʥʠʤ ʥʝʜʦʣʽʢʦʤ ʙʝʛʛʽʥʛʫ ʻ ʪʝ, ʱʦ 

ʧʨʦʮʝʜʫʨʘ ʙʫʪʩʪʨʝʧʘ ʧʦʨʫʰʫʻ ʙʘʣʘʥʩʫʚʘʥʥʷ ʢʣʘʩʽʚ ʫ ʧʦʭʽʜʥʠʭ ʥʘʙʦʨʘʭ ʚʭʽʜʥʠʭ 

ʜʘʥʠʭ. ʎʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʪʦʛʦ, ʱʦ ʧʝʨʚʠʥʥʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʥʘʣʘʰʪʦʚʘʥʽ ʧʦ-ʨʽʟʥʦʤʫ. 

ʆʜʥʘʢ ʮʴʦʛʦ ʤʦʞʝ ʚʠʷʚʠʪʠʩʷ ʥʝʜʦʩʪʘʪʥʴʦ ʜʣʷ ʩʫʪʪʻʚʦʛʦ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʧʦʨʽʚʥʷʥʦ ʟ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʧʝʨʚʠʥʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʙʝʛʛʽʥʛʫ ʤʦʞʝ ʧʨʦʷʚʣʷʪʠʩʷ ʫ ʚʠʧʘʜʢʫ 

ʥʝʢʦʨʝʣʴʦʚʘʥʦʩʪʽ ʧʦʤʠʣʦʢ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʶʪʴʩʷ ʨʽʟʥʽ ʧʝʨʚʠʥʥʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ, 

ʧʨʦʪʝ ʥʘ ʧʨʘʢʪʠʮʽ ʮʝ ʪʨʘʧʣʷʻʪʴʩʷ ʥʝ ʯʘʩʪʦ, ʱʦ ʡ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʥʝʟʥʘʯʥʦʛʦ 

ʟʙʽʣʴʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʐʠʨʦʢʦʛʦ ʧʦʰʠʨʝʥʥʷ ʥʘ ʧʨʘʢʪʠʮʽ ʥʘʙʫʚ ʤʝʭʘʥʽʟʤ ʧʽʜʚʠʱʝʥʥʷ ʛʨʘʜʽʻʥʪʘ 

(ʘʥʛʣ. Gradient Boosting Machine, GBM) [16]. ɸʣʛʦʨʠʪʤ ʧʝʨʝʜʙʘʯʘʻ ʧʦʩʣʽʜʦʚʥʝ 

ʦʙôʻʜʥʘʥʥʷ ʧʨʦʩʪʠʭ ʩʣʘʙʢʠʭ ʤʦʜʝʣʝʡ, ʜʝ ʢʦʞʥʘ ʥʘʩʪʫʧʥʘ ʤʦʜʝʣʴ ʚʠʧʨʘʚʣʷʻ 

ʧʦʤʠʣʢʠ ʧʦʧʝʨʝʜʥʴʦʾ. ʇʽʜʭʽʜ ʜʦ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʥʘ ʦʩʥʦʚʽ GBM 

ʜʝʤʦʥʩʪʨʫʻ ʚʠʱʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜ ʯʘʩ ʦʙʨʦʙʢʠ ʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʽ ʪʘʙʣʠʯʥʠʭ ʜʘʥʠʭ 

ʧʦʨʽʚʥʷʥʦ ʟ ʣʦʛʽʩʪʠʯʥʦʶ ʨʝʛʨʝʩʽʻʶ, ʚʠʧʘʜʢʦʚʠʤ ʣʽʩʦʤ ʽ ʥʝʡʨʦʥʥʠʤʠ ʤʝʨʝʞʘʤʠ, ʘ 

ʪʘʢʦʞ ʧʦʪʨʝʙʫʻ ʤʝʥʰʝ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ. ɺʠʙʽʨ ʥʝʦʙʭʽʜʥʦʾ ʢʽʣʴʢʦʩʪʽ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ ʤʦʜʝʣʝʡ ʟʘʟʚʠʯʘʡ ʟʜʽʡʩʥʶʻʪʴʩʷ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʤ ʰʣʷʭʦʤ ʜʣʷ 

ʟʘʜʘʥʦʾ ʤʥʦʞʠʥʠ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. ʂʨʽʤ ʪʦʛʦ, ʩʫʯʘʩʥʽ ʨʝʘʣʽʟʘʮʽʾ (XGBoost [17], 

LightGBM [18]) ʤʘʶʪʴ ʚʙʫʜʦʚʘʥʽ ʤʝʭʘʥʽʟʤʠ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʜʣʷ ʟʘʧʦʙʽʛʘʥʥʷ 

ʧʝʨʝʥʘʚʯʘʥʥʶ. ʅʝʜʦʣʽʢʦʤ ʛʨʘʜʽʻʥʪʥʦʛʦ ʙʫʩʪʠʥʛʫ ʻ ʥʠʟʴʢʘ ʝʬʝʢʪʠʚʥʽʩʪʴ ʨʦʙʦʪʠ ʟ 

ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʤʠ ʜʘʥʠʤʠ (ʟʦʙʨʘʞʝʥʥʷʤʠ ʪʘ ʪʝʢʩʪʦʤ). ʅʄ ʟʥʘʯʥʦ ʢʨʘʱʝ 

ʩʧʨʘʚʣʷʶʪʴʩʷ ʟ ʪʘʢʠʤʠ ʪʠʧʘʤʠ ʜʘʥʠʭ. 

ɸʣʴʪʝʨʥʘʪʠʚʦʶ ʛʨʘʜʽʻʥʪʥʦʤʫ ʙʫʩʪʠʥʛʫ ʜʣʷ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ ʻ 

ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ [19]. 
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1.2 ʌʦʨʤʘʣʴʥʝ ʚʠʟʥʘʯʝʥʥʷ ʟʘʜʘʯʽ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

 

ɸʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʤʽʩʪʠʪʴ ʜʚʘ ʩʪʫʧʝʥʽ (ʨʠʩ. 1.1). ʅʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʦʙʨʦʙʣʷʶʪʴ ʅʄ. ɺʝʢʪʦʨʥʽ ʦʮʽʥʢʠ ʡʤʦʚʽʨʥʦʩʪʽ 

ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ʢʦʞʥʦʤʫ ʟ ʤʦʞʣʠʚʠʭ ʢʣʘʩʽʚ ʥʘʜʭʦʜʷʪʴ ʥʘ ʜʨʫʛʠʡ ʩʪʫʧʽʥʴ. 

ʅʄ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʘʣʽʟʫʻ ʧʦʚʥʽ ʚʝʢʪʦʨʠ ʟ ʚʠʭʦʜʽʚ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʪʘ 

ʬʦʨʤʫʻ ʨʝʟʫʣʴʪʫʶʯʠʡ ʚʝʢʪʦʨ ʦʮʽʥʦʢ. ʄʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʢʦʤʧʦʥʝʥʪʠ ʚ ʮʴʦʤʫ 

ʚʝʢʪʦʨʽ ʚʢʘʟʫʻ ʥʘ ʥʘʡʙʽʣʴʰ ʡʤʦʚʽʨʥʠʡ ʢʣʘʩ, ʜʦ ʷʢʦʛʦ ʥʘʣʝʞʠʪʴ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥ.̫ 

 

 

ʈʠʩʫʥʦʢ 1.1 ï ɹʘʟʦʚʘ ʤʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

 

ɸʥʩʘʤʙʣʝʚʘ ʢʣʘʩʠʬʽʢʘʮʽʷ ʥʘ ʦʩʥʦʚʽ ʩʪʝʢʽʥʛʫ ï ʮʝ ʽʻʨʘʨʭʽʯʥʘ ʩʭʝʤʘ ʥʘʚʯʘʥʥʷ, 

ʚ ʷʢʽʡ ʥʘʙʽʨ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ (ʧʝʨʰʠʡ ʩʪʫʧʽʥʴ) ʬʦʨʤʫʻ ʥʦʚʠʡ ʦʟʥʘʢʦʚʠʡ ʧʨʦʩʪʽʨ ï 

P, ʘ ʤʝʪʘ-ʤʦʜʝʣʴ (ʜʨʫʛʠʡ ʩʪʫʧʥ̔)ɹ ʥʘʚʯʘʻʪʴʩʷ ʚʽʜʦʙʨʘʞʘʪʠ ʮʝʡ ʧʨʦʩʪʽʨ ʫ ʧʽʜʩʫʤʢʦʚʽ 

ʤʽʪʢʠ ʢʣʘʩʽʚ ï Y [14]. 

ʂʦʞʥʘ ʟ M ʨʽʟʥʠʭ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ὪȟὪȟȣȟὪ  ʜʣʷ ʢʦʞʥʦʛʦ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ὼɴ ὢ ʚʠʜʘʻ ʚʝʢʪʦʨ ʽʤʦʚʽʨʥʦʩʪʝʡ ʨʦʟʧʦʜʽʣʫ ʟʘ ὑ ʢʣʘʩʘʤʠ, ʪʦʙʪʦ ʚʝʢʪʦʨ 

ʽʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ὼ ʦʜʥʦʤʫ ʟ ὑ ʢʣʘʩʽʚ: 
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ὖ Ὢ ὼȠʃ ὴ ȟὴ ȟȣȟὴ ,                              (1.1) 

 

ʜʝ ὴ ᶰπȟρ ʽ В ὴ ρ; 

ʃ  ï ʚʝʢʪʦʨ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ m-ʦʾ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ. 

ʈʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʚʩʽʭ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ ʧʝʨʰʦʛʦ ʨʽʚʥʷ ʦʙô̒ ʜʥʫʶʪʴʩʷ ʫ 

ʚʝʢʪʦʨ ʤʝʪʘ-ʦʟʥʘʢ (ʢʦʥʢʘʪʝʥʘʮʽʷ ʚʝʢʪʦʨʽʚ ʽʤʦʚʽʨʥʦʩʪʝʡ): 

 

Ἔ ὧέὲὧὥὸὖȟὖȟȣȟὖ ᶰὙ  ,                                 (1.2) 

 ʜʝ C=M×K. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ὼ ʪʨʘʥʩʬʦʨʤʫʻʪʴʩʷ ʫ ʚʝʢʪʦʨ Ἔ, ʷʢʠʡ ʤʽʩʪʠʪʴ 

ʦʮʽʥʢʠ ʢʦʞʥʦʾ ʅʄ, ʘ ʩʘʤʝ, ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥʷ ʜʦ ʢʦʞʥʦʛʦ ʟ ὑ 

ʢʣʘʩʽʚ. 

ʅʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʤʝʪʘ-ʢʣʘʩʠʬʽʢʘʪʦʨ ἒ, ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʠʡ ʚʘʛʘʤʠ ה, 

ʥʘʚʯʘʻʪʴʩʷ ʚʠʨʽʰʫʚʘʪʠ ʟʘʜʘʯʫ ʤʽʥʽʤʽʟʘʮʽʾ ʝʤʧʽʨʠʯʥʦʛʦ ʨʠʟʠʢʫ ʥʘ ʤʝʪʘ-ʜʘʥʠʭ. ʁʦʛʦ 

ʚʠʭʽʜʥʠʡ ʚʝʢʪʦʨ 

 

ώ ἒἜȟה .                                                      (1.3) 

 

ʇʽʜʩʫʤʢʦʚʝ ʚʠʨʽʰʘʣʴʥʝ ʧʨʘʚʠʣʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʅʄ ʤʘʻ ʪʘʢʠʡ ʚʠʛʣʷʜ:  

 

&ὼ ÁÒÇÍÁØᶰ ȟȣȟ ἒὧέὲὧὥὸὖȟȣȟὖ Ƞה .                    (1.4) 

 

ʉʣʽʜ ʚʽʜʤʽʪʠʪʠ, ʱʦ ʝʬʝʢʪʠʚʥʽʩʪʴ ʘʥʩʘʤʙʣʝʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʢʦʨʝʣʷʮʽʾ ʧʦʤʠʣʦʢ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ [14]. 

ʆʩʥʦʚʥʽ ʧʝʨʝʚʘʛʠ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʧʦʣʷʛʘʶʪʴ ʫ 

ʪʘʢʦʤʫ: 
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ï ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʦʙʨʦʙʣʷʶʪʴ ʧʦʚʥʽ 

ʥʘʙʦʨʠ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʜʣʷ ʥʘʚʯʘʥʥʷ, ʱʦ ʜʘʻ ʟʤʦʛʫ ʟʘʙʝʟʧʝʯʠʪʠ ʾʭ 

ʟʙʘʣʘʥʩʦʚʘʥʽʩʪʴ; 

ï ʜʨʫʛʠʡ ʩʪʫʧʽʥʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʦʙʨʦʙʣʷʻ ʧʦʚʥʽ ʚʠʭʽʜʥʽ 

ʚʝʢʪʦʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʙʘʛʘʪʴʦʭ ʽʥʰʠʭ ʧʽʜʭʦʜʽʚ, ʜʝ ʦʙʨʦʙʣʷʶʪʴʩʷ 

ʣʠʰʝ ʤʘʢʩʠʤʘʣʴʥʽ ʢʦʤʧʦʥʝʥʪʠ ʮʠʭ ʚʝʢʪʦʨʽʚ; ʮʝ ʜʘʻ ʟʤʦʛʫ ʚʠʣʫʯʠʪʠ ʪʘ ʚʨʘʭʫʚʘʪʠ 

ʜʦʜʘʪʢʦʚʫ ʽʥʬʦʨʤʘʮʽʶ ʟʽ ʩʧʽʚʚʽʜʥʦʰʝʥʴ ʫʩʽʭ ʢʦʤʧʦʥʝʥʪ ʚʠʭʽʜʥʠʭ ʚʝʢʪʦʨʽʚ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ; 

ï ʧʨʠʨʦʜʥʘ ʨʦʟʧʘʨʘʣʝʣʶʚʘʥʽʩʪʴ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʧʨʦʮʝʩʽʚ, ʱʦ ʜʦʟʚʦʣʷʻ 

ʝʬʝʢʪʠʚʥʦ ʨʝʘʣʽʟʫʚʘʪʠ ʮʶ ʘʨʭʽʪʝʢʪʫʨʫ ʥʘ ʙʘʛʘʪʦʷʜʝʨʥʠʭ, ʙʘʛʘʪʦʧʨʦʮʝʩʦʨʥʠʭ 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʧʨʠʩʪʨʦʷʭ, ʘ ʪʘʢʦʞ ʫ ʭʤʘʨʽ ʛʨʘʬʽʯʥʠʭ ʩʦʧʨʦʮʝʩʦʨʘʭ; 

ï ʩʫʪʪʻʚʝ ʟʤʝʥʰʝʥʥʷ ʚʧʣʠʚʫ ʧʨʦʙʣʝʤʠ ʟʥʠʢʥʝʥʥʷ ʛʨʘʜʽʻʥʪʘ, ʦʩʢʽʣʴʢʠ 

ʥʘʨʦʱʫʚʘʥʥʷ ʤʦʞʣʠʚʦʩʪʝʡ ʤʦʜʝʣʽ ʟʜʽʡʩʥʶʻʪʴʩʷ çʫ hʠʨʠʥʫ», ʘ ʥʝ «ʚ ʛʣʠʙʠʥʫ»; 

ï ʤʦʞʣʠʚʽʩʪʴ ʥʘʚʯʘʥʥʷ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ 

ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, ʦʩʢʽʣʴʢʠ ʢʦʞʝʥ ʢʣʘʩʠʬʽʢʘʪʦʨ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʤʘʻ 

ʟʥʘʯʥʦ ʤʝʥʰʫ ʢʽʣʴʢʽʩʪʴ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʣʘʰʪʦʚʫʶʪʴʩʷ, ʧʦʨʽʚʥʷʥʦ ʽʟ ʟʘʛʘʣʴʥʦʶ 

ʩʫʤʦʶ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʫʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʪʘ 

ʥʘʣʘʰʪʦʚʫʻʪʴʩʷ ʦʢʨʝʤʦ ʚʽʜ ʽʥʰʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. 

ʈʦʟʛʣʷʥʫʪʽ ʧʝʨʝʚʘʛʠ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʜʦʟʚʦʣʷʶʪʴ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ ʧʨʦ ʜʦʮʽʣʴʥʽʩʪʴ ʽ ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʚʠʙʦʨʫ ʜʘʥʦʾ 

ʤʦʜʝʣʽ ʚ ʷʢʦʩʪʽ ʙʘʟʦʚʦʾ ʜʣʷ ʚʠʨʽʰʝʥʥʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ  ʽ 

ʟʘʧʨʦʧʦʥʫʚʘʪʠ ʰʣʷʭʠ ʡʦʛʦ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ. 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʘʥʘʣʽʟʫ ʜʞʝʨʝʣ ʚʠʜʽʣʝʥʦ ʪʘʢʦʞ ʦʩʥʦʚʥʽ ʧʨʦʙʣʝʤʠ, ʱʦ ʚʠʥʠʢʘʶʪʴ 

ʧʽʜ ʯʘʩ ʨʝʘʣʽʟʘʮʽʾ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ [19]: 

ï ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʧʦʚʠʥʥʽ ʟʜʽʡʩʥʶʚʘʪʠ ʩʪʨʫʢʪʫʨʦʚʘʥʫ 

ʦʙʨʦʙʢʫ (ʚʽʜʤʽʥʥʫ ʚʽʜ ʦʜʥʦʨʽʜʥʦʾ), ʨʽʟʥʫ ʜʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʧʦʷʚʫ ʨʽʟʥʠʭ ʧʦʤʠʣʦʢ ʥʘ ʨʽʟʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ. ʋ ʩʚʦʶ ʯʝʨʛʫ, ʮʝ ʜʦʟʚʦʣʷʻ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʪʘʢʽ ʚʽʜʤʽʥʥʦʩʪʽ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʤʦʜʝʣʽ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ 

ʧʽʜʩʫʤʢʦʚʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʉʢʣʘʜʥʽʩʪʴ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʢʽʣʴʢʽʩʪʴ ʪʘʢʠʭ 
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ʚʽʜʦʤʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʻ ʦʙʤʝʞʝʥʦʶ, ʪʦʤʫ ʥʝʦʙʭʽʜʥʦ ʨʦʟʨʦʙʣʷʪʠ ʥʦʚʽ ʤʦʜʝʣʽ ʪʘ 

ʤʝʪʦʜʠ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ; 

ï ʧʽʜʩʫʤʢʦʚʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʫʩʴʦʛʦ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘʣʝʞʘʪʴ ʚʽʜ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʤʽʞ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʪʘ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ, ʱʦ ʧʦʪʨʝʙʫʻ ʨʦʟʨʦʙʣʝʥʥʷ 

ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʩʦʢʦʾ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʟʘ ʚʽʜʥʦʩʥʦ ʥʝʚʝʣʠʢʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ; 

ï ʅʄ, ʷʢʘ ʟʜʽʡʩʥʶʻ ʦʙʨʦʙʢʫ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʫ, ʪʘʢʦʞ ʨʦʙʠʪʴ ʩʚʽʡ ʚʥʝʩʦʢ ʫ ʧʽʜʩʫʤʢʦʚʽ ʧʘʨʘʤʝʪʨʠ ʝʬʝʢʪʠʚʥʦʩʪʽ, 

ʪʦʤʫ ʥʝʦʙʭʽʜʥʦ ʪʘʢʦʞ ʧʽʜʚʠʱʫʚʘʪʠ ʷʢʽʩʪʴ ʾʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʟʤʝʥʰʫʚʘʪʠ ʦʙʩʷʛ 

ʦʙʯʠʩʣʝʥʴ. 

 

1.3 ɸʥʘʣʽʟ ʚʽʜʦʤʠʭ ʤʦʜʝʣʝʡ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʘʥʩʘʤʙʣʝʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʟʽ ʩʪʝʢʽʥʛʦʤ ʚʠʩʦʢʦʾ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ, ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʤʘʶʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʙʘʟʦʚʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ: 

- ʚʠʩʦʢʫ ʷʢʽʩʪ ɹʢʣʘʩʠʬʽʢʘʮʽʾ; 

- ʥʝʚʝʣʠʢʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ; 

- ʩʪʨʫʢʪʫʨʦʚʘʥʫ ʦʙʨʦʙʢʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. 

ʆʩʪʘʥʥʷ ʚʠʤʦʛʘ ʩʪʦʩʫʻʪʴʩʷ ʬʫʥʜʘʤʝʥʪʘʣʴʥʦʛʦ ʧʨʠʥʮʠʧʫ ʧʦʙʫʜʦʚʠ 

ʝʬʝʢʪʠʚʥʠʭ ʘʥʩʘʤʙʣʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ï ʧʨʠʥʮʠʧʫ ʜʠʚʝʨʩʠʬʽʢʘʮʽʾ 

(ʨʽʟʥʦʤʘʥʽʪʥʦʩʪʽ) ʧʦʤʠʣʦʢ [14]. ɿ ʧʨʘʢʪʠʯʥʦʛʦ ʜʦʩʚʽʜʫ ʚʽʜʦʤʦ, ʱʦ ̫ʢʱʦ ʚʩʽʤ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘʤ ʜʘʪʠ ʦʜʥʘʢʦʚʽ ʜʘʥʽ (ʦʜʥʘʢʦʚʠʡ ʥʘʙʽʨ ʦʟʥʘʢ) ʽ ʚʠʢʦʨʠʩʪʘʪʠ ʩʭʦʞʽ 

ʘʣʛʦʨʠʪʤʠ ʥʘʚʯʘʥʥʷ, ʚʦʥʠ ʩʪʘʥʫʪʴ çʦʜʥʦʨʽʜʥʠʤʠè. ʎʝ ʧʨʠʟʚʝʜʝ ʜʦ ʪʦʛʦ, ʱʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʙʫʜʫʪʴ ʧʦʤʠʣʷʪʠʩʷ ʥʘ ʦʜʥʠʭ ʽ ʪʠʭ ʩʘʤʠʭ ʧʨʠʢʣʘʜʘʭ. ɼʣʷ 

ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʮʝ ʥʝ ʧʨʠʡʥʷʪʥʦ, ʙʦ ʤʝʪʘ-ʢʣʘʩʠʬʽʢʘʪʦʨ ʥʝ 

ʟʤʦʞʝ ʚʠʧʨʘʚʠʪʠ ʧʦʤʠʣʢʫ, ʷʢʫ ʟʨʦʙʠʣʠ ʚʩʽ çʦʜʥʦʩʪʘʡʥʦè. ʊʦʙʪʦ, ʚʠʤʦʛʘ 
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ʩʪʨʫʢʪʫʨʦʚʘʥʦ ʾʦʙʨʦʙʢʠ ʚʭʽʜʥʦʛʦ ʥʘʙʦʨʫ ʟʦʙʨʘʞʝʥʴ ʧʝʨʝʜʙʘʯʘʻ, ʱʦ ʚʦʥʘ ʧʦʚʠʥʥʘ 

ʙʫʪʠ ʨʽʟʥʦʶ ʜʣʷ ʢʦʞʥʦʛʦ ʟ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʨʽʟʥʦʤʘʥʽʪʥʽʩʪʴ ʧʦʤʠʣʦʢ 

ʫ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. 

 

1.3.1 ɿʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ 

ɿʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (ʘʥʛʣ. Convolutional Neural Net, CNN) ʙʫʣʠ 

ʟʘʧʨʦʧʦʥʦʚʘʥʽ ʚ ʨʦʙʦʪʽ [20] ʽ ʷʚʣʷʶʪʴ ʩʦʙʦʶ ʧʦʩʣʽʜʦʚʥʦ ʟôʻʜʥʘʥʽ ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ, 

ʥʝʣʽʥʽʡʥʽ ʰʘʨʠ, ʰʘʨʠ ʦʙôʻʜʥʘʥʥʷ ʪʘ ʥʘ ʚʠʭʦʜʽ ï ʧʦʚʥʦʟʚôʷʟʘʥʽ ʰʘʨʠ. 

ʋ ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʘʭ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʘʚʯʘʣʴʥʽ ʷʜʨʘ, ʟ ʷʢʠʤʠ ʚʠʢʦʥʫʻʪʴʩʷ 

ʦʧʝʨʘʮʽʷ ʟʛʦʨʪʢʠ. ɺʦʥʠ ʚʠʜʽʣʷʶʪʴ ʦʟʥʘʢʠ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ, ʱʦ ʜʘʶʪʴ ʟʤʦʛʫ 

ʨʦʟʧʽʟʥʘʚʘʪʠ ʦʙôʻʢʪʠ. ʋ ʧʝʨʰʦʤʫ ʟʛʦʨʪʢʦʚʦʤʫ ʰʘʨʽ ʨʦʟʧʽʟʥʘʶʪʴʩʷ ʥʘʡʜʨʽʙʥʽʰʽ 

ʦʟʥʘʢʠ, ʫ ʜʨʫʛʦʤʫ ï ʙʽʣʴʰ ʚʝʣʠʢʽ ʪʦʱʦ. 

ʇʦʚʥʦʟʚôʷʟʘʥʽ ʰʘʨʠ ʬʦʨʤʫʶʪʴ ʨʝʟʫʣʴʪʫʶʯʠʡ ʚʝʢʪʦʨ ʽʤʦʚʽʨʥʦʩʪʝʡ 

ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ ʢʦʞʥʦʤʫ ʟ ʢʣʘʩʽʚ. ʇʨʠʢʣʘʜ CNN ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʨʫʢʦʧʠʩʥʠʭ ʮʠʬʨ ʽʟ ʥʘʙʦʨʫ MNIST [21] ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 1.2 [22]. 

ʅʝʦʙʭʽʜʥʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʧʨʠ ʽʥʜʠʚʽʜʫʘʣʴʥʦʤʫ ʚʠʢʦʨʠʩʪʘʥʥʽ CNN 

ʜʝʤʦʥʩʪʨʫʻ ʚʠʩʦʢʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʦʜʥʘʢ ʦʙʨʦʙʢʘ ʚ CNN ʻ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʦʶ, 

ʪʦʙʪʦ ʚʩʽ ʝʣʝʤʝʥʪʠ ʟʦʙʨʘʞʝʥʥʷ ʦʙʨʦʙʣʷʶʪʴʩʷ ʦʜʥʘʢʦʚʦ. ʊʦʤʫ ʾʾ ʜʦʮʽʣʴʥʦ ʚʢʣʶʯʘʪʠ 

ʜʦ ʩʢʣʘʜʫ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʣʠʰʝ ʟʘ ʫʤʦʚʠ, ʱʦ ʚʩʽ ʽʥʰʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʤʘʪʠʤʫʪʴ ʩʪʨʫʢʪʫʨʦʚʘʥʫ ʦʙʨʦʙʢʫ. ɺ ʽʥʰʦʤʫ ʚʠʧʘʜʢʫ ʤʦʞʥʘ 

ʦʯʽʢʫʚʘʪʠ ʥʝ ʧʽʜʚʠʱʝʥʥʷ, ʘ ʧʦʛʽʨʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 
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ʈʠʩʫʥʦʢ 1.2 ï ʄʦʜʝʣʴ CNN ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʨʫʢʦʧʠʩʥʠʭ ʮʠʬʨ (ʜʞʝʨʝʣʦ: [22]) 

 

 

1.3.2 ʂʣʘʩʠʬʽʢʘʪʦʨʠ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʚ̔ 

ɺ ʦʩʥʦʚʽ ʧʝʨʝʚʘʞʥʦʾ ʙʽʣʴʰʦʩʪʽ ʩʫʯʘʩʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʣʝʞʠʪʴ ʤʦʜʝʣʴ 

Transformer [23]. ɹʫʣʦ ʧʦʢʘʟʘʥʦ, ʱʦ ʪʘʢʽ ʅʄ ʜʝʤʦʥʩʪʨʫʶʪʴ ʩʫʪʪʻʚʦ ʚʠʱʫ ʷʢʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ ʧʦʨʽʚʥʷʥʦ ʟ ʨʽʟʥʠʤʠ ʤʦʜʠʬʽʢʘʮʽʷʤʠ CNN ʪʘ ʽʥʰʠʤʠ 

ʤʦʜʝʣʷʤʠ. ʆʜʥʘʢ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʤʽʞ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ ʫ 

ʥʠʭ ʧʦʩʪʫʧʘʻʪʴʩʷ ʘʥʩʘʤʙʣʝʚʦʤʫ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ, ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻ 

ʪʠʧʦʚʠʡ ʥʘʙʽʨ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ [19]. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ 

ʤʦʜʝʣʴ ʪʨʘʥʩʬʦʨʤʝʨʘ ʩʧʦʯʘʪʢʫ ʙʫʣʘ ʨʦʟʨʦʙʣʝʥʘ ʜʣʷ ʦʙʨʦʙʢʠ ʪʝʢʩʪʦʚʠʭ ʜʘʥʠʭ, ʘ 

ʧʨʷʤʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʦʜʝʣʽ ʪʨʘʥʩʬʦʨʤʝʨʘ ʜʣʷ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ (ʘʥʛʣ. Visual 

Transformer, ViT) ʭʘʨʘʢʪʝʨʠʟʫʻʪʴʩʷ ʥʘʜʤʽʨʥʠʤ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ [23]. ɺ 

ʨʝʟʫʣʴʪʘʪʽ ʙʫʣʠ ʨʦʟʨʦʙʣʝʥʽ ʤʦʜʠʬʽʢʘʮʽʾ ʪʨʘʥʩʬʦʨʤʝʨʽʚ, ʘʜʘʧʪʦʚʘʥʽ ʩʧʝʮʽʘʣʴʥʦ ʜʣʷ 

ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ. 

ʋ ʩʪʘʪʪʽ [24] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ViT-Lite ï ʢʦʤʧʘʢʪʥʫ ʚʝʨʩʽʶ ViT, ʷʢʘ ʧʝʨʝʜ 

ʪʨʘʥʩʬʦʨʤʝʨʦʤ ʤʽʩʪʠʪʴ ʙʣʦʢʠ ʨʦʟʙʠʪʪʷ, ʟʛʦʨʪʢʫ ʪʘ ʰʘʨ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ. 

ɼʘʣʽ ʜʦ ʤʦʜʝʣʽ ʙʫʣʦ ʚʚʝʜʝʥʦ ʥʦʚʫ ʦʧʝʨʘʮʽʶ Sequence Pooling, ʱʦ ʦʙôʻʜʥʫʻ 

ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʜʘʥʠʭ ʫʩʝʨʝʜʠʥʽ ʪʨʘʥʩʬʦʨʤʝʨʘ. ʎʝ ʜʦʟʚʦʣʠʣʦ ʧʦʻʜʥʘʪʠ ʨʝʣʝʚʘʥʪʥʫ 

ʽʥʬʦʨʤʘʮʽʶ, ʷʢʘ ʤʽʩʪʠʪʴʩʷ ʚ ʨʽʟʥʠʭ ʯʘʩʪʠʥʘʭ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ. ʋʩʽ ʮʽ ʟʤʽʥʠ 

ʟʘʙʝʟʧʝʯʠʣʠ ʢʦʤʧʘʢʪʥʽʩʪʴ ʤʦʜʝʣʽ, ʱʦ ʦʪʨʠʤʘʣʘ ʥʘʟʚʫ ʢʦʤʧʘʢʪʥʠʡ ʟʛʦʨʪʢʦʚʠʡ 

ʪʨʘʥʩʬʦʨʤʝʨ (ʘʥʛʣ. Compact Convolution Transformer, CCT) (ʨʠʩ. 1.3).  
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ʈʠʩʫʥʦʢ 1.3 ï ʄʦʜʝʣʴ CCT (ʜʞʝʨʝʣʦ: [24]) 

ʋ [25] ʤʦʜʠʬʽʢʘʮʽʶ ʪʨʘʥʩʬʦʨʤʝʨʘ ʟʜʽʡʩʥʝʥʦ ʟʘ ʨʘʭʫʥʦʢ ʟʘʤʽʥʠ ʤʝʭʘʥʽʟʤʫ 

ʩʘʤʦʫʚʘʛʠ ʥʘ ʤʝʭʘʥʽʟʤ ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ (ʘʥʛʣ. External Attention Transformer, 

EATNet). 

ʄʝʭʘʥʽʟʤʠ ʫʚʘʛʠ ʚʽʜʽʛʨʘʶʪʴ ʚʠʥʷʪʢʦʚʦ ʚʘʞʣʠʚʫ ʨʦʣʴ ʚ ʘʨʭʽʪʝʢʪʫʨʽ 

ʪʨʘʥʩʬʦʨʤʝʨʽʚ. ɺʽʥ ʨʝʘʣʽʟʫʻ ʦʙʯʠʩʣʝʥʥʷ ʜʦʚʛʦʩʪʨʦʢʦʚʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʫ ʤʝʞʘʭ 

ʦʜʥʽʻʾ ʚʠʙʽʨʢʠ ʥʘ ʦʩʥʦʚʽ ʧʦʧʘʨʥʠʭ ʟʚôʷʟʢʽʚ ʤʽʞ ʫʩʽʤʘ ʧʦʟʠʮʽʷʤʠ. ʎʝ ʦʜʥʘ ʟ ʥʘʡʙʽʣʴʰ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦ ʚʠʪʨʘʪʥʠʭ ʢʦʤʧʦʥʝʥʪ ʤʦʜʝʣʽ ʪʨʘʥʩʬʦʨʤʝʨʘ, ʷʢʘ ʤʘʻ ʢʚʘʜʨʘʪʠʯʥʫ 

ʩʢʣʘʜʥʽʩʪʴ. ʋ [25] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʭʘʥʽʟʤ ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ, ʱʦ ʤʘʻ ʣʽʥʽʡʥʫ 

ʩʢʣʘʜʥʽʩʪʴ. ɹʘʛʘʪʦʯʠʩʣʝʥʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʽʜʪʚʝʨʜʠʣʠ, ʱʦ ʧʽʜ ʯʘʩ ʦʙʨʦʙʢʠ 

ʟʦʙʨʘʞʝʥʴ ʤʝʭʘʥʽʟʤ ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ ʟʘʙʝʟʧʝʯʫʻ ʪʘʢʽ ʞ ʘʙʦ ʥʘʚʽʪʴ ʚʠʱʽ ʨʝʟʫʣʴʪʘʪʠ, 

ʧʦʨʽʚʥʷʥʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʝʭʘʥʽʟʤʫ ʩʘʤʦʫʚʘʛʠ. ʅʘ ʨʠʩ. 1.4 ʧʦʢʘʟʘʥʦ ʚʽʜʤʽʥʥʦʩʪʽ 

ʤʦʜʝʣʝʡ ʟ ʩʘʤʦʫʚʘʛʦʶ, ʩʧʨʦʱʝʥʦʶ ʩʘʤʦʫʚʘʛʦʶ ʪʘ ʟʦʚʥʽʰʥʴʦʶ ʫʚʘʛʦʶ. ʅʘ ʨʠʩ. 1.5 

ʥʘʚʝʜʝʥʦ ʨʽʟʥʠʮʶ ʚ ʨʝʘʣʽʟʘʮʽʾ ʙʘʛʘʪʦʛʦʣʦʚʦʾ ʤʦʜʝʣʽ ʪʨʘʥʩʬʦʨʤʝʨʘ. 
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                                         ʘ)                                                        ʙ) 

 

ʚ) 

ʈʠʩʫʥʦʢ 1.4 ï ʇʨʠʢʣʘʜʠ ʤʦʜʝʣʝʡ ʪʨʘʥʩʬʦʨʤʝʨʽʚ ʟ ʤʝʭʘʥʽʟʤʘʤʠ: ʘ ï ʩʘʤʦʫʚʘʛʠ; 

ʙ ï ʩʧʨʦʱʝʥʦʾ ʩʘʤʦʫʚʘʛʠ; ʚ ï ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ (ʜʞʝʨʝʣʦ: [25]) 

 

ʘ) 
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ʙ) 

ʈʠʩʫʥʦʢ 1.5 ï ʇʨʠʢʣʘʜʠ ʨʝʘʣʽʟʘʮʽʾ ʙʘʛʘʪʦʛʦʣʦʚʠʭ ʤʦʜʝʣʝʡ ʟ ʤʝʭʘʥʽʟʤʘʤʠ:  

ʘ ï ʩʘʤʦʫʚʘʛʠ; ʙ ï ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ (ʜʞʝʨʝʣʦ: [25]) 

 

ɺ ʨʦʙʦʪʽ [26] ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʠʬʽʢʘʮʽʷ ʝʥʢʦʜʝʨʘ ʪʨʘʥʩʬʦʨʤʝʨʘ ï ʟʘʤʽʥʘ 

ʤʝʭʘʥʽʟʤʫ ʚʥʫʪʨʽʰʥʴʦʾ ʫʚʘʛʠ ʩʪʘʥʜʘʨʪʥʠʤ ʧʝʨʝʪʚʦʨʝʥʥʷʤ ʌʫʨôʻ, ʷʢʝ ʟʜʽʡʩʥʶʻ 

ʟʤʽʰʫʚʘʥʥʷ ʚʭʽʜʥʠʭ ʪʦʢʝʥʽʚ (ʘʥʛʣ. Fourier Network, FNet). 

ʇʽʜ ʯʘʩ ʨʝʘʣʽʟʘʮʽʾ ʧʝʨʝʪʚʦʨʝʥʥʷ ʌʫʨôʻ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʣʠʰʝ ʜʽʡʩʥʘ ʯʘʩʪʠʥʘ 

ʨʝʟʫʣʴʪʘʪʫ, ʱʦʙ ʫʥʠʢʥʫʪʠ ʦʙʨʦʙʢʠ ʢʦʤʧʣʝʢʩʥʠʭ ʯʠʩʝʣ ʫ ʥʘʩʪʫʧʥʠʭ ʰʘʨʘʭ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʧʝʨʝʪʚʦʨʝʥʥʷ ʌʫʨôʻ ʚ ʮʽʡ ʤʦʜʝʣʽ ʟʘʙʝʟʧʝʯʫʻ ʥʘʩʪʫʧʥʠʤ ʰʘʨʘʤ 

ʜʦʩʪʘʪʥʽʡ ʜʦʩʪʫʧ ʜʦ ʚʩʽʭ ʪʦʢʝʥʽʚ ʟʦʙʨʘʞʝʥʥʷ.  

ʆʩʢʽʣʴʢʠ ʤʥʦʞʝʥʥʷ ʚ ʯʘʩʪʦʪʥʽʡ ʦʙʣʘʩʪʽ ʝʢʚʽʚʘʣʝʥʪʥʝ ʟʛʦʨʪʮʽ ʫ ʯʘʩʦʚʽʡ 

ʦʙʣʘʩʪʽ, ʯʝʨʛʫʚʘʥʥʷ ʚ ʧʦʩʣʽʜʦʚʥʠʭ ʙʣʦʢʘʭ ʝʥʢʦʜʝʨʘ ʧʨʷʤʦʛʦ ʪʘ ʦʙʝʨʥʝʥʦʛʦ 

ʧʝʨʝʪʚʦʨʝʥʥʷ ʌʫʨôʻ ʷʚʣʷʻ ʩʦʙʦʶ ʯʝʨʛʫʚʘʥʥʷ ʤʥʦʞʝʥʥʷ ʽ ʟʛʦʨʪʢʠ ʚ ʮʠʭ ʙʣʦʢʘʭ. 

ʄʦʜʝʣʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ FNet ʧʦʢʘʟʘʥʘ ʥʘ ʨʠʩʫʥʢʫ 1.6. 

 

 

ʈʠʩʫʥʦʢ 1.6 ï ʄʦʜʝʣʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ FNet (ʜʞʝʨʝʣʦ: [26]) 
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ʆʜʥʽʻʶ ʟ ʦʩʥʦʚʥʠʭ ʧʨʦʙʣʝʤ ʘʜʘʧʪʘʮʽʾ ʤʦʜʝʣʝʡ ʪʨʘʥʩʬʦʨʤʝʨʽʚ, ʩʧʦʯʘʪʢʫ 

ʨʦʟʨʦʙʣʝʥʠʭ ʜʣʷ ʦʙʨʦʙʢʠ ʪʝʢʩʪʦʚʠʭ ʜʘʥʠʭ ʜʦ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ, ʻ ʩʫʪʪʻʚʘ ʨʽʟʥʠʮʷ 

ʚ ʤʘʩʰʪʘʙʽ ʚʽʟʫʘʣʴʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ ʟʦʙʨʘʞʝʥʴ. ʎʝ ʻ ʥʘʩʣʽʜʢʦʤ ʪʦʛʦ, ʱʦ 

ʢʣʘʩʠʬʽʢʘʮʽʷ ʟʦʙʨʘʞʝʥ ɹʜʫʞʝ ʯʘʩʪʦ ʻ ʥʘʩʪʫʧʥʠʤ ʝʪʘʧʦʤ ʧʽʩʣʷ ʚʠʷʚʣʝʥʥʷ ʦʙôʻʢʪʽʚ 

ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ [27-29], ʦʪʨʠʤʘʥʠʭ ʥʘ ʨʽʟʥʠʭ ʚʽʜʩʪʘʥʷʭ ʚʽʜ ʦʙôʻʢʪʽʚ, ʷʢʽ ʧʦʪʨʽʙʥʦ 

ʚʠʷʚʠʪʠ ʪʘ ʢʣʘʩʠʬʽʢʫʚʘʪʠ. ʋ ʙʘʟʦʚʠʭ ʤʦʜʝʣʷʭ ʪʨʘʥʩʬʦʨʤʝʨʽʚ [23, 30] ʫʩʽ ʪʦʢʝʥʠ 

ʤʘʶʪʴ ʬʽʢʩʦʚʘʥʠʡ ʤʘʩʰʪʘʙ ʽ ʩʣʦʚʘ ʚ ʪʝʢʩʪʦʚʠʭ ʬʨʘʛʤʝʥʪʘʭ ʤʘʶʪʴ ʟʥʘʯʥʦ ʤʝʥʰʫ 

ʨʦʟʜʽʣʴʥʫ ʟʜʘʪʥʽʩʪʴ ʧʦʨʽʚʥʷʥʦ ʟ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʧʽʢʩʝʣʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 

ʇʨʠ ʮʴʦʤʫ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʜʣʷ ʩʘʤʦʫʚʘʛʠ ʧʨʦʧʦʨʮʽʡʥʠʡ ʢʚʘʜʨʘʪʫ ʨʦʟʤʽʨʫ 

ʟʦʙʨʘʞʝʥʥʷ. 

ʋ ʨʦʙʦʪʽ [31] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʠʬʽʢʘʮʽʶ ʪʨʘʥʩʬʦʨʤʝʨʘ Swin Transformer 

(SwinTr), ʷʢʘ ʩʪʚʦʨʶʻ ʽʻʨʘʨʭʽʯʥʽ ʢʘʨʪʠ ʦʟʥʘʢ ʽ ʤʘʻ ʣʽʥʽʡʥʫ ʦʙʯʠʩʣʶʚʘʣʴʥʫ 

ʩʢʣʘʜʥʽʩʪʴ ʟʘʣʝʞʥʦ ʚʽʜ ʨʦʟʤʽʨʫ ʟʦʙʨʘʞʝʥʥʷ. ʇʦʙʫʜʦʚʘ ʢʘʨʪ ʧʦʯʠʥʘʻʪʴʩʷ ʟ 

ʥʝʚʝʣʠʢʠʭ ʬʨʘʛʤʝʥʪʽʚ, ʷʢʽ ʧʦʪʽʤ ʧʦʩʪʫʧʦʚʦ ʦʙôʻʜʥʫʶʪʴʩʷ ʫ ʤʘʩʰʪʘʙʥʽʰʽ 

ʪʨʘʥʩʬʦʨʤʦʚʘʥʽ ʰʘʨʠ. ɿʘʚʜʷʢʠ ʪʘʢʽʡ ʧʦʙʫʜʦʚʽ, ʤʦʜʝʣʴ SwinTr ʜʦʙʨʝ ʧʦʻʜʥʫʻʪʴʩʷ ʟ 

ʘʨʭʽʪʝʢʪʫʨʥʠʤʠ ʧʽʜʭʦʜʘʤʠ ʱʽʣʴʥʦʾ ʦʙʨʦʙʢʠ ʧʽʢʩʝʣʽʚ, ʪʘʢʠʤʠ ʷʢ ʧʽʨʘʤʽʜʘʣʴʥʽ 

ʤʝʨʝʞʽ ʦʟʥʘʢ (ʘʥʛʣ. Feature Pyramid Networks, FPN) [27] ʽ U-Net [32]. ʉʘʤʦʫʚʘʛʘ 

ʦʙʯʠʩʣʶʻʪʴʩʷ ʚʩʝʨʝʜʠʥʽ ʥʝʧʝʨʝʪʠʥʥʠʭ ʚʽʢʦʥ, ʢʦʞʥʝ ʟ ʷʢʠʭ ʤʘʻ ʬʽʢʩʦʚʘʥʫ ʢʽʣʴʢʽʩʪʴ 

ʧʘʪʯʽʚ (ʬʨʘʛʤʝʥʪʽʚ ʟʦʙʨʘʞʝʥʥʷ). ʈʦʟʤʽʨ ʚʽʢʦʥ ʧʦʩʣʽʜʦʚʥʦ ʟʙʽʣʴʰʫʻʪʴʩʷ ʚʽʜ ʙʣʦʢʫ 

ʜʦ ʙʣʦʢʫ. ʊʘʢʘ ʩʪʨʫʢʪʫʨʘ ʦʙʨʦʙʢʠ ʟʘʙʝʟʧʝʯʫʻ ʣʽʥʽʡʥʫ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʩʢʣʘʜʥʽʩʪʴ 

SwinTr. ʄʦʜʝʣʴ ʤʝʨʝʞʽ SwinTr ʧʦʢʘʟʘʥʘ ʥʘ ʨʠʩ. 1.7.  
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ʈʠʩʫʥʦʢ 1.7 ï ʄʦʜʝʣʴ ʤʝʨʝʞʽ: ʘ ï SwinTr; ʙ ï ʜʚʘ ʧʦʩʣʽʜʦʚʥʽ ʙʣʦʢʠ SwinTr, ʜʝ W-

MSA ʽ SW-MSA ï ʮʝ ʙʘʛʘʪʦʛʦʣʦʚʽ ʤʦʜʫʣʽ ʩʘʤʦʢʦʥʪʨʦʣʶ ʟʽ ʟʚʠʯʘʡʥʠʤʠ ʪʘ 

ʟʤʽʱʝʥʠʤʠ ʢʦʥʬʽʛʫʨʘʮʽʷʤʠ ʢʝʨʫʚʘʥʥʷ ʚʽʢʥʘʤʠ ʚʽʜʧʦʚʽʜʥʦ (ʜʞʝʨʝʣʦ: [31]) 

 

ʉʧʦʯʘʪʢʫ ʚʭʽʜʥʝ ʢʦʣʴʦʨʦʚʝ ʟʦʙʨʘʞʝʥʥʷ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʧʘʪʯʽ ʨʦʟʤʽʨʦʤ 4Ĭ4 

ʧʽʢʩʝʣʽ. ʋ ʢʦʞʥʦʤʫ ʥʘʩʪʫʧʥʦʤʫ ʙʣʦʮʽ ʧʘʪʯʽ ʦʙôʻʜʥʫʶʪʴʩʷ ʽʟ ʩʫʩʽʜʥʽʤʠ, ʱʦ 

ʟʘʙʝʟʧʝʯʫʻ ʧʦʩʪʫʧʦʚʝ ʟʙʽʣʴʰʝʥʥʷ ʨʦʟʤʽʨʫ ʚʽʢʦʥ ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʩʪʘʣʦʾ ʢʽʣʴʢʦʩʪʽ 

ʧʘʪʯʽʚ ʚ ʦʜʥʦʤʫ ʚʽʢʥʽ. 

ʗʢ ʚʠʜʥʦ ʟ ʨʠʩ. 1.7, ʘ, ʟʘʤʽʩʪʴ ʤʦʜʫʣʷ ʩʘʤʦʢʦʥʪʨʦʣʶ ʚ SwinTr 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʟʤʽʱʝʥʽ ʚʽʢʥʘ. W-MSA ʽ SW-MSA ï ʮʝ ʙʘʛʘʪʦʛʦʣʦʚʽ ʤʦʜʫʣʽ 

ʩʘʤʦʢʦʥʪʨʦʣʶ ʟʽ ʟʚʠʯʘʡʥʠʤʠ ʪʘ ʟʤʽʱʝʥʠʤʠ ʢʦʥʬʽʛʫʨʘʮʽʷʤʠ ʢʝʨʫʚʘʥʥʷ ʚʽʢʥʘʤʠ 

[31]. ɹʣʦʢ SwinTrr (ʨʠʩ. 1.7, ʙ) ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʤʦʜʫʣʷ W-MSA, ʧʦʙʫʜʦʚʘʥʦʛʦ ʥʘ 

ʦʩʥʦʚʽ ʟʚʠʯʘʡʥʦʛʦ ʚʽʢʥʘ, ʟʘ ʷʢʠʤ ʩʣʽʜʫʻ ʜʚʦʰʘʨʦʚʠʡ MLP. ʇʝʨʝʜ MSA ʪʘ MLP 

ʚʠʢʦʥʫʻʪʴʩʷ ʥʦʨʤʘʣʽʟʘʮʽʷ ʜʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʰʘʨʽʚ Layer Normalization (LN). 

ɼʨʫʛʘ ʯʘʩʪʠʥʘ ʙʣʦʢʫ ʧʦʙʫʜʦʚʘʥʘ ʘʥʘʣʦʛʽʯʥʦ, ʘʣʝ ʚʠʢʦʨʠʩʪʦʚʫʻ ʟʤʽʱʝʥʝ ʚʽʢʥʦ, ʱʦ 

ʟʘʙʝʟʧʝʯʫʻ ʚʨʘʭʫʚʘʥʥʷ ʚʩʽʭ ʚʟʘʻʤʦʟʚôʷʟʢʽʚ ʤʽʞ ʝʣʝʤʝʥʪʘʤʠ ʟʦʙʨʘʞʝʥʥʷ. 

1.3.3 ʂʣʘʩʠʬʽʢʘʪʦʨʠ ʥʘ ʙʘʟʽ MLP 

ʆʩʦʙʣʠʚʽʩʪʶ ʅʄ, ʧʦʙʫʜʦʚʘʥʠʭ ʥʘ ʤʦʜʝʣʽ ʪʨʘʥʩʬʦʨʤʝʨʘ ʟ ʤʝʭʘʥʽʟʤʦʤ ʫʚʘʛʠ, 

ʻ ʜʠʥʘʤʽʯʥʘ ʧʘʨʘʤʝʪʨʠʟʘʮʽʷ ʧʨʦʩʪʦʨʦʚʠʭ ʚʟʘʻʤʦʜʽʡ ʥʘ ʦʩʥʦʚʽ ʚʭʽʜʥʠʭ ʧʨʝʜʩʪʘʚʣʝʥʴ 

[33, 34]. ʎʝ ʧʨʠʨʦʜʥʦ ʚʽʜʧʦʚʽʜʘʻ ʧʨʠʨʦʜʽ ʪʝʢʩʪʦʚʠʭ ʧʦʚʽʜʦʤʣʝʥʴ. ʆʜʥʘʢ ʜʣʷ 



 

 

37 

ʦʢʨʝʤʠʭ ʟʦʙʨʘʞʝʥʴ, ʱʦ ʥʝ ʫʪʚʦʨʶʶʪʴ ʻʜʠʥʦʛʦ ʚʽʜʝʦʨʷʜʫ, ʥʝʤʦʞʣʠʚʦ ʧʦʙʫʜʫʚʘʪʠ 

ʘʥʘʣʦʛʽʯʥʫ ʜʠʥʘʤʽʯʥʫ ʧʘʨʘʤʝʪʨʠʟʘʮʽʶ ʧʨʦʩʪʦʨʦʚʠʭ ʚʟʘʻʤʦʜʽʡ. ʊʦʤʫ ʫ ʪʘʢʠʭ 

ʚʠʧʘʜʢʽʚ MLP, ʷʢʠʡ ʟʜʽʡʩʥʶʻ ʩʪʘʪʠʯʥʫ ʧʘʨʘʤʝʪʨʠʟʘʮʽʶ, ʤʦʞʝ ʧʦʢʘʟʫʚʘʪʠ ʚʠʩʦʢʽ 

ʨʝʟʫʣʴʪʘʪʠ [35]. 

ʋ ʨʦʙʦʪʽ [33] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ Gated Multilayer Perceptron (gMLP), ʷʢʘ 

ʥʝ ʤʽʩʪʠʪʴ ʤʝʭʘʥʽʟʤʫ ʫʚʘʛʠ ʪʘ ʟʛʦʨʪʦʢ. ɺʦʥʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʧʦʩʣʽʜʦʚʥʦ ʟôʻʜʥʘʥʠʭ 

ʦʜʥʘʢʦʚʠʭ ʙʣʦʢʽʚ ʥʘ ʙʘʟʽ MLP, ʱʦ ʨʝʘʣʽʟʫʶʪʴ ʢʘʥʘʣʴʥʽ ʽ ʤʽʞʢʘʥʘʣʴʥʽ ʧʨʦʝʢʮʽʾ, 

ʜʦʧʦʚʥʝʥʽ ʤʫʣʴʪʠʧʣʽʢʘʪʠʚʥʠʤ ʩʪʨʦʙʫʚʘʥʥʷʤ. ʉʪʨʫʢʪʫʨʘ ʮʠʭ ʙʣʦʢʽʚ ʥʘʚʝʜʝʥʘ ʥʘ 

ʨʠʩ. 1.8. 

ʂʦʞʝʥ ʙʣʦʢ ʤʽʩʪʠʪʴ ʧʦʩʣʽʜʦʚʥʦ ʟôʻʜʥʘʥʽ ʝʣʝʤʝʥʪʠ, ʘ ʩʘʤʝ, ʧʨʦʻʢʪʦʨ ʢʘʥʘʣʫ 

(ʘʥʛʣ. Channel Projection), ʤʽʞʢʘʥʘʣʴʥʠʡ ʧʨʦʻʢʪʦʨ (ʘʥʛʣ. Spatial Gating Unit) ʽ ʟʥʦʚʫ 

ʧʨʦʻʢʪʦʨ ʢʘʥʘʣʫ. 

 

 

ʈʠʩʫʥʦʢ 1.8 ï ʄʦʜʝʣʴ gMLP (ʜʞʝʨʝʣʦ: [33]) 

 

ɸʥʘʣʦʛʽʯʥʦ ʧʦʙʫʜʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ MLP-Mixer [36], ʷʢʘ ʧʦʚʥʽʩʪʶ 

ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʢʣʘʩʠʯʥʠʭ MLP. ʆʜʥʘʢ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʟʚʠʯʘʡʥʦʾ ʦʙʨʦʙʢʠ ʚʩʴʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ, ʢʦʣʠ ʟʦʙʨʘʞʝʥʥʷ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʥʘ ʜʦʚʛʠʡ ʚʝʢʪʦʨ ʽ ʧʦʜʘʻʪʴʩʷ ʥʘ 

MLP, ʫ ʮʴʦʤʫ ʚʠʧʘʜʢʫ ʜʚʦʚʠʤʽʨʥʘ ʩʪʨʫʢʪʫʨʘ ʟʦʙʨʘʞʝʥʥʷ ʟʙʝʨʽʛʘʻʪʴʩʷ. ʋ ʢʦʞʥʦʤʫ 

ʙʣʦʮʽ ʟʦʙʨʘʞʝʥʥʷ ʩʧʦʯʘʪʢʫ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʩʪʦʚʧʮʽ, ʢʦʞʝʥ ʽʟ ʷʢʠʭ ʦʙʨʦʙʣʷʻʪʴʩʷ 

ʩʚʦʾʤ MLP. ʈʦʟʤʽʨ ʩʪʦʚʧʮʽʚ ʥʝ ʟʤʽʥʶʻʪʴʩʷ. ʈʝʟʫʣʴʪʘʪʠ ʦʙʨʦʙʢʠ ʟʥʦʚʫ ʦʙôʻʜʥʫʶʪʴʩʷ 

ʚ ʮʽʣʽʩʥʝ ʟʦʙʨʘʞʝʥʥʷ, ʷʢʝ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʨʷʜʢʠ. ʂʦʞʝʥ ʨʷʜʦʢ, ʘʥʘʣʦʛʽʯʥʦ 
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ʩʪʦʚʧʮʷʤ, ʦʙʨʦʙʣʷʻʪʴʩʷ ʚʣʘʩʥʠʤ MLP ʙʝʟ ʟʤʽʥʠ ʨʦʟʤʽʨʥʦʩʪʽ. ʇʽʩʣʷ ʮʴʦʛʦ ʨʷʜʢʠ 

ʟʥʦʚʫ ʦʙôʻʜʥʫʶʪʴʩʷ ʚ ʻʜʠʥʝ ʟʦʙʨʘʞʝʥʥʷ, ʷʢʝ ʧʦʜʘʻʪʴʩʷ ʥʘ ʥʘʩʪʫʧʥʠʡ ʘʥʘʣʦʛʽʯʥʠʡ 

ʙʣʦʢ. ʄʦʜʝʣʴ MLP-Mixer ʧʦʢʘʟʘʥʘ ʥʘ ʨʠʩ. 1.9. 

ʇʦʩʣʽʜʦʚʥʘ ʦʙʨʦʙʢʘ ʟʘ ʩʪʦʚʧʮʷʤʠ ʪʘ ʨʷʜʢʘʤʠ ʟʘʙʝʟʧʝʯʫʻ ʚʨʘʭʫʚʘʥʥʷ ʟʚôʷʟʢʽʚ 

ʤʽʞ ʫʩʽʤʘ ʝʣʝʤʝʥʪʘʤʠ ʟʦʙʨʘʞʝʥʥʷ. 

ɼʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʦʙʣʝʤʠ ʟʥʠʢʥʝʥʥʷ ʛʨʘʜʽʻʥʪʘ ʧʽʜ ʯʘʩ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʙʣʦʢʽʚ ʚ ʘʨʭʽʪʝʢʪʫʨʽ MLP-Mixer ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʩʪʘʥʜʘʨʪʥʽ ʘʨʭʽʪʝʢʪʫʨʥʽ 

ʢʦʤʧʦʥʝʥʪʠ: skip-ʟôʻʜʥʘʥʥʷ [37] ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʷ ʰʘʨʽʚ [38]. ʅʘ ʚʠʭʦʜʽ ʚʩʴʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʚʦʰʘʨʦʚʠʡ ʦʙôʻʜʥʫʚʘʣʴʥʠʡ MLP. 

 

 

 

ʈʠʩʫʥʦʢ 1.9 ï ʄʦʜʝʣʴ MLP-Mixer (ʜʞʝʨʝʣʦ: [36]) 

 

1.3.4 ʇʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʨʦʟʛʣʷʥʫʪʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

ʋʩʽ ʅʄ, ʱʦ ʙʫʣʠ ʨʦʟʛʣʷʥʫʪʽ ʚ ʧʽʜʨʦʟʜʽʣʽ 1.3, ʚʽʜʧʦʚʽʜʘʶʪʴ ʚʠʤʦʛʘʤ ʜʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ: 

ï ʤʘʶʪʴ ʨʽʟʥʽ ʘʣʛʦʨʠʪʤʠ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ; 

ï ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ ʚʠʩʦʢʠʤ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʤʽʞ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ 

ʥʝʦʙʭʽʜʥʠʤ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ; 
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ï ʤʦʞʫʪʴ ʙʫʪʠ ʥʘʚʯʝʥʽ ʚ ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ 

ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʢʦʤʧôʶʪʝʨʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʽʚ  ʟ ʦʮʽʥʢʠ  ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʦʙʨʘʞʝʥʴ ʚ ʨʦʙʦʪʽ ʚʠʢʦʨʠʩʪʘʥʽ ʥʘʙʦʨʠ ʜʘʥʠʭ MNIST [21] ʽ CIFAR-10 [39].  

ʋ ʪʘʙʣ. 1.1 [19] ʥʘʚʝʜʝʥʦ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʽʩʣʷ 50 ʝʧʦʭ ʥʘʚʯʘʥʥʷ ʪʘ 

ʢʽʣʴʢʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʮʠʭ ʅʄ ʜʣʷ  ʥʘʙʦʨʽʚ ʜʘʥʠʭ MNIST. 

ʅʘʙʽʨ ʜʘʥʠʭ MNIST ʤʽʩʪʠʪʴ ʯʦʨʥʦ-ʙʽʣʽ ʟʦʙʨʘʞʝʥʥʷ ʨʫʢʦʧʠʩʥʠʭ ʮʠʬʨ 

ʨʦʟʤʽʨʦʤ 28Ĭ28 ʧʽʢʩʝʣʽʚ: 60 ʪʠʩ. ʟʦʙʨʘʞʝʥʴ ï ʜʣʷ ʥʘʚʯʘʥʥʷ ʽ 10 ʪʠʩ. ʟʦʙʨʘʞʝʥʴ ï 

ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ. ɿʦʙʨʘʞʝʥʥʷ ʥʘʣʝʞʘʪʴ ʜʦ 10 ʢʣʘʩʽʚ. 

ʅʘʙʽʨ ʜʘʥʠʭ CIFAR-10 ʤʽʩʪʠʪʴ 50 ʪʠʩ. ʢʦʣʴʦʨʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʜʣʷ ʥʘʚʯʘʥʥʷ 

ʪʘ 10 ʪʠʩ. ʟʦʙʨʘʞʝʥʴ ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ. ʂʦʞʥʝ ʟʦʙʨʘʞʝʥʥʷ ʤʘʻ ʨʦʟʤʽʨ 32Ĭ32 ʧʽʢʩʝʣʽ ʽ 

ʥʘʣʝʞʠʪʴ ʜʦ ʦʜʥʦʛʦ ʟ 10 ʢʣʘʩʽʚ ʦʙôʻʢʪʽʚ (ʣʽʪʘʢ, ʧʘʨʦʧʣʘʚ, ʘʚʪʦʤʦʙʽʣʴ, ʪʦʱʦ).  

ʊʘʙʣʠʮʷ 1.1 ï ʇʦʨʽʚʥʷʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ 

ʅʘʟʚʘ 

ʥʝʡʨʦʥʥʦʾ 

ʤʝʨʝʞʽ 

MNIST CIFAR-10 

Accuracy  ʂʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ 

Accuracy / 

ʂʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ 

Accuracy ʂʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ 

Accuracy / 

ʂʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ 

CNN 0.9929 34826 2.85Ț10-5 0.7687 343306 2.24Ț10-6 

CCT 0.9879 406987 2.43Ț10-6 0.8021 408139 1.97Ț10-6 

EATNet 0.8517 358090 2.38Ț10-6 0.6788 355530 1.91Ț10-6 

FNet 0.9881 992010 1.00Ț10-6 0.7572 582410 1.30Ț10-6 

gMLP 0.9876 1271818 0.78Ț10-6 0.7405 862218 0.86Ț10-6 

MLP-

Mixer 

0.9574 629258 1.52Ț10-6 0.7674 219658 3.49Ț10-6 

SwinTr 0.9711 147034 6.60Ț10-6 0.7128 151386 4.71Ț10-6 

 

ʊʠʧʦʚʽ ʧʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ ʽʟ ʥʘʙʦʨʽʚ ʜʘʥʠʭ MNIST ʽ CIFAR-10 ʥʘʚʝʜʝʥʽ ʫ 

ʜʦʜʘʪʢʫ ɸ. 

ɺ ʜʘʥʽʡ ʨʦʙʦʪʽ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʅʄ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ

ʦʮʽʥʶʻʪʴʩʷ ʜʚʦʤʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ, ʘ ʩʘʤʝ, ʷʢ̔ʩʪʁ ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʦʙʩʷʛʦʤ 
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ʦʙʯʠʩʣʝʥʴ. ɺ ʩʚʦʶ ʯʝʨʛʫ ʜʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʚʠʢʦʨʠʩʪʘʥʦ 

ʤʝʪʨʠʢʫ ʪʦʯʥʦʩʪʽ Accuracy, ʷʢʘ ʦʙʯʠʩʣʶʻʪʴʩʷ ʷʢ ʯʘʩʪʢʘ ʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʠʭ 

ʟʦʙʨʘʞʝʥʴ ʚʽʜ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ. 

ʆʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʚʠʟʥʘʯʘʻʪʴʩʷ ʢʽʣʴʢʽʩʪʶ ʥʘʚʯʘʻʤʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ 

ʅʄ, ʷʢʠʡ ʚʠʟʥʘʯʘʻʪʴʩʷ ʚ ʭʦʜʽ ʧʨʦʛʨʘʤʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ 

ʩʪʘʥʜʘʨʪʥʠʤʠ ʙʽʙʣʽʦʪʝʯʥʠʤʠ ʤʝʪʦʜʘʤʠ . 

ɿ ʪʘʙʣ. 1.1 ʚʠʜʥʦ, ʱʦ ʥʘʡʢʨʘʱʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʜʣʷ ʥʘʙʦʨʫ MNIST 

ʚʦʣʦʜʽʻ CNN, ʘʣʝ ʜʣʷ ʙʽʣʴʰ ʩʢʣʘʜʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 ʚʦʥʘ ʧʦʩʪʫʧʘʻʪʴʩʷ 

ʟʘ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ CCT. 

 

 

1.4 ɸʥʘʣʽʟ ʧʽʜʭʦʜʽʚ ʜʦ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

 

ʊʠʧʦʚʠʤ ʚʘʨʽʘʥʪʦʤ ʅʄ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʻ 

MLP [19]. ʅʘʡʝʬʝʢʪʠʚʥʽʰʠʤʠ ʧʽʜʭʦʜʘʤʠ ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʻ 

ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʪʘ ʤʦʜʠʬʽʢʘʮʽʷ ʘʨʭʽʪʝʢʪʫʨʠ ʥʘ ʦʩʥʦʚʽ ʤʝʨʝʞʽ ʂʦʣʤʦʛʦʨʦʚʘ-

ɸʨʥʦʣʴʜʘ [40]. 

1.4.1 ʇʨʦʨʽʜʞʫʚʘʥʥʷ ʟʚôʷʟʢʽʚ ʫ MLP  

ɺ ʟʘʜʘʯʘʭ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ MLP ʤʘʻ ʚʠʱʽ ʧʦʢʘʟʥʠʢʠ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʦʨʽʚʥʷʥʦ ʟʽ ʩʧʝʮʽʘʣʴʥʠʤʠ ʅʄ, ʥʘʧʨʠʢʣʘʜ ʉNN, ʱʦ ʧʦʷʩʥʶʻʪʴʩʷ ʡʦʛʦ 

ʧʦʚʥʦʟʚôʷʟʥʽʩʪʶ ʽ ʥʘʷʚʥʽʩʪʶ ʥʘʜʣʠʰʢʦʚʦʩʪʽ ʚ ʤʦʜʝʣʽ MLP. 

ʎʝ, ʚ ʩʚʦʶ ʯʝʨʛʫ, ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʷʚʠ ʰʫʤʦʚʠʭ ʩʢʣʘʜʦʚʠʭ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ 

ʽ ʬʦʨʤʫʚʘʥʥʷ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ, ʱʦ ʟʘʚʘʞʘ ̒ʜʦʩʷʛʥʝʥʥʶ ʢʨʘʱʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. ʊʦʤʫ 

ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʙʘʛʘʪʦ ʨʽʟʥʠʭ ʧʽʜʭʦʜʽʚ ʜʦ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʟʚôʷʟʢʽʚ ʫ ʅʄ, ʷʢʽ ʜʘʶʪʴ 

ʟʤʦʛʫ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʟ ̔ʟʙʝʨʝʞʝʥʥʷʤ ʧʽʜʩʫʤʢʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

ʅʘʨʘʟʽ ʤʦʞʥʘ ʚʠʜʽʣʠʪʠ ʪʘʢʽ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʠ: 

ʘ) ʧʝʨʝʜʘʚʘʥʥʷ ʟʥʘʥʴ (ʘʥʛʣ. Knowledge Distillation) [41-43] ï ʧʦʧʝʨʝʜʥʴʦ 

ʥʘʚʯʘʻʪʴʩʷ ʤʦʜʝʣʴ ʽʟ ʚʝʣʠʢʦʶ ʢʽʣʴʢʽʩʪʶ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʧʽʩʣʷ ʯʦʛʦ ʥʘ ʦʩʥʦʚʽ 

ʾʾ ʩʪʨʫʢʪʫʨʠ ʪʘ ʟʥʘʯʝʥʴ ʚʘʛ ʥʘʚʯʘʻʪʴʩʷ ʤʦʜʝʣʴ ʽʟ ʤʝʥʰʦʶ ʢʽʣʴʢʽʩʪʶ ʚʘʛ. ʆʜʥʘʢ 
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ʧʨʘʢʪʠʯʥʘ ʨʝʘʣʽʟʘʮʽʷ ʥʘʚʯʘʥʥʷ ʩʧʨʦʱʝʥʦʾ ʤʦʜʝʣʽ ʧʨʠ ʮʴʦʤʫ ʧʽʜʭʦʜʽ ʻ ʩʢʣʘʜʥʠʤ 

ʟʘʚʜʘʥʥʷʤ ʽ ʯʘʩʪʦ ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʟʥʠʞʝʥʥʷʤ ʧʽʜʩʫʤʢʦʚʠʭ ʧʦʢʘʟʥʠʢʽʚ [44]; 

ʙ) ʟʥʠʞʝʥʥʷ ʨʘʥʛʫ ʤʘʪʨʠʮʽ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ (ʘʥʛʣ. Low-rank 

Decomposition) [45, 46] ï ʧʨʦʧʦʥʫʻ ʚʠʜʘʣʝʥʥʷ ʚʘʛ, ʱʦ ʚʽʜʧʦʚʽʜʘʶʪʴ ʥʘʡʤʝʥʰʠʤ 

ʚʣʘʩʥʠʤ ʯʠʩʣʘʤ. ʇʨʦʪʝ ʩʫʯʘʩʥʽ ʅʄ ʤʽʩʪʷʪʴ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, 

ʘ ʟʥʘʭʦʜʞʝʥʥʷ ʚʣʘʩʥʠʭ ʚʝʢʪʦʨʽʚ ʽ ʯʠʩʝʣ ʜʣʷ ʚʝʣʠʢʠʭ ʤʘʪʨʠʮʴ ʻ ʦʙʯʠʩʣʶʚʘʣʴʥʦ 

ʩʢʣʘʜʥʠʤ ʟʘʚʜʘʥʥʷʤ ʽ ʤʦʞʝ ʩʫʧʨʦʚʦʜʞʫʚʘʪʠʩʴ ʟʥʘʯʥʠʤʠ ʧʦʭʠʙʢʘʤʠ, ʱʦ 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʤʽʪʥʦʛʦ ʧʦʛʽʨʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ; 

ʚ) ʢʚʘʥʪʫʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ (ʘʥʛʣ. Parameter Quantization) [47, 48] ï ʧʝʨʝʜʙʘʯʘʻ 

ʟʘʤʽʥʫ ʦʙʯʠʩʣʝʥʴ ʽʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ ʥʘ ʦʙʯʠʩʣʝʥʥʷ ʟ ʬʽʢʩʦʚʘʥʦʶ ʢʦʤʦʶ ʪʘ 

ʟʤʝʥʰʝʥʦʶ ʨʦʟʨʷʜʥʽʩʪʶ. ɼʠʥʘʤʽʯʥʘ ʟʤʽʥʘ ʨʦʟʨʷʜʥʦʩʪʽ ʜʦʟʚʦʣʠʣʘ ʦʪʨʠʤʘʪʠ ʚʠʩʦʢʽ 

ʨʝʟʫʣʴʪʘʪʠ ʜʣʷ ʥʘʙʦʨʽʚ MNIST ʽ CIFAR-10. ʇʨʦʪʝ ʙʫʜʴ-ʷʢʽ ʥʝʪʦʯʥʦʩʪʽ ʫ 

ʤʘʩʰʪʘʙʫʚʘʥʥʽ ʦʙʯʠʩʣʝʥʴ ʫ ʨʽʟʥʠʭ ʚʫʟʣʘʭ ʥʝʤʠʥʫʯʝ ʧʨʠʟʚʦʜʷʪʴ ʜʦ ʩʫʪʪʻʚʦʛʦ 

ʧʦʛʽʨʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʝʬʝʢʪʠʚʥʦ ʨʝʘʣʽʟʦʚʘʥʠʡ 

ʣʠʰʝ ʥʘ ʧʨʦʛʨʘʤʦʚʘʥʠʭ ʣʦʛʽʯʥʠʭ ʤʘʪʨʠʮʷʭ (ʘʥʛʣ. Field-programmable gate array, 

FPGA). ʈʝʘʣʽʟʘʮʽʷ ʞ ʥʘ ʫʥʽʚʝʨʩʘʣʴʥʠʭ ʧʨʦʛʨʘʤʦʚʘʥʠʭ ʦʙʯʠʩʣʶʚʘʯʘʭ ʧʨʠʟʚʦʜʠʪʴ ʜʦ 

ʥʘʜʣʠʰʢʦʚʦʛʦ ʦʙʩʷʛʫ ʦʧʝʨʘʮʽʡ ʽ ʟʥʘʯʥʦʛʦ ʫʧʦʚʽʣʴʥʝʥʥʷ; 

ʛ) ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʤʝʨʝʞʽ (ʘʥʛʣ. Network Pruning) ï ̔ ʟ ʅʄ ʚʠʜʘʣʷʶʪʴʩʷ ʦʢʨʝʤʽ 

ʟʚôʷʟʢʠ ʘʙʦ ʮʽʣʽ ʩʪʨʫʢʪʫʨʠ ʥʘ ʦʩʥʦʚʽ ʬʫʥʢʮʽʾ ʚʘʞʣʠʚʦʩʪʽ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ.  

ʗʢ ʬʫʥʢʮʽʶ ʚʘʞʣʠʚʦʩʪʽ ʤʦʞʝ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʦ ʤʘʪʨʠʮʶ ʜʨʫʛʠʭ ʧʦʭʽʜʥʠʭ 

ʬʫʥʢʮʽʾ ʚʪʨʘʪ [49], ʘʣʝ ʾʾ ʦʙʯʠʩʣʝʥʥʷ ʧʦʪʨʝʙʫʻ ʚʝʣʠʢʦʛʦ ʦʙʩʷʛʫ ʨʝʩʫʨʩʽʚ, ʪʦʤʫ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʥʠʟʢʫ ʩʧʨʦʱʝʥʠʭ ʬʫʥʢʮʽʡ ʚʘʞʣʠʚʦʩʪʽ [50].  

ʅʘʡʧʨʦʩʪʽʰʠʤ ʩʧʦʩʦʙʦʤ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʻ ʽʪʝʨʘʮʽʡʥʝ ʚʠʜʘʣʝʥʥʷ ʥʘʡʤʝʥʰʠʭ 

ʟʘ ʤʦʜʫʣʝʤ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ [51]. ʊʘʢʠʡ ʧʽʜʭʽʜ ʧʦʪʨʝʙʫʻ ʨʦʟʨʦʙʣʝʥʥʷ 

ʩʧʝʮʽʘʣʴʥʠʭ ʤʝʪʦʜʽʚ ʜʦʩʷʛʥʝʥʥʷ ʙʘʣʘʥʩʫ ʤʽʞ ʰʚʠʜʢʽʩʪʶ ʪʘ ʪʨʠʚʘʣʽʩʪʶ ʥʘʚʯʘʥʥʷ, ʘ 

ʪʘʢʦʞ ʚʠʙʦʨʫ ʢʽʣʴʢʦʩʪʽ ʟʚôʷʟʢʽʚ, ʱʦ ʚʠʜʘʣʷʶʪʴʩʷ ʟʘ ʦʜʠʥ ʨʘʟ.  

ʅʘʜʪʦ ʯʘʩʪʝ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʤʦʞʝ ʧʨʠʟʚʝʩʪʠ ʜʦ ʪʦʛʦ, ʱʦ ʤʝʨʝʞʘ ʥʝ ʚʩʪʠʛʥʝ 

ʥʘʚʯʠʪʠʩʷ ʡ ʙʫʜʫʪʴ ʚʠʜʘʣʝʥʽ ʚʘʞʣʠʚʽ ʚʘʛʠ. ʎʴʦʤʫ ʞ ʤʦʞʝ ʩʧʨʠʷʪʠ ʥʘʜʤʽʨʥʦ ʚʝʣʠʢʘ 

ʰʚʠʜʢʽʩʪʴ ʥʘʚʯʘʥʥʷ ʯʝʨʝʟ ʰʫʤʦʚʽ ʧʨʦʮʝʩʠ ʦʧʪʠʤʽʟʘʮʽʾ.  
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ʅʘʜʪʦ ʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʦʜʥʦʯʘʩʥʦ ʚʠʜʘʣʝʥʠʭ ʚʘʛ ʤʦʞʝ ʚʟʘʛʘʣʽ ʧʨʠʟʚʝʩʪʠ ʜʦ 

ʜʝʛʨʘʜʘʮʽʾ ʤʝʨʝʞʽ, ʘ ʥʘʜʪʦ ʨʽʜʢʝ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ï ʽʩʪʦʪʥʦ ʫʧʦʚʽʣʴʥʠʪʠ ʧʨʦʮʝʩ 

ʥʘʚʯʘʥʥʷ.  

ʑʝ ʦʜʥʠʤ ʢʨʠʪʠʯʥʠʤ ʬʘʢʪʦʨʦʤ ʻ ʨʠʟʠʢ ʧʝʨʝʥʘʚʯʘʥʥʷ, ʷʢʠʡ ʪʘʢʦʞ ʤʦʞʝ 

ʩʧʨʠʯʠʥʠʪʠ ʚʠʜʘʣʝʥʥʷ ʥʝʚʽʜʧʦʚʽʜʥʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ. ɿʚʠʯʘʡʥʘ ʨʝʛʫʣʷʨʠʟʘʮʽʷ [52, 53] 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʟʩʫʚʫ ʟʥʘʯʝʥʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʽ, ʚʽʜʧʦʚʽʜʥʦ, ʜʦ ʟʥʠʞʝʥʥʷ 

ʤʘʢʩʠʤʘʣʴʥʦ ʜʦʩʷʞʥʠʭ ʧʦʢʘʟʥʠʢʽʚ. ɺʠʢʦʨʠʩʪʘʥʥʷ Dropout [54] ʥʝ ʚʠʢʣʠʢʘʻ ʟʩʫʚʫ 

ʚʘʛ, ʧʨʦʪʝ ʽʩʪʦʪʥʦ ʩʧʦʚʽʣʴʥʶʻ ʥʘʚʯʘʥʥʷ.  

ʅʘʡʧʝʨʩʧʝʢʪʠʚʥʽʰʠʤ ʩʧʦʩʦʙʦʤ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʚʚʘʞʘʻʪʴʩʷ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʧʝʨʝʜʩʧʦʪʚʦʨʝʥʴ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ [55-57]. ʋ [58] ʧʦʢʘʟʘʥʦ, ʱʦ ʦʜʥʦʯʘʩʥʝ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʽʪʝʨʘʮʽʡʥʦʛʦ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʪʘ ʧʝʨʝʜʩʧʦʪʚʦʨʝʥʥʷ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ 

ʟʘʙʝʟʧʝʯʫʻ ʨʝʛʫʣʷʨʠʟʘʮʽʶ ʧʨʦʮʝʩʫ ʥʘʚʯʘʥʥʷ ʅʄ ʡ ʜʦʟʚʦʣʷʻ ʥʘʚʽʪʴ ʧʽʜʚʠʱʠʪʠ 

ʧʽʜʩʫʤʢʦʚʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ. 

ʋ [59] ʜʦʩʣʽʜʞʝʥʦ ʚʟʘʻʤʦʟʚôʷʟʦʢ ʧʘʨʘʤʝʪʨʽʚ ʧʨʦʮʝʩʽʚ ʥʘʚʯʘʥʥʷ, 

ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʪʘ ʨʝʛʫʣʷʨʠʟʘʮʽʾ. ʇʦʢʘʟʘʥʦ, ʱʦ ʥʘ ʦʩʥʦʚʽ ʘʥʘʣʽʟʫ ʚʟʘʻʤʦʟʚôʷʟʢʫ ʮʠʭ 

ʧʘʨʘʤʝʪʨʽʚ ʜʣʷ ʢʦʥʢʨʝʪʥʦʾ ʤʦʜʝʣʽ ʅʄ ʪʘ ʪʠʧʫ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ 

ʤʦʞʣʠʚʦ ʜʦʩʷʛʘʪʠ ʚʠʱʠʭ ʧʽʜʩʫʤʢʦʚʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʝʬʝʢʪʠʚʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

1.4.2 ɺʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ KAN  

ʊʝʦʨʝʪʠʯʥʠʤ ʦʙˇʨʫʥʪʫʚʘʥʥʷʤ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP ʚ ʟʘʜʘʯʘʭ ʢʣʘʩʠʬʽʢʘʮʽʾ ʻ ʪʝ, 

ʱʦ ʚʽʥ ʻ ʫʥʽʚʝʨʩʘʣʴʥʠʤ ʘʧʨʦʢʩʠʤʘʪʦʨʦʤ [35]. ɸʣʴʪʝʨʥʘʪʠʚʥʠʤ ʘʧʨʦʢʩʠʤʘʪʦʨʦʤ 

[60], ʷʢʠʡ ʪʘʢʦʞ ʟʥʘʡʰʦʚ ʰʠʨʦʢʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ ʅʄ, ʻ ʢʣʘʩʠʬʽʢʘʪʦʨ ʥʘ ʦʩʥʦʚʽ 

ʤʝʨʝʞʽ KAN [40].  

MLP ʚʠʢʦʨʠʩʪʦʚʫʻ ʷʢ ʦʩʥʦʚʥʽ ʝʣʝʤʝʥʪʠ ʥʝʡʨʦʥʠ ï ʙʘʛʘʪʦʚʭʦʜʦʚʽ ʩʫʤʘʪʦʨʠ ʟ 

ʥʘʚʯʘʣʴʥʠʤʠ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʥʘ ʚʭʦʜʘʭ ʪʘ ʥʝʟʤʽʥʥʦʶ ʥʝʣʽʥʽʡʥʽʩʪʶ ʥʘ 

ʚʠʭʦʜʽ (ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ), ʷʢʘ ʻ ʦʜʥʘʢʦʚʦʶ ʜʣʷ ʚʩʽʭ ʥʝʡʨʦʥʽʚ ʦʜʥʦʛʦ ʰʘʨʫ.  

ʋ KAN ʚʽʜʩʫʪʥʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʥʘ ʚʠʭʦʜʽ ʩʫʤʘʪʦʨʘ, ʽ ʟʘʤʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ 

ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʘʚʯʘʣʴʥʽ ʥʝʣʽʥʽʡʥʽ ʬʫʥʢʮʽʾ, ʷʢʽ ʪʘʢʦʞ 

ʥʘʟʠʚʘʶʪʴʩʷ ʬʫʥʢʮʽʷʤʠ ʘʢʪʠʚʘʮʽʾ.  

ʄʽʥʽʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʘʧʨʦʢʩʠʤʫʶʯʠʭ ʢʦʤʧʦʥʝʥʪ ʜʦʩʷʛʘʻʪʴʩʷ ʪʦʜʽ, ʢʦʣʠ 

ʘʧʨʦʢʩʠʤʘʪʦʨ ʚʽʜʧʦʚʽʜʘʻ ʘʧʨʦʢʩʠʤʦʚʘʥʽʡ ʬʫʥʢʮʽʾ. ʆʜʥʘʢ ʫ ʅʄ ʟʘʟʚʠʯʘʡ ʥʝʚʽʜʦʤʠʡ 
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ʪʠʧ ʘʧʨʦʢʩʠʤʦʚʘʥʦʾ ʬʫʥʢʮʽʾ, ʪʦʤʫ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʢʦʤ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʻ ʦʜʥʦʯʘʩʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʦʙʦʭ ʪʠʧʽʚ ʘʧʨʦʢʩʠʤʘʪʦʨʽʚ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ 

ʥʘʡʢʨʘʱʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʟ ʤʽʥʽʤʘʣʴʥʦʶ ʢʽʣʴʢʽʩʪʶ ʘʧʨʦʢʩʠʤʫʶʯʠʭ ʢʦʤʧʦʥʝʥʪ. 

ʋ [40] ʜʣʷ ʨʷʜʫ ʩʧʝʮʽʘʣʴʥʠʭ ʟʘʜʘʯ ʧʦʢʘʟʘʥʦ, ʱʦ KAN ʧʦʪʨʝʙʫʻ ʤʝʥʰʦʛʦ 

ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʧʦʨʽʚʥʷʥʦ ʟ MLP. ʋ [61] ʨʦʟʛʣʷʜʘʣʠʩʷ ʟʘʜʘʯʽ ʥʘʚʯʘʥʥʷ ʟ 

ʧʽʜʢʨʽʧʣʝʥʥʷʤ ʪʘ ʙʫʣʦ ʦʪʨʠʤʘʥʦ ʟʥʘʯʥʦ ʤʝʥʰʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ʟʽʩʪʘʚʥʽʡ 

ʷʢʦʩʪʽ ʥʘʚʯʘʥʥʷ ʧʦʨʽʚʥʷʥʦ ʟ MLP. ʋ [62] ʙʫʣʦ ʜʦʩʣʽʜʞʝʥʦ ʰʠʨʦʢʠʡ ʩʧʝʢʪʨ ʟʘʜʘʯ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʦʙʨʦʙʢʠ ʪʝʢʩʪʫ ʪʘ ʟʚʫʢʫ. 

ɼʣʷ ʚʩʽʭ ʜʦʩʣʽʜʞʝʥʠʭ ʟʘʜʘʯ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP ʟʘʙʝʟʧʝʯʫʚʘʣʦ ʚʠʱʽ 

ʨʝʟʫʣʴʪʘʪʠ ʧʨʠ ʤʝʥʰʦʤʫ ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ. ɺʠʥʷʪʦʢ ʩʪʘʥʦʚʠʣʠ ʣʠʰʝ ʟʘʜʘʯʽ ʽʟ 

ʩʠʤʚʦʣʽʯʥʠʤ ʧʦʜʘʥʥʷʤ ʤʘʪʝʤʘʪʠʯʥʠʭ ʬʦʨʤʫʣ. ʈʝʟʫʣʴʪʘʪʠ ʮʠʭ ʨʦʙʽʪ 

ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʜʣʷ ʨʽʟʥʠʭ ʪʠʧʽʚ ʟʘʜʘʯ ʥʘʡʢʨʘʱʝ ʧʽʜʭʦʜʠʪʴ ʘʙʦ MLP, ʘʙʦ KAN. 

ʇʨʦʪʝ ʜʣʷ ʟʘʜʘʯ ʩʢʣʘʜʥʦʛʦ ʪʠʧʫ, ʜʦ ʷʢʠʭ ʥʘʣʝʞʘʪʴ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ, ʦʜʥʦʯʘʩʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP ʽ KAN ʚ ʘʨʭʽʪʝʢʪʫʨʽ ʪʨʘʥʩʬʦʨʤʝʨʘ [63] 

ʜʦʟʚʦʣʠʣʦ ʦʪʨʠʤʘʪʠ ʚʠʱʽ ʨʝʟʫʣʴʪʘʪʠ, ʥʽʞ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʣʠʰʝ MLP ʘʙʦ ʣʠʰʝ 

KAN. 

ʋ ʨʦʙʦʪʽ [64] ʨʦʟʛʣʷʜʘʣʦʩʷ ʟʘʚʜʘʥʥʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʜʚʦʰʘʨʦʚʘ ʘʨʭʽʪʝʢʪʫʨʘ ʟ ʤʦʜʠʬʽʢʘʮʽʻʶ KAN ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘ 

ʩʧʣʘʡʥʠ ʜʣʷ ʘʥʘʣʽʟʫ ʯʘʩʦʚʠʭ ʟʘʢʦʥʦʤʽʨʥʦʩʪʝʡ ʤʽʞ ʧʦʩʣʽʜʦʚʥʠʤʠ ʚʽʜʣʽʢʘʤʠ ʜʘʥʠʭ. 

ʆʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʚʠʷʚʠʚʩʷ ʩʫʪʪʻʚʦ ʤʝʥʰʠʤ, ʥʽʞ ʫ ʜʚʦʰʘʨʦʚʦʛʦ MLP, ʦʜʥʘʢ 

ʥʘʚʯʘʥʥʷ ʮʽʻʾ ʤʦʜʠʬʽʢʘʮʽʾ KAN ʪʨʠʚʘʣʦ ʟʥʘʯʥʦ ʜʦʚʰʝ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ ʫ [64] 

ʨʝʢʦʤʝʥʜʦʚʘʥʦ ʜʣʷ ʟʘʩʪʦʩʫʚʘʥʴ ʽʟ ʰʚʠʜʢʦ ʟʤʽʥʥʠʤʠ ʯʘʩʦʚʠʤʠ ʟʘʣʝʞʥʦʩʪʷʤʠ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʯʠʩʪʠʡ MLP. ʋ [65] ʫ ʨʝʢʫʨʝʥʪʥʽʡ ʥʝʡʨʦʥʥʽʡ ʤʝʨʝʞʽ (ʘʥʛʣ. 

Recurrent Neural Network) ʚʠʭʽʜʥʽ ʰʘʨʠ MLP ʙʫʣʠ ʟʘʤʽʥʝʥʽ ʥʘ KAN. ʎʝ ʜʦʟʚʦʣʠʣʦ 

ʚ ʟʘʜʘʯʽ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʩʦʥʷʯʥʦʾ ʨʘʜʽʘʮʽʾ ʪʘ ʪʝʤʧʝʨʘʪʫʨʠ ʧʦʚʽʪʨʷ ʧʽʜʚʠʱʠʪʠ ʷʢʽʩʪʴ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʡ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. ʋ ʰʘʨʘʭ KAN ʥʝʣʽʥʽʡʥʽ ʬʫʥʢʮʽʾ 

ʘʧʨʦʢʩʠʤʫʚʘʣʠʩʷ ʩʧʣʘʡʥʘʤʠ.  

ʋ ʨʦʙʦʪʽ [66] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʫ ʤʦʜʝʣʴ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻ ʪʨʠʚʠʤʽʨʥʽ, 

ʜʚʦʚʠʤʽʨʥʽ ʪʘ ʦʜʥʦʚʠʤʽʨʥʽ ʰʘʨʠ KAN ʜʣʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʛʽʧʝʨʩʧʝʢʪʨʘʣʴʥʠʭ 

ʟʦʙʨʘʞʝʥʴ. ʎʝ ʜʦʟʚʦʣʠʣʦ ʦʪʨʠʤʘʪʠ ʩʧʽʚʩʪʘʚʥʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʘ ʤʝʥʰʦʛʦ ʦʙʩʷʛʫ 
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ʦʙʯʠʩʣʝʥʴ ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ ʨʝʟʫʣʴʪʘʪʘʤʠ ʚ [67], ʜʝ ʟʘʩʪʦʩʦʚʫʚʘʣʠʩʷ ʟʛʦʨʪʢʦʚʽ 

ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʽ ʪʨʘʥʩʬʦʨʤʝʨʠ. ʋ [68] ʜʣʷ ʮʴʦʛʦ ʞ ʟʘʩʪʦʩʫʚʘʥʥʷ ʚʠʢʦʨʠʩʪʘʥʦ 

ʜʠʬʫʟʽʡʥʫ ʥʝʡʨʦʥʥʫ ʤʝʨʝʞʫ, ʷʢʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘ KAN. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ 

ʨʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʘʣʠ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʧʽʜ ʯʘʩ ʚʠʟʥʘʯʝʥʥʷ ʤʽʩʮʴ 

ʧʦʩʘʜʢʠ ʪʘ ʨʦʟʚʽʜʢʠ ʨʝʩʫʨʩʽʚ ʫ ʜʦʩʣʽʜʞʝʥʥʷʭ ʜʘʣʝʢʦʛʦ ʢʦʩʤʦʩʫ. ʆʜʥʘʢ ʩʣʽʜ 

ʟʘʟʥʘʯʠʪʠ, ʱʦ ʤʦʜʝʣʽ, ʟʘʧʨʦʧʦʥʦʚʘʥʽ ʚ ʨʦʙʦʪʘʭ [66] ʽ [68], ʻ ʥʘʜʣʠʰʢʦʚʠʤʠ ʜʣʷ 

ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ.  

ʋ ʨʦʙʦʪʽ [69] KAN-ʰʘʨ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʥʘ ʚʠʭʦʜʽ ʩʠʩʪʝʤʠ YOLOv.10. ʎʝ 

ʜʦʟʚʦʣʠʣʦ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʧʦʟʠʮʽʶʚʘʥʥʷ ʨʫʭʦʤʠʭ ʦʙôʻʢʪʽʚ ʽ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ 

ʦʙʯʠʩʣʝʥʴ ʧʽʜ ʯʘʩ ʦʙʨʦʙʢʠ ʽʥʬʨʘʯʝʨʚʦʥʠʭ ʟʥʽʤʢʽʚ, ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

MLP ʫ ʪʦʤʫ ʩʘʤʦʤʫ ʟʘʩʪʦʩʫʚʘʥʥʽ [69]. ʋ ʨʦʙʦʪʽ [70] ʟʘʩʪʦʩʦʚʘʥʦ ʘʥʘʣʦʛʽʯʥʠʡ ʧʽʜʭʽʜ 

ï ʫ CNN ʚʠʭʽʜʥʠʡ MLP ʙʫʣʦ ʧʦʚʥʽʩʪʶ ʟʘʤʽʥʝʥʦ ʥʘ ʪʨʠʰʘʨʦʚʠʡ KAN. 

ʄʦʜʠʬʽʢʦʚʘʥʘ CNN ʧʦʢʘʟʘʣʘ ʚʠʱʽ ʨʝʟʫʣʴʪʘʪʠ ʧʨʠ ʤʝʥʰʦʤʫ ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ, 

ʦʜʥʘʢ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʨʦʚʦʜʠʣʠʩʷ ʟʽ ʩʧʝʮʠʬʽʯʥʠʤʠ ʩʠʛʥʘʣʘʤʠ, ʷʢʽ ʜʦʙʨʝ 

ʘʧʨʦʢʩʠʤʫʶʪʴʩʷ ʩʧʣʘʡʥʘʤʠ. ɽʢʩʧʝʨʠʤʝʥʪʠ ʜʣʷ ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ ʫ 

[70] ʥʝ ʚʠʢʦʥʫʚʘʣʠʩʷ. ʋ [71] CNN ʙʫʣʘ ʤʦʜʠʬʽʢʦʚʘʥʘ ʰʣʷʭʦʤ ʚʙʫʜʦʚʫʚʘʥʥʷ ʰʘʨʽʚ 

KAN ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚ ʟʛʦʨʪʢʦʚʫ ʯʘʩʪʠʥʫ ʅʄ, ʪʦʜʽ ʷʢ ʥʘ ʚʠʭʦʜʽ MLP ʟʘʣʠʰʠʚʩʷ 

ʥʝʟʤʽʥʥʠʤ. ʋ ʨʝʟʫʣʴʪʘʪʽ ʧʨʠ ʦʙʨʦʙʮʽ ʥʘʙʦʨʫ ʜʘʥʠʭ Fashion MNIST [72] ʦʙʩʷʛ 

ʦʙʯʠʩʣʝʥʴ ʟʤʝʥʰʠʚʩʷ, ʘʣʝ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʫʣʘ ʥʠʞʯʦʶ ʥʘ 1,3%, ʥʽʞ ʫ 

ʟʚʠʯʘʡʥʦʾ ʅʄ. ʋ [73] ʥʘ ʦʩʥʦʚʽ KAN ʙʫʣʠ ʨʦʟʨʦʙʣʝʥʽ ʥʦʚʽ ʰʘʨʠ ï Bottleneck 

Convolutional Kolmogorov-Arnold ʪʘ Self KAGNtention, ʷʢʽ ʜʦʟʚʦʣʠʣʠ ʦʜʥʦʯʘʩʥʦ 

ʧʦʢʨʘʱʠʪʠ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʟʤʝʥʰʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. ʆʜʥʘʢ ʮʝ ʨʽʰʝʥʥʷ 

ʙʫʣʦ ʩʪʚʦʨʝʥʝ ʩʧʝʮʽʘʣʴʥʦ ʜʣʷ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ ʽ ʚ ʥʝʟʤʽʥʥʦʤʫ ʚʠʛʣʷʜʽ ʥʝ ʤʦʞʝ 

ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʝ ʚ ʽʥʰʠʭ ʘʨʭʽʪʝʢʪʫʨʘʭ ʅʄ. ʋ [74] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʠʬʽʢʘʮʽʶ 

ʤʝʨʝʞʽ U-Net, ʫ ʷʢʽʡ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʢʦʤʙʽʥʘʮʽʾ KAN-ʰʘʨʽʚ ʽ ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʽʚ 

ʥʘ ʚʠʭʦʜʘʭ ʢʦʜʫʚʘʣʴʥʦʾ ʪʘ ʜʝʢʦʜʫʚʘʣʴʥʦʾ ʯʘʩʪʠʥ. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʜʦʩʣʽʜʞʝʥʥʷ 

ʧʨʦʚʦʜʠʣʠʩʷ ʚ ʟʘʜʘʯʽ ʩʫʧʫʪʥʠʢʦʚʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ ʧʦʚʝʥʝʡ ʰʣʷʭʦʤ ʦʙʨʦʙʢʠ 

ʨʘʜʽʦʣʦʢʘʮʽʡʥʠʭ ʜʘʥʠʭ ʽʟ ʩʠʥʪʝʟʦʚʘʥʦʶ ʘʧʝʨʪʫʨʦʶ. ɹʫʣʦ ʦʪʨʠʤʘʥʦ ʧʦʢʨʘʱʝʥʥʷ 

ʧʽʜʩʫʤʢʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʧʨʠ ʤʝʥʰʦʤʫ ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ. 
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ʊʘʢʠʤ ʯʠʥʦʤ, ʫ ʙʽʣʴʰʦʩʪʽ ʨʦʙʽʪ ʧʨʦʧʦʥʫʻʪʴʩʷ ʘʙʦ ʟʘʤʽʥʠʪʠ MLP ʥʘ KAN, ʘʙʦ 

ʽʥʪʝʛʨʫʚʘʪʠ KAN ʫ ʩʢʣʘʜʥʫ ʩʪʨʫʢʪʫʨʫ ʤʦʜʝʣʽ. ʉʫʪʪʻʚʝ ʧʦʢʨʘʱʝʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ 

ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʣʠʰʝ ʚ ʪʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ, ʜʝ ʦʙʨʦʙʣʶʚʘʥʽ ʜʘʥʽ ʜʦʙʨʝ 

ʘʧʨʦʢʩʠʤʫʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ KAN. ʎʝ, ʧʨʠʨʦʜʥʦ, ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʟʤʝʥʰʝʥʥʷʤ 

ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʊʦʤʫ ʥʝʦʙʭʽʜʥʠʤʠ ʻ ʧʦʜʘʣʴʰʽ ʨʦʟʨʦʙʢʠ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʤʦʜʝʣʝʡ 

ʅʄ, ʱʦ ʧʦʻʜʥʫʶʪʴ ʘʧʨʦʢʩʠʤʘʣʴʥʽ ʚʣʘʩʪʠʚʦʩʪʽ MLP ʽ KAN ʫ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 

ʇʽʜ ʯʘʩ ʨʝʘʣʽʟʘʮʽʾ KAN ʽʩʪʦʪʥʝ ʟʥʘʯʝʥʥʷ ʤʘʻ ʩʧʦʩʽʙ ʨʝʘʣʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ 

ʥʝʣʽʥʽʡʥʠʭ ʬʫʥʢʮʽʡ (ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ). ɺʽʥ ʚʧʣʠʚʘʻ ʷʢ ʥʘ ʧʽʜʩʫʤʢʦʚʫ 

ʝʬʝʢʪʠʚʥʽʩʪʴ, ʪʘʢ ʽ ʥʘ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. ʋ ʙʘʟʦʚʽʡ ʨʦʙʦʪʽ ʟ KAN [40] 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʩʧʣʘʡʥʠ. ɼʣʷ ʮʴʦʛʦ ʙʫʣʘ ʨʦʟʨʦʙʣʝʥʘ ʩʧʝʮʽʘʣʴʥʘ ʙʽʙʣʽʦʪʝʢʘ, ʷʢʘ, 

ʦʜʥʘʢ, ʧʦʛʘʥʦ ʽʥʪʝʛʨʫʻʪʴʩʷ ʟ ʪʘʢʠʤʠ ʧʦʧʫʣʷʨʥʠʤʠ ʬʨʝʡʤʚʦʨʢʘʤʠ, ʷʢ PyTorch ʪʘ 

Keras. ʇʽʜ ʯʘʩ ʧʨʘʢʪʠʯʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʟʨʫʯʥʽʰʝ 

ʢʦʨʠʩʪʫʚʘʪʠʩʷ ʜʝʷʢʠʤ ʨʷʜʦʤ ʬʫʥʢʮʽʡ ʽ ʥʘʚʯʘʪʠ ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ, ʟ ʷʢʠʤʠ ʚʦʥʠ 

ʧʽʜʩʫʤʦʚʫʶʪʴʩʷ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʧʦʪʨʽʙʥʦʛʦ ʚʠʛʣʷʜʫ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. 

ʋ ʨʦʙʦʪʽ [75] ʥʘ ʧʨʠʢʣʘʜʽ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʽʟ 

ʥʘʙʦʨʫ MNIST ʙʫʣʦ ʜʦʩʣʽʜʞʝʥʦ 18 ʨʷʜʽʚ ʬʫʥʢʮʽʡ ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ 

ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʇʦʨʽʚʥʶʚʘʣʘʩʷ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ MLP ʽ KAN. ʋʩʽ ʚʘʨʽʘʥʪʠ 

KAN ʧʦʢʘʟʘʣʠ ʩʚʦʶ ʧʨʘʮʝʟʜʘʪʥʽʩʪʴ, ʦʜʥʘʢ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʫʣʘ ʥʠʞʯʦʶ, ʥʽʞ 

ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ MLP. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʥʘʙʽʨ ʜʘʥʠʭ MNIST ʤʘʻ ʟʘʛʘʣʴʥʠʡ 

ʭʘʨʘʢʪʝʨ, ʪʦʤʫ ʞʦʜʝʥ ʽʟ ʨʷʜʽʚ ʬʫʥʢʮʽʡ, ʥʘʡʙʽʣʴʰ ʧʨʠʜʘʪʥʠʭ ʜʣʷ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ 

ʜʘʥʠʭ, ʥʝ ʟʘʙʝʟʧʝʯʠʚ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʋ [76] ʙʫʣʦ ʧʦʢʘʟʘʥʦ, ʱʦ 

ʦʜʥʠʤ ʽʟ ʥʘʡʢʨʘʱʠʭ ʚʘʨʽʘʥʪʽʚ ʟʘʤʽʥʠ ʩʧʣʘʡʥʽʚ ʻ ʙʘʟʠʩʥʽ ʨʘʜʽʘʣʴʥʽ ʬʫʥʢʮʽʾ (ʘʥʛʣ. 

Radial basis function, RBF), ʷʢʽ ʤʘʶʪʴ ʫʥʽʚʝʨʩʘʣʴʥʽ ʘʧʨʦʢʩʠʤʘʮʽʡʥʽ ʚʣʘʩʪʠʚʦʩʪʽ. ʋ 

[77] ʦʪʨʠʤʘʥʦ ʚʠʩʦʢʽ ʨʝʟʫʣʴʪʘʪʠ ʚ ʟʘʜʘʯʽ ʘʧʨʦʢʩʠʤʘʮʽʾ ʬʫʥʢʮʽʡ ʟʘ ʜʦʧʦʤʦʛʦʶ ʅʄ, 

ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ RBF. ʐʠʨʠʥʘ ʽ ʮʝʥʪʨʠ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ RBF ʚʠʟʥʘʯʘʣʠʩʷ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʜʦʜʘʪʢʦʚʦʛʦ ʘʣʛʦʨʠʪʤʫ ʢʣʘʩʪʝʨʠʟʘʮʽʾ. ʋ [78] ʧʦʢʨʘʱʝʥʥʷ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʅʄ ʟ RBF ʙʫʣʦ ʜʦʩʷʛʥʫʪʦ ʟʘʚʜʷʢʠ ʜʦʜʘʪʢʦʚʽʡ ʦʙʨʦʙʮʽ ʚʭʽʜʥʠʭ 

ʩʠʛʥʘʣʽʚ ʝʢʩʧʦʥʝʥʮʽʘʣʴʥʠʤʠ ʬʫʥʢʮʽʷʤʠ. ʋ [79] ʫ ʟʘʜʘʯʽ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʨʘʟʽʚ ʽʟ 

ʥʝʨʽʚʥʦʤʽʨʥʠʤ (ʥʝʛʘʫʩʽʚʩʴʢʠʤ) ʨʦʟʧʦʜʽʣʦʤ ʰʫʤʽʚ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʅʄ ʟ RBF ʪʘ 
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ʩʫʨʦʛʘʪʥʘ ʬʫʥʢʮʽʷ ʧʨʘʚʜʦʧʦʜʽʙʥʦʩʪʽ. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʘʣʠ 

ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʽ. ʋ ʨʦʙʦʪʽ [80] ʙʫʣʦ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʘʥʘʣʦʛ ʤʦʜʝʣʽ KAN, ʦʜʥʘʢ ʧʦʚʥʦʮʽʥʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʬʫʥʢʮʽʡ 

ʘʢʪʠʚʘʮʽʾ RBF ʥʝ ʧʨʦʚʦʜʠʣʦʩʷ. ɿʘʤʽʩʪʴ ʮʴʦʛʦ ʘʧʨʦʢʩʠʤʘʮʽʷ ʟʜʽʡʩʥʶʚʘʣʘʩʷ ʰʣʷʭʦʤ 

ʜʦʜʘʚʘʥʥʷ ʘʙʦ ʚʠʜʘʣʝʥʥʷ ʚʫʟʣʽʚ ʫ ʧʨʠʭʦʚʘʥʠʭ ʰʘʨʘʭ ʟʘʣʝʞʥʦ ʚʽʜ ʾʭʥʴʦʛʦ ʚʥʝʩʢʫ ʚ 

ʧʽʜʩʫʤʢʦʚʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʘʥʘʣʽʟ ʣʽʪʝʨʘʪʫʨʠ ʧʦʢʘʟʘʚ, ʱʦ ʧʨʦʩʪʘ ʟʘʤʽʥʘ MLP ʥʘ KAN 

ʟʘʙʝʟʧʝʯʫʻ ʧʦʢʨʘʱʝʥʥʷ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʣʠʰʝ ʫ ʩʧʝʮʽʘʣʴʥʠʭ ʚʠʧʘʜʢʘʭ, ʪʦʜʽ ʷʢ 

ʩʧʽʣʴʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʝʡ ʅʄ, ʱʦ ʧʦʻʜʥʫʶʪʴ ʥʝʡʨʦʥʠ ʪʘ ʰʘʨʠ KAN, ʜʦʟʚʦʣʷʻ 

ʧʽʜʚʠʱʠʪʠ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʽʟ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʟʘʛʘʣʴʥʦʛʦ 

ʪʠʧʫ. ʆʜʥʘʢ ʚʽʜʦʤʽ ʤʦʜʝʣʽ ʤʽʩʪʷʪʴ ʩʢʣʘʜʥʽ ʜʦʜʘʪʢʦʚʽ ʚʫʟʣʠ, ʱʦ ʫʩʢʣʘʜʥʶʻ ʾʭʥʶ 

ʧʨʘʢʪʠʯʥʫ ʨʝʘʣʽʟʘʮʽʶ. ɿ ʧʦʛʣʷʜʫ ʟʨʫʯʥʦʩʪʽ ʨʝʘʣʽʟʘʮʽʾ, ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʻ 

ʚʠʢʦʨʠʩʪʘʥʥʷ RBF ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʎʝ ʤʘʻ 

ʟʘʙʝʟʧʝʯʠʪʠ ʟʘʩʪʦʩʫʚʘʥʥʷ ʨʝʛʫʣʷʨʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ ʤʦʜʝʣʽ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʣʝʛʢʦ 

ʨʝʘʣʽʟʦʚʘʥʽ ʚ ʤʝʞʘʭ ʫʞʝ ʚʽʜʦʤʠʭ ʧʽʜʭʦʜʽʚ. ʂʨʽʤ ʮʴʦʛʦ, ʘʥʘʣʽʟ ʤʝʪʦʜʫ 

ʧʨʦʨʽʜʞʫʚʘʥʥʷ MLP, ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʚ [59] ʧʦʢʘʟʘʚ, ʱʦ ʢʦʤʙʽʥʫʚʘʥʥʷ MLP ʽ KAN 

ʻ ʙʽʣʴʰ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʟ ʪʦʯʢʠ ʟʦʨʫ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. 

 

1.5 ʇʦʩʪʘʥʦʚʢʘ ʟʘʚʜʘʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ 

 

ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʤʝʪʦʜʽʚ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʜʦʟʚʦʣʷʻ 

ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ ʧʨʦ ʦʙʤʝʞʝʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ ʽʩʥʫʶʯʠʭ ʧʽʜʭʦʜʽʚ ʽ ʥʘʷʚʥʽʩʪʴ 

ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʥʘʧʨʷʤʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʟʘʙʝʟʧʝʯʠʪʠ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʘ ʚʽʜʥʦʩʥʦ ʥʝʚʝʣʠʢʦʛʦ ʟʙʽʣʴʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʪʘ ʟ ʤʦʞʣʠʚʽʩʪʶ ʥʘʚʯʘʥʥʷ ʚ 

ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. 

ʗʢ ʙʘʟʦʚʘ ʤʦʜʝʣʴ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʥʘʡʚʠʱʽ ʧʽʜʩʫʤʢʦʚʽ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ, ʘ ʩʘʤʝ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʢʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, 

ʚʠʟʥʘʯʝʥʦ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. ʇʨʦʪʝ ʜʣʷ ʥʴʦʛʦ ̔ ʩʥʫʻ ʥʠʟʢʘ 

ʦʙʤʝʞʝʥʴ, ʧʦʜʦʣʘʥʥʷ ʷʢʠʭ ʚʠʤʘʛʘʻ ʨʦʟʨʦʙʣʝʥʥʷ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʪʘ ʤʝʪʦʜʽʚ.  
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ʅʘʡʩʫʪʪʻʚʽʰʠʤ ʦʙʤʝʞʝʥʥʷʤ ʻ ʚʠʤʦʛʘ, ʱʦʙ ʦʜʥʘʢʦʚʽ ʙʘʟʦʚʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ 

ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʟʘʙʝʟʧʝʯʫʚʘʣʠ ʩʪʨʫʢʪʫʨʦʚʘʥʫ ʦʙʨʦʙʢʫ, ʚʽʜʤʽʥʥʫ ʜʣʷ ʨʽʟʥʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. ʂʽʣʴʢʽʩʪʴ ʚʽʜʦʤʠʭ ʅʄ, ʷʢʽ ʟʘʜʦʚʦʣʴʥʷʶʪʴ ʮʶ ʚʠʤʦʛʫ ʪʘ ʤʘʶʪʴ 

ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʻ ʜʫʞʝ ʦʙʤʝʞʝʥʦʶ. 

ʆʜʥʠʤ ʽʟ ʢʨʠʪʠʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʪʘʢʠʭ ʩʠʩʪʝʤ ʻ ʜʦʩʪʫʧʥʘ ʦʙʯʠʩʣʶʚʘʣʴʥʘ 

ʧʦʪʫʞʥʽʩʪʴ, ʪʦʤʫ ʜʣʷ ʥʠʭ ʨʦʟʨʦʙʣʝʥʥʷ ʤʦʜʝʣʝʡ ʽʟ ʟʤʝʥʰʝʥʠʤ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ 

ʟʘ ʟʙʝʨʝʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʻ ʦʜʥʠʤ ʽʟ ʧʨʽʦʨʠʪʝʪʥʠʭ ʟʘʚʜʘʥʴ. 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʧʨʦʙʣʝʤʠ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʣʷʛʘʻ ʫ ʥʝʦʙʭʽʜʥʦʩʪʽ ʩʪʚʦʨʝʥʥʷ 

ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʦʙʨʘʞʝʥ ɹʽʟ ʧʽʜʚʠʱʝʥʠʤ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʇʨʠʢʣʘʜʦʤ ʧʨʘʢʪʠʯʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʘʢʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʤʦʞʝ ʙʫʪʠ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ 

ʢʦʤʧʣʝʢʩʘʭ, ʱʦ ʧʨʘʮʶʶʪʴ ʫ ʨʝʘʣʴʥʦʤʫ ʤʘʩʰʪʘʙʽ ʯʘʩʫ. ʆʜʥʠʤ ʽʟ ʧʨʠʢʣʘʜʽʚ ʪʘʢʠʭ 

ʩʠʩʪʝʤ ʻ ʜʨʦʥ, ʷʢʠʡ ʘʚʪʦʥʦʤʥʦ ʦʙʩʪʝʞʫʻ ʪʝʨʠʪʦʨʽʶ ʟ ʤʝʪʦʶ ʚʠʷʚʣʝʥʥʷ ʤʽʥ. 

ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ, ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ 

ʘʢʪʫʘʣʴʥʠʤ ʥʘʫʢʦʚʠʤ ʟʘʚʜʘʥʥʷʤ ʻ:  

ï ʨʦʟʚʠʪʦʢ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʽʚ, ʱʦ ʜʦʟʚʦʣʷʶʪʴ ʟʙʽʣʴʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ 

ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʽ ʩʪʝʢʽʥʛʦʤ ʜʣʷ 

ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʩʦʢʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ; 

ï ʨʦʟʚʠʪʦʢ ʥʦʚʠʭ ʤʝʪʦʜʽʚ ʽ ʤʦʜʝʣʝʡ ʜʣʷ ʦʙôʻʜʥʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʝʨʚʠʥʥʠʭ 

ʅʄ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ 

ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. 

 

ɺʠʩʥʦʚʢʠ ʜʦ ʨʦʟʜʽʣʫ 1 

 

1. ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʻ 

ʟʘʙʝʟʧʝʯʝʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʜʦʩʪʘʪʥʴʦʾ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʷʢʽ ʙ 

ʚʽʜʨʽʟʥʷʣʠʩʷ ʤʽʞ ʩʦʙʦʶ ʩʪʨʫʢʪʫʨʦʚʘʥʽʩʪʶ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʽ ʤʘʣʠ 

ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. 

2. ɹʫʣʦ ʧʨʦʚʝʜʝʥʦ ʘʥʘʣʽʟ ʚʽʜʦʤʠʭ ʅʄ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. ɺʠʢʦʥʘʥʦ 
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ʧʦʨʽʚʥʷʥʥʷ ʾʭʥʽʭ ʤʦʜʝʣʝʡ, ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ɺʠʷʚʣʝʥʦ, ʱʦ 

ʜʣʷ ʥʘʙʦʨʽʚ ʜʘʥʠʭ, ʧʦʜʽʙʥʠʭ ʜʦ MNIST, ʥʘʡʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʘʡʤʝʥʰʠʡ 

ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʟʘʙʝʟʧʝʯʫʻ CNN, ʘ ʜʣʷ ʥʘʙʦʨʽʚ ʜʘʥʠʭ, ʧʦʜʽʙʥʠʭ ʜʦ CIFAR-10, 

ʥʘʡʢʨʘʱʠʤ ʚʠʙʦʨʦʤ ʟʘ ʮʠʤʠ ʧʘʨʘʤʝʪʨʘʤʠ ʻ CCT.  

3. ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʧʽʜʭʦʜʽʚ, ʷʢʽ ʻ ʧʝʨʩʧʝʢʪʠʚʥʠʤʠ ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, 

ʜʦʟʚʦʣʠʚ ʚʠʜʽʣʠʪʠ ʜʚʘ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʠ ï ʚʠʢʦʨʠʩʪʘʥʥʷ ʅʄ ʪʠʧʫ KAN ʪʘ 

ʽʪʝʨʘʮʽʡʥʝ ʧʨʦʨʽʜʞʫʚʘʥʥʷ. ʇʨʦʩʪʘ ʟʘʤʽʥʘ MLP ʥʘ KAN ʫ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ, ʪʦʜʽ ʷʢ ʢʦʤʙʽʥʘʮʽʾ 

ʝʣʝʤʝʥʪʽʚ MLP ʽ KAN ʜʦʟʚʦʣʷʶʪʴ ʜʦʩʷʛʪʠ ʧʦʢʨʘʱʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ɸʥʘʣʽʟ 

ʣʽʪʝʨʘʪʫʨʠ ʧʦʢʘʟʘʚ, ʱʦ ʢʦʤʙʽʥʫʚʘʥʥʷ MLP ʽ KAN ʻ ʙʽʣʴʰ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʟ ʪʦʯʢʠ 

ʟʦʨʫ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʥʽʞ ʧʨʦʨʽʜʞʫʚʘʥʥʷ. 

4. ɸʥʘʣʽʟ ʩʧʦʩʦʙʽʚ ʧʨʘʢʪʠʯʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʰʘʨʽʚ KAN ʧʦʢʘʟʘʚ, ʱʦ 

ʥʘʡʧʝʨʩʧʝʢʪʠʚʥʽʰʠʤ ʧʽʜʭʦʜʦʤ ʻ ʘʧʨʦʢʩʠʤʘʮʽʷ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ 

ʨʷʜʘʤʠ ʬʫʥʢʮʽʡ. ʆʜʥʠʤ ʽʟ ʥʘʡʚʜʘʣʽʰʠʭ ʚʘʨʽʘʥʪʽʚ ʚʠʙʦʨʫ ʪʘʢʠʭ ʬʫʥʢʮʽʡ ʻ RBF. 

ʆʜʥʘʢ ʚʽʜʦʤʽ ʤʦʜʝʣʽ ʅʄ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ RBF, ʘʙʦ ʨʦʟʨʦʙʣʝʥʽ ʜʣʷ 

ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʟʘʩʪʦʩʫʚʘʥʴ, ʘʙʦ ʤʽʩʪʷʪʴ ʜʦʜʘʪʢʦʚʽ ʚʫʟʣʠ, ʷʢʽ ʫʩʢʣʘʜʥʶʶʪʴ 

ʧʨʘʢʪʠʯʥʫ ʨʝʘʣʽʟʘʮʽʶ. ʆʪʞʝ, ʥʝʦʙʭʽʜʥʦ ʨʦʟʨʦʙʠʪʠ ʪʘ ʜʦʩʣʽʜʠʪʠ ʩʧʝʮʽʘʣʴʥʽ ʤʦʜʝʣʽ 

ʅʄ, ʷʢʽ ʧʦʻʜʥʫʶʪʴ MLP ʽ KAN ʪʘ ʝʬʝʢʪʠʚʥʦ ʽʥʪʝʛʨʫʶʪʴ ʘʧʨʦʢʩʠʤʫʶʯʽ ʚʣʘʩʪʠʚʦʩʪʽ 

ʦʙʦʭ ʧʽʜʭʦʜʽʚ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ.ɹ 
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2 ʈʆɿʈʆɹʂɸ ʄʆɼɽʃɯ ʇɽʈʐʆɻʆ ʉʊʋʇɽʅʗ ɸʅʉɸʄɹʃɽɺʆɻʆ 

ʂʃɸʉʀʌɯʂɸʊʆʈɸ ɿɯ ʉʊɽʂɯʅɻʆʄ ʅɸ ʆʉʅʆɺɯ ʂʃʆʅɯɺ ʅɽʁʈʆʅʅʀʍ 

ʄɽʈɽɾ ʊɸ ʄɽʊʆɼʋ ɺʀɿʅɸʏɽʅʅʗ ɰɰ ʆɿʅɸʂ 

 

ʇʝʨʰʠʡ ʨʦʟʜʽʣ ʙʫʚ ʧʨʠʩʚʷʯʝʥʠʡ ʚʠʙʦʨʫ ʧʝʨʩʧʝʢʪʠʚʥʦʾ ʙʘʟʦʚʦʾ 

ʥʝʡʨʦʤʝʨʝʞʝʚʦʾ ʤʦʜʝʣʽ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ ʪʘ ʚʠʟʥʘʯʝʥʥʶ ʥʘʧʨʷʤʽʚ 

ʜʦʩʣʽʜʞʝʥʥ ̫ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ. 

ɼʨʫʛʠʡ ʨʦʟʜʽʣ ʩʧʨʷʤʦʚʘʥʠʡ ʥʘ ʨʦʟʨʦʙʢʫ ʥʦʚʠʭ ʨʽʰʝʥʴ ʱʦʜʦ ʟʙʽʣʴʰʝʥʥʷ 

ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ. ʅʝʦʙʭʽʜʥʽʩʪʴ ʮʴʦʛʦ ʟʫʤʦʚʣʝʥʘ ʪʠʤ, ʱʦ ʨʝʟʫʣʴʪʫʶʯʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʽʩʪʦʪʥʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʪʘ ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ. ʆʜʥʘʢ ʢʽʣʴʢʽʩʪʴ ʚʽʜʦʤʠʭ ʅʄ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ 

ʝʬʝʢʪʠʚʥʦ ʚʠʢʦʨʠʩʪʘʥʽ ʥʘ ʮʴʦʤʫ ʩʪʫʧʝʥʽ, ʻ ʦʙʤʝʞʝʥʦʶ.  

ʇʨʦʧʦʥʫʻʪʴʩʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʦʙʣʝʤʠ ʟʘ ʨʘʭʫʥʦʢ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʽʚ ʅʄ. ɺ 

ʜʘʥʦʤʫ ʨʦʟʜʽʣʽ ʚʠʨʽʰʫʪʁʴʩʷ ʪʘʢ ̔ ʟʘʚʜʘʥʥʷ: 

ï ʨʦʟʨʦʙʢʘ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʥʦʚʦʾ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʅʄ; 

ï ʨʦʟʨʦʙʢʘ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʤʝʪʦʜʫ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ 

ʦʟʥʘʢ  ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ 

ʢʣʦʥʽʚ ʅʄ, ʦʪʨʠʤʘʥʠʭ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ  ʪʘ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ 

ʟʦʙʨʘʞʝʥʴ. 

ʇʨʝʜʩʪʘʚʣʝʥʽ ʚ ʮʴʦʤʫ ʨʦʟʜʽʣʽ ʨʝʟʫʣʴʪʘʪʠ ʙʘʟʫʶʪʴʩʷ ʥʘ ʧʨʘʮʷʭ [1], [2]. 

 

 2.1 ʄʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥ̔ʚ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

 

 ɸʥʘʣʽʟ ʣʽʪʝʨʘʪʫʨʠ ʧʦʢʘʟʘʚ, ʱʦ ʦʜʥʽʻʶ ʟ ʦʩʥʦʚʥʠʭ ʧʨʦʙʣʝʤ ʘʥʩʘʤʙʣʝʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʻ ʥʝʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʚʽʜʦʤʠʭ ʅʄ, ʷʢʽ ʚʦʣʦʜʽʶʪʴ ʚʠʩʦʢʠʤ 

ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʱʦ 
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ʧʽʜʭʦʜʷʪʴ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ [25].  

ɼʦʜʘʪʢʦʚʦʶ ʚʠʤʦʛʦʶ ʜʦ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʻ 

ʩʪʨʫʢʪʫʨʦʚʘʥʽʩʪʴ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʷʢʘ ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʦʜʥʦʨʽʜʥʦʾ 

ʟʘʙʝʟʧʝʯʫʻ ʪʝ, ʱʦ ʨʽʟʥʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʧʦʤʠʣʷʶʪʴʩʷ ʥʘ ʨʽʟʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ. ʋ ʪʦʡ 

ʞʝ ʯʘʩ, ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʚ 

ʧʝʨʰʫ ʯʝʨʛʫ ʧʦʚ'ʷʟʘʥʝ ʟ ʧʽʜʚʠʱʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ 

ʩʪʫʧʝʥʽ. 

ɼʣʷ ʚʠʨʽʰʝʥʥʷ ʮʽʻʾ ʧʨʦʙʣʝʤʠ ʧʨʦʧʦʥʫʻʪʴʩʷ ʥʦʚʘ ʤʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʷʢʘ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ ʙʘʟʦʚʦʾ ʤʦʜʝʣʽ (ʜʠʚ. ʨʠʩ. 1.1) 

ʜʦʜʘʚʘʥʥʷʤ ʢʣʦʥʽʚ ʧʝʨʚʠʥʥʠʭ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʠʡ ʩʪʫʧʽʥʴ 

ʘʥʩʘʤʙʣʶ (ʨʠʩ. 2.1). 

 

 

ʈʠʩʫʥʦʢ 2.1 ï ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ 

ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʅʄ 
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ʉʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʤʠ ʦʟʥʘʢʘʤʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ 

ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ :̒ 

- ʤʥʦʞʠʥʘ ʪʠʧ̔ʚ ʚʠʙʨʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟ ʾʭʥʽʤʠ ʚʣʘʩʥʠʤʠ 

ʧʘʨʘʤʝʪʨʘʤʠ ï ἐɡ; 

- ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ (ʙʘʟʦʚʠʭ ʽ ʢʣʦʥʽʚ) ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ï 

ὔ ὓ ὒ;  

- ʤʥʦʞʠʥʘ ʪʠʧ̔ʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʱʦ ʚʭʦʜʷʪʴ ʜʦ ʩʢʣʘʜʫ ʢʣʦʥʽʚ ï

ἐ ɡ; 

- ʤʥʦʞʠʥʘ ʪʠʧ̔ʚ ̔  ʧʘʨʘʤʝʪʨʠ ʦʧʝʨʘʪʦʨʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ, ʱʦ ʚʭʦʜʷʪʴ ʜʦ ʩʢʣʘʜʫ 

ʢʣʦʥʽʚ ï Ἕ ήȟήȟȣȟή . 

ʅʘʙʽʨ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʤʦʜʝʣʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʤʦʞʥʘ ʧʨʝʜʩʪʘʚʠʪʠ ʫ ʚʠʛʣʷʜʽ 

ʢʦʨʪʝʞʫ: 

 

ὠ ἐɡȟὔȟ ἐ ɡȟἝ .                                          (2.1) 

 

ʅʘʡʢʨʘʱʠʡ ʥʘʙʽʨ ʦʟʥʘʢ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʧʽʜʙʠʨʘʻʪʴʩʷ ʧʽʜ ʦʩʦʙʣʠʚʦʩʪʽ 

ʦʙʨʦʙʣʶʚʘʥʠʭ ʟʦʙʨʘʞʝʥʴ ʽ ʦʙ'ʻʢʪʽʚ ʥʘ ʥʠʭ, ʚ ʨʘʤʢʘʭ ʥʘʷʚʥʠʭ ʦʙʤʝʞʝʥʴ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʾ ʧʦʪʫʞʥʦʩʪʽ ʦʙʣʘʜʥʘʥʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. ɼʣʷ 

ʚʠʟʥʘʯʝʥʥʷ ʦʟʥʘʢ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʦʪʨʽʙʥʦ 

ʨʦʟʨʦʙʠʪʠ ʚʽʜʧʦʚʽʜʥʠʡ ʤʝʪʦʜ. 

ʅʘ ʨʠʩ. 2.1 ʧʨʝʜʩʪʘʚʣʝʥʦ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʫ ʷʢʦʤʫ 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ὓ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ ὒ ʢʣʦʥʽʚ. ʅʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʥʦʨʤʘʣʽʟʘʪʦʨ ʚʠʭʽʜʥʠʭ ʚʝʢʪʦʨʽʚ ʽ ʙʘʛʘʪʦʰʘʨʦʚʠʡ 

ʧʝʨʮʝʧʪʨʦʥ, ʷʢʠʡ ʬʦʨʤʫʻ ʧʽʜʩʫʤʢʦʚʝ ʨʽʰʝʥʥʷ ʘʥʩʘʤʙʣʶ. 

ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʙʘʟʦʚʦʾ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ (ʜʠʚ. 

ʧ̔ ʜʨʦʟʜʽʣ 1.2) ʚ ʟʘʧʨʦʧʦʥʦʚʘʥʽʡ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʝʨʠhʡ  

ʩʪʫʧʥ̔ɹ  ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʤʥʦʞʠʥʦʶ ʟ ʄ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʽ L ʢʣʦʥʽʚ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ὪȟὪȟȢȢȢȟὪȟ    Ὢ ȟὪ ȟȣȟὪ .  
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ʂʣʦʥ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʠʤ, ʱʦ ʜʦ ʡʦʛʦ ʩʢʣʘʜʫ 

ʚʭʦʜʠʪʴ, ʦʢʨʽʤ ʩʘʤʦʛʦ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʽ ʦʧʝʨʘʪʦʨ ʧʝʨʝʪʚʦʨʝʥʥʷ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ή ὼȟ̅  ̆Ὦ ρȣὒ. ʅʘʷʚʥʽʩʪʴ ʫ ʩʢʣʘʜʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʢʣʦʥʘ ʤʦʜʝʣʽ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʤʘʻ ʟʘʙʝʟʧʝʯʫʚʘʪʠ 

ʩʪʨʫʢʪʫʨʦʚʘʥʽʩʪʴ ʦʙʨʦʙʢʠ ʪʘ ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʽ 

ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ.  

ɿʘʚʜʘʥʥʷʤ ʦʧʝʨʘʪʦʨʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ή ὼ ʻ ʟʤʽʥʘ 

ʤʥʦʞʠʥʠ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʨʦʙʠʪʴ ʧʦʤʠʣʢʠ ʢʣʦʥ, ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ ʢʣʦʥʠ ʽ 

ʙʘʟʦʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʥʘʯʥʦʶ ʤʽʨʦʶ ʨʦʙʠʣʠ ʧʦʤʠʣʢʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʨʽʟʥʠʭ 

ʟʦʙʨʘʞʝʥʥʷʭ. ɼʦʜʘʪʢʦʚʦʶ ʚʠʤʦʛʦʶ ʜʦ ʦʧʝʨʘʪʦʨʘ ʧʝʨʝʪʚʦʨʝʥʥʷ ʻ ʥʝʚʝʣʠʢʠʡ ʦʙʩʷʛ 

ʦʙʯʠʩʣʝʥʴ, ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ ʜʣʷ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ʂʦʞʥʘ ʟ M ʨʽʟʥʠʭ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʜʣʷ ʢʦʞʥʦʛʦ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ὼɴ

ὢ ʚʠʜʘʻ ʚʝʢʪʦʨ ʽʤʦʚʽʨʥʦʩʪʝʡ ʨʦʟʧʦʜʽʣʫ ʟʘ ὑ ʢʣʘʩʘʤʠ, ʪʦʙʪʦ ʚʝʢʪʦʨ ʽʤʦʚʽʨʥʦʩʪʽ 

ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ὼ ʦʜʥʦʤʫ ʟ ὑ ʢʣʘʩʽʚ (ʜʠʚ. (1.1)). 

ʂʦʞʝʥ ʟ L ʢʣʦʥʽʚ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʜʣʷ ʢʦʞʥʦʛʦ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ὼɴ

ὢ ʪʘʢʦʞ ʚʠʜʘʻ ʚʝʢʪʦʨ ʽʤʦʚʽʨʥʦʩʪʝʡ ʨʦʟʧʦʜʽʣʫ ʟʘ ὑ ʢʣʘʩʘʤʠ, ʪʦʙʪʦ ʚʝʢʪʦʨ 

ʽʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ὼ ʦʜʥʦʤʫ ʟ ὑ ʢʣʘʩʽʚ 

 

ὖ ὪὼȠʃ ὴȟὴȟȣȟὴ ,                              (2.2) 

 

ʜʝ ὴ ᶰπȟρ ʽ В ὴ ρ, ὰ ρȟȣȟὒ; 

ʃ ï ʚʝʢʪʦʨ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ l-ʦʛʦ ʢʣʦʥʘ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ. 

ʈʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ ʚʩʽʭ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ ʽ ʢʣʦʥʽʚ ʅʄ ʧʝʨʰʦʛʦ ʨʽʚʥʷ 

ʦʙ'ʻʜʥʫʶʪʴʩʷ ʫ ʚʝʢʪʦʨ ʤʝʪʘ-ʦʟʥʘʢ (ʢʦʥʢʘʪʝʥʘʮʽʷ ʚʝʢʪʦʨʽʚ ʽʤʦʚʽʨʥʦʩʪʝʡ): 

 

Ἔ ὧέὲὧὥὸὖȟὖȟȣȟὖȟὖ ȟὖ ȟȣȟὖ ᶰὙ ,                   (2.3) 

 

ʜʝ       ὖ,é, ὖ  ɀ ʚʠʭʽʜʥʽ ʚʝʢʪʦʨʠ M ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ; 

ὖ  ,é, ὖ  ɀ ʚʠʭʽʜʥʽ ʚʝʢʪʦʨʠ L ʢʣʦʥʽʚ ʅʄ; 
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C=N×K; 

ὔ ὓ ὒ ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ὼ ʪʨʘʥʩʬʦʨʤʫʻʪʴʩʷ ʫ ʚʝʢʪʦʨ Ἔ, ʷʢʠʡ ʤʽʩʪʠʪʴ 

ʦʮʽʥʢʠ ʢʦʞʥʦʾ ʅʄ ʽ ʢʦʞʥʦʛʦ ʢʣʦʥʫ ʅʄ ʧʨʦ ʡʤʦʚʽʨʥʩ̔ʪɹ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥʷ ʜʦ 

ʢʦʞʥʦʛʦ ʟ ὑ ʢʣʘʩʽʚ.  

ʅʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʮʽ ʜʘʥʽ ʥʦʨʤʘʣʽʟʫʶʪʴʩʷ ʽ ʧʦʜʘʶʪʴʩʷ ʥʘ ʚʭʽʜ ʜʦ MLP. 

ʅʦʨʤʘʣʽʟʘʮʽʷ ʚʠʢʦʥʫʻʪʴʩʷ ʜʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʦʢʨʝʤʦ: 

 

ὥὼ άὥὼὴ ὼ ,                                                (2.4) 

ὴ ὼ ὴ ὼȾὥὼ,                                                (2.5) 

 

ʜʝ  Ὥ ï ʥʦʤʝʨ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, Ὥ ρȟςȟȣȟὔȟὔ ὓ ὒ. 

MLP ʩʢʣʘʜʘʻʪʴʩʷ ʟ 3 ʰʘʨʽʚ [21]: 

ï ʚʭʽʜʥʠʡ ʰʘʨ, ʨʦʟʤʽʨʥʦʩʪʽ (M+L)ȚK; 

ï ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ, ʨʦʟʤʽʨʥʦʩʪʽ (M+L-1)ȚK, ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ Relu; 

ï ʚʠʭʽʜʥʠʡ ʰʘʨ, ʨʦʟʤʽʨʥʦʩʪʽ K, ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ softmax. 

ʂʣʘʩ ʧʦʪʦʯʥʦʛʦ ʟʦʙʨʘʞʝʥʥ ̫ὼ ʚʠʟʥʘʯʘʻʪʴʩʷ ʟʘ ʽʥʜʝʢʩʦʤ ʚʠʭʦʜʫ MLP ʟ 

ʤʘʢʩʠʤʘʣʴʥʠʤ ʟʥʘʯʝʥʥʷʤ: 

 

ὧὰὥίίὼ ὥὶὫάὥὼώὼ ,                                  (2.6) 

 

ʜʝ ώὼ ï ʤ̔ʪʢʠ  ʢʣʘʩʽʚ ʥʘ ʚʠʭʦʜʽ MLP ʜʣʷ ʟʦʙʨʘʞʝʥʥ ̫ὼ ʥʘ ʚʭʦʜʽ. 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʚ ʷʢʦʩʪʽ ʦʧʝʨʘʪʦʨʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ ï ʦʧʝʨʘʪʦʨ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʴ (T) ʪʘ ʦʧʝʨʘʪʦʨ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ (S) ʚʠʧʘʜʢʦʚʠʭ ʥʘʙʦʨʽʚ ʨʷʜʢʽʚ ʘʙʦ 

ʩʪʦʚʧʮʽʚ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ. ʇʨʠ ʮʴʦʤʫ ʢʫʪ ʧʦʚʦʨʦʪʫ ʘʙʦ ʥʘʙʽʨ ʨʷʜʢʽʚ/ʩʪʦʚʧʮʽʚ 

ʜʣʷ ʟʩʫʚʫ ʜʣʷ ʢʦʞʥʦʛʦ ʟ ʢʣʦʥʽʚ ʻ ʧʦʩʪʽʡʥʠʤ ʽ ʥʝ ʟʤʽʥʶʻʪʴʩʷ ʧʨʠ ʥʘʚʯʘʥʥʽ ʪʘ ʧʨʠ 

ʦʙʨʦʙʮʽ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. ɺʠʟʥʘʯʝʥʥʷ ʦʟʥʘʢ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ 
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ʟʽ ʩʪʝʢʽʥʛʦʤ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʙʨʘʥʠʭ ʦʧʝʨʘʪʦʨʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ ʧʦʪʨʝʙʫʻ 

ʜʦʜʘʪʢʦʚʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʟ ʤʝʪʦʶ ʬʦʨʤʘʣʽʟʘʮʽʾ ʮʴʦʛʦ ʧʨʦʮʝʩʫ.  

 

2.2 ɺʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʘ ʧʦʚʦʨʦʪʫ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʽʚ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

 

ʂʦʤʧôʶʪʝʨʥʽ  ʝʢʩʧʝʨʠʤʝʥʪʠ, ʱʦ ʦʧʠʩʘʥʽ ʚ ʮʴʦʤʫ ʨʦʟʜʽʣʽ, ʧʨʦʚʦʜʠʣʠʩʷ ʥʘ 

ʥʘʙʦʨʽ ʜʘʥʠʭ CIFAR-10 [39]. ʇʦʚʦʨʦʪ ʟʦʙʨʘʞʝʥʴ ʟʜʽʡʩʥʶʚʘʚʩʷ ʚʽʜʥʦʩʥʦ ʮʝʥʪʨʫ 

ʟʦʙʨʘʞʝʥʥʷ. ʇʝʨʝʨʘʭʫʥʦʢ ʟʥʘʯʝʥʴ ʧʽʢʩʝʣʽʚ ʫ ʧʦʚʝʨʥʫʪʦʤʫ ʟʦʙʨʘʞʝʥʥʽ ʧʨʦʚʦʜʠʚʩʷ 

ʣʠʰʝ ʚ ʤʝʞʘʭ ʢʦʣʘ ʨʘʜʽʫʩʦʤ 15,5 ʧʽʢʩʝʣʽʚ, ʮʝʥʪʨ ʷʢʦʛʦ ʟʙʽʛʘʻʪʴʩʷ ʟ ʮʝʥʪʨʦʤ 

ʟʦʙʨʘʞʝʥʥʷ (ʷʢʱʦ ʧʨʠʡʥʷʪʠ ʚʽʜʩʪʘʥʴ ʤʽʞ ʧʽʢʩʝʣʷʤʠ ʟʘ ʦʜʠʥʠʮʶ). ʇʽʢʩʝʣʽ, 

ʨʦʟʪʘʰʦʚʘʥʽ ʧʦʟʘ ʤʝʞʘʤʠ ʮʴʦʛʦ ʢʦʣʘ (ʥʘʧʨʠʢʣʘʜ, ʫ ʢʫʪʘʭ ʟʦʙʨʘʞʝʥʥʷ), ʟʘʣʠʰʘʣʠʩʷ 

ʙʝʟ ʟʤʽʥ. 

ʅʘ ʨʠʩ. 2.3 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜʠ ʧʦʚʝʨʥʫʪʠʭ ʟʦʙʨʘʞʝʥʴ ʟ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-

10 [39], ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʧʨʠ ʧʦʙʫʜʦʚʽ ʪʘ ʥʘʚʯʘʥʥʽ ʢʣʦʥʽʚ ʅʄ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

 

 
                                 ʘ                                   ʙ                                    ʚ 

ʈʠʩʫʥʦʢ 2.3 ï ɿʦʙʨʘʞʝʥʥʷ ʘʚʪʦʤʦʙʽʣʷ ʟ ʥʘʙʦʨʫ CIFAR-10:  

ʘ ï ʙʝʟ ʧʦʚʦʨʦʪʫ; ʙ ï ʧʦʚʦʨʦʪ ʥʘ +3Á; ʚ ï ʧʦʚʦʨʦʪ ʥʘ ï10° 

 

ʇʨʦʛʨʘʤʠ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʥ̔ʷ ʨʝʘʣʽʟʦʚʘʥʽ ʤʦʚʦʶ 

ʧʨʦʛʨʘʤʫʚʘʥʥʷ Python ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽʦʪʝʢ NumPy, TensorFlow, Keras ʪʘ 
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Addons ʽ ʟʘʧʦʟʠʯʝʥʽ ʟ [82]. ʅʘʚʯʘʥʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʧʨʦʚʦʜʠʣʦʩʷ 

ʧʨʦʪʷʛʦʤ 50 ʝʧʦʭ. 

ʅʘʚʯʘʥʥʷ MLP ʟʜʽʡʩʥʶʚʘʣʦʩʷ ʧʨʦʪʷʛʦʤ 4 ʝʧʦʭ. ʇʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ MLP 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʥʝ ʧʝʨʝʥʘʚʯʘʣʠʩʷ ï ʚʦʥʠ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠ 

ʬʽʢʩʦʚʘʥʽ ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ, ʦʪʨʠʤʘʥʽ ʥʘ ʝʪʘʧʽ ʧʦʧʝʨʝʜʥʴʦʛʦ ʥʘʚʯʘʥʥʷ. ɼʣʷ ʢʦʞʥʦʾ 

ʢʦʥʬʽʛʫʨʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʥʘʚʯʘʥʥʷ MLP ʧʦʚʪʦʨʶʚʘʣʦʩʷ 100 ʨʘʟʽʚ, 

ʧʨʠ ʮʴʦʤʫ ʧʦʯʘʪʢʦʚʽ ʫʤʦʚʠ ʽʥʽʮʽʘʣʽʟʫʚʘʣʠʩʷ ʚʠʧʘʜʢʦʚʠʤ ʯʠʥʦʤ ʟʘ ʤʝʪʦʜʦʤ 

ʽʥʽʮʽʘʣʽʟʘʮʽʾ ʍʘʚôʻʨʘ [83]. ʗʢ ʢʽʥʮʝʚʠʡ ʨʝʟʫʣʴʪʘʪ ʜʣʷ ʢʦʞʥʦʾ ʢʦʥʬʽʛʫʨʘʮʽʾ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʦʩʷ ʤʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʅʘʚʯʘʥʥʷ ʚʩʽʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʚʠʢʦʥʫʚʘʣʦʩʷ ʥʘ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ ʥʘʙʦʨʫ 

CIFAR-10. ʇʽʜʩʫʤʢʦʚʘ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʦʮʽʥʶʚʘʣʘʩʴ ʥʘ ʪʝʩʪʦʚʽʡ 

ʚʠʙʦʨʮʽ ʟʘ ʤʝʪʨʠʢʦʶ Accuracy. ʋʩʽ ʦʙʯʠʩʣʝʥʥʷ ʧʨʦʚʦʜʠʣʠʩʷ ʥʘ ʭʤʘʨʥʽʡ ʧʣʘʪʬʦʨʤʽ 

Google Colab [84]. 

 

2.2.1 ɼʦʩʣʽʜʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʥʘ ʧʨʠʢʣʘʜʽ MLP-Mixer  

 

ɺʠʭʦʜʷʯʠ ʟ ʪʦʛʦ, ʱʦ ʦʜʥʽʻʁ ʽʟ ʦʩʥʦʚʥʠʭ ʚʠʤʦʛ ʜʦ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʻ ʟʜʽʡʩʥʝʥʥʷ ʧʦʤʠʣʦʢ ʥʘ ʽʥʰʠʭ ʟʦʙʨʘʞʝʥʥʷʭ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʨʝʰʪʠ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʮʴʦʛʦ ʞ ʩʪʫʧʝʥʷ, ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʦʧʦʥʦʚʘʥʠʭ ʩʧʦʩʦʙʽʚ ʩʪʚʦʨʝʥʥʷ 

ʢʣʦʥʽʚ ʦʮʽʥʶʚʘʣʘʩʴ ʟʘ ʩʪʫʧʝʥʝʤ ʚʽʜʤʽʥʥʦʩʪʽ ʧʽʜʤʥʦʞʠʥʠ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʨʦʙʠʪʴ 

ʧʦʤʠʣʢʠ ʢʣʦʥ, ʽ ʪʘʢʠʭ ʩʘʤʠʭ ʧʽʜʤʥʦʞʠʥ ʜʣʷ ʽʥʰʠʭ ʢʣʦʥʽʚ ʽ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ.  

ɼʣʷ ʦʮʽʥʶʚʘʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʩʧʦʩʦʙʫ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʽʚ ʟʘʩʪʦʩʦʚʘʥʦ ʪʘʢʫ 

ʤʝʪʦʜʠʢʫ: 

- ʧʦʨʽʚʥʷʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ, ʱʦ ʟʙʽʛʘʶʪʴʩʷ ʤʽʞ ʫʩʽʤʘ ʢʣʦʥʘʤʠ ʽ 

ʙʘʟʦʚʠʤʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘʤʠ, ʚʽʜ ʷʢʠʭ ʚʦʥʠ ʩʪʚʦʨʝʥʽ; 

- ʚʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʫ ʛʨʫʧʠ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʦʜʥʦʛʦ ʙʘʟʦʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ, ʧʨʠ ʷʢʽʡ ʥʝʤʘʻ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʨʦʙʠʣʠ ʙ ʧʦʤʠʣʢʫ 

ʦʜʥʦʯʘʩʥʦ ʚʩʽ ʝʣʝʤʝʥʪʠ ʛʨʫʧʠ; 
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- ʧʦʨʽʚʥʷʥʥʷ ʨʝʟʫʣʴʪʫʶʯʦʾ ʪʦʯʥʦʩʪʽ (Accuracy) ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, 

ʱʦ ʤʘʻ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʣʠʰʝ ʙʘʟʦʚʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʟ ʨʝʟʫʣʴʪʫʶʯʦʶ ʪʦʯʥʽʩʪʶ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʜʝ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʜʦʜʘʪʢʦʚʦ ʜʦ ʙʘʟʦʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʜʦʜʘʥʦ ʢʣʦʥʠ. 

ʋ ʪʘʙʣ. 2.2 ʪʘ 2.3 ʥʘʚʝʜʝʥʦ ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʥʘ ʚʠʭʦʜʽ MLP-Mixer ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ ʟʦʙʨʘʞʝʥʴ ʽʟ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ ʙʝʟ ʧʦʚʦʨʦʪʫ ʪʘ ʟ ʨʽʟʥʠʤʠ ʢʫʪʘʤʠ 

ʧʦʚʦʨʦʪʫ (ʢʫʪ ʧʦʚʦʨʦʪʫ ʚʢʘʟʘʥʦ ʚ ʛʨʘʜʫʩʘʭ).  

 

ʊʘʙʣʠʮʷ 2.2 ï ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʥʷ (+ʢʫʪ)  ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʫ 

MLP-Mixer ʂʫʪ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʥʷ 

0° T(+3°) T(+5°) T(+10°) T(+15°) T(+20°) T(+25°) T(+30°) 

0° 8314 5103 5419 5734 4374 6261 6217 6395 

T(+3°) 5103 10427 6722 6778 4915 7659 7792 8133 

T(+5°) 5419 6722 11805 8043 5254 8984 9045 9297 

T(+10°) 5734 6778 8043 14090 5386 11148 11171 11286 

T(+15°) 4374 4915 5254 5386 7649 5844 5764 6012 

T(+20°) 6261 7659 8984 11148 5844 22825 18685 18852 

T(+25°) 6217 7792 9045 11171 5764 18685 26481 22425 

T(+30°) 6395 8133 9297 11286 6012 18852 22425 29209 

 

ʄʝʨʝʞʘ MLP-Mixer ʫ ʧʨʦʚʝʜʝʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʘʭ ʤʽʩʪʠʣʘ ʯʦʪʠʨʠ ʙʘʟʦʚʽ 

ʰʘʨʠ. ʇʦʨʽʚʥʷʥʥʶ ʧʽʜʣʷʛʘʣʠ: 

ï ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʤʽʞ ʢʣʦʥʘʤʠ ʪʘ ʙʘʟʦʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ; 

ï ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʱʦ ʟʜʽʡʩʥʶʶʪʴʩʷ ʛʨʫʧʦʶ ʢʣʦʥʽʚ. 

ɺ ʪʘʙʣ. 2.4 ʥʘʚʝʜʝʥʦ ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʷʢʽ ʦʜʥʦʯʘʩʥʦ ʧʨʠʩʫʪʥʽ ʚ ʫʩʽʭ 

ʚʘʨʽʘʥʪʘʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʟʘʣʝʞʥʦ ʚʽʜ ʥʘʙʦʨʫ ʚʘʨʽʘʥʪʽʚ ʢʣʦʥʽʚ ʽʟ ʨʽʟʥʠʤʠ ʢʫʪʘʤʠ 

ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ ʥʘ ʚʭʦʜʽ. 
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ʊʘʙʣʠʮʷ 2.3 ï ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʥʷ (ï ʢʫʪ)  ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʫ 

MLP-

Mixer 

ʂʫʪ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʥʷ 

0° T(ï3°) T(ï5°) T(ï10°) T(ï15°) T(ï20°) T(ï25°) T(ï30°) 

0° 8314 4814 4517 5733 5091 5139 5122 5040 

T(ï3°) 4814 8387 4813 5964 5295 5380 5405 5395 

T(ï5°) 4517 4813 7943 5546 4969 5026 5117 5099 

T(ï10°) 5733 5964 5546 13919 6817 7108 7243 7226 

T(ï15°) 5091 5295 4969 6817 9685 6375 6289 6255 

T(ï20°) 5139 5380 5026 7108 6375 10439 6819 6776 

T(ï25°) 5122 5405 5117 7243 6289 6819 11010 7152 

T(ï30°) 5080 5395 5099 7226 6255 6776 7152 11578 

 

ʊʘʙʣʠʮʷ 2.4 ï ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʥʷ (ʢʦʤʙʽʥʘʮʽʷ ʢʫʪʽʚ)  ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʫ 

MLP-Mixer + ʢʣʦʥʠ MLP-Mixer (CL), ʱʦ ʥʘʚʯʝʥʽ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʟ ʨʽʟʥʠʤ 

ʢʫʪʦʤ ʧʦʚʦʨʦʪʫ 

ʂʽʣʴʢʽʩʪʴ 

ʟʙʽʛʽʚ 

ʧʦʤʠʣʦʢ 

MLP-Mixer 8314 

MLP-Mixer, CL(ï3°) 4814 

MLP-Mixer, CL(ï3°), CL( +3°) 981 

MLP-Mixer, CL(ï3°), CL( +3°), CL( ï5°) 146 

MLP-Mixer, CL(ï3°), CL( +3°), CL( ï5°), CL( +5°) 29 

MLP-Mixer, CL(ï3°), CL( +3°), CL( ï5°), CL( +5°), CL(ï10°) 2 

MLP-Mixer, CL(ï3°), CL(+3°), CL(5°), CL(+5°), CL(ï10°), (+10°) 1 

MLP-Mixer, CL(ï3°), CL(+3°), CL(ï5°), CL(+5°), CL(ï10°), CL(+10°), CL(ï15 °) 0 

 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʘʥʘʣʽʟʫ ʜʘʥʠʭ, ʥʘʚʝʜʝʥʠʭ ʫ ʪʘʙʣ. 2.2 ï 2.4 ʚʩʪʘʥʦʚʣʝʥʦ, ʱʦ 

ʧʦʚʦʨʦʪ ʟʦʙʨʘʞʝʥʴ, ʷʢʽ ʧʦʜʘʶʪʴʩʷ ʥʘ ʚʭʽʜ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟ ʚʠʨʘʞʝʥʦ 

ʩʪʨʫʢʪʫʨʦʚʘʥʦʶ ʦʙʨʦʙʢʦʶ, ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʩʫʪʪʻʚʠʭ ʚʽʜʤʽʥʥʦʩʪʝʡ ʫ ʧʦʤʠʣʢʘʭ. 
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ʅʘʧʨʠʢʣʘʜ, ʤʽʞ MLP-Mixer ʪʘ ʡʦʛʦ ʢʣʦʥʘʤʠ ʚʽʜ 47 % ʜʦ 23 % ʧʦʤʠʣʦʢ ʥʝ 

ʟʙʽʛʘʶʪʴʩʷ. 

ʊʘʢʦʞ ʽʟ ʪʘʙʣ. 2.4 ʚʠʜʥʦ, ʱʦ ʚʞʝ ʚ ʛʨʫʧʽ ʟ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ 7 ʢʣʦʥʽʚ 

ʥʝʤʘʻ ʞʦʜʥʦʾ ʧʦʤʠʣʢʠ, ʷʢʫ ʙ ʦʜʥʦʯʘʩʥʦ ʟʜʽʡʩʥʶʚʘʣʠ ʚʩʽ ʅʄ ʮʽʻʾ ʛʨʫʧʠ. ʉʣʽʜ ʪʘʢʦʞ 

ʚʽʜʟʥʘʯʠʪʠ ʟʥʘʯʥʠʡ ʨʦʟʢʠʜ ʢʽʣʴʢʦʩʪʽ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʜʣʷ 

ʢʦʥʢʨʝʪʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʤʦʞʥʘ ʧʽʜʽʙʨʘʪʠ ʢʦʤʙʽʥʘʮʽʶ ʢʣʦʥʽʚ, ʷʢʽ ʨʦʙʣʷʪʴ ʤʝʥʰʫ 

ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʪʦʙʪʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʱʫ ʨʽʟʥʦʤʘʥʽʪʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ ʽ, 

ʚʽʜʧʦʚʽʜʥʦ, ʢʨʘʱʝ ʧʦʪʝʥʮʽʡʥʝ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

 

2.2.2 ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʧʨʠ ʥʘʨʦʱʫʚʘʥʥʽ ʤʦʜʝʣʽ 

MLP -Mixer çʚ ʛʣʠʙʠʥʫè ʪʘ çʚ ʰʠʨʠʥʫè 

 

ʊʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʟʘʣʝʞʠʪʴ ʷʢ 

ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ, ʪʘʢ ʽ ʚʽʜ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʢʦʞʥʦʛʦ ʟ ʥʠʭ. ʊʦʤʫ ʙʫʣʦ ʧʦʨʽʚʥʷʥʦ ʝʬʝʢʪ ʷʢ ʚʽʜ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʰʣʷʭʦʤ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʩʣʽʜʦʚʥʠʭ ʙʣʦʢʽʚ ʫ ʡʦʛʦ 

ʤʦʜʝʣʽ (ʟʙʽʣʴʰʝʥʥʷ «ʚ ʛʣʠʙʠʥʫ»), ʪʘʢ ʽ ʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ ʪʦʛʦ ʩʘʤʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ (ʟʙʽʣʴʰʝʥʥʷ «ʚ ʰʠʨʠʥʫ»). ʆʙʠʜʚʘ ʧʽʜʭʦʜʠ ʚʽʜʧʦʚʽʜʘʶʪʴ ʦʜʥʘʢʦʚʦʤʫ 

ʟʙʽʣʴʰʝʥʥʶ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. (ɼʠʚ. ʧ.1.3.3) 

ɺ ʷʢʦʩʪʽ ʦʜʠʥʠʮʽ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʙʫʜʝʤʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ 

ʜʣʷ MLP-Mixer, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʦʜʥʦʛʦ ʙʣʦʢʫ, ʷʢʠʡ, ʫ ʩʚʦʶ ʯʝʨʛʫ, ʚʢʣʶʯʘʻ ʯʦʪʠʨʠ 

ʙʘʟʦʚʽ ʩʫʙʙʣʦʢʠ (ʜʠʚ. ʨʠʩ. 1.9). ʆʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʜʣʷ ʦʜʥʦʛʦ ʪʘʢʦʛʦ ʙʣʦʢʫ ʩʪʘʥʦʚʠʪʴ 

ʙʣʠʟʴʢʦ 440 ʪʠʩ. ʦʧʝʨʘʮʽʡ ʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ (ʘʥʛʣ. Floating-point operations per 

second, FLOPs).  

ɸʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʤʽʩʪʠʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʦʜʠʥ MLP-Mixer 

(ʦʜʠʥ ʙʣʦʢ), ʷʢʠʡ ʦʙʨʦʙʣʷʻ ʚʭʽʜʥʽ ʟʦʙʨʘʞʝʥʥʷ (ʙʝʟ ʧʦʚʦʨʦʪʫ), ʘ ʪʘʢʦʞ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ-ʢʣʦʥʠ, ʱʦ ʤʘʶʪʴ ʽʜʝʥʪʠʯʥʫ ʘʨʭʽʪʝʢʪʫʨʫ (ʦʜʠʥ ʙʣʦʢ), ʘʣʝ ʧʨʘʮʶʶʪʴ 

ʽʟ ʟʦʙʨʘʞʝʥʥʷʤʠ, ʧʦʚʝʨʥʫʪʠʤʠ ʥʘ ʨʽʟʥʽ ʢʫʪʠ. ʈʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʥʥʷ ʥʘʚʝʜʝʥʦ ʫ 

ʪʘʙʣ. 2.5. 
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ɺʝʣʠʢʠʡ ʨʦʟʢʠʜ ʟʥʘʯʝʥʴ ʜʣʷ MLP-Mixer ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʯʝʨʝʟ ʟʥʘʯʥʠʡ 

ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʢʦʞʥʘ ʢʦʥʬʽʛʫʨʘʮʽʷ ʥʘʚʯʘʣʘʩʷ ʣʠʰʝ ʦʜʠʥ ʨʘʟ, ʧʦʯʠʥʘʶʯʠ ʟʽ 

ʚʠʧʘʜʢʦʚʠʭ ʧʦʯʘʪʢʦʚʠʭ ʟʥʘʯʝʥʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʟ ʟʫʧʠʥʢʦʶ ʧʽʩʣʷ ʜʦʩʷʛʥʝʥʥʷ 

ʥʘʡʢʨʘʱʦʛʦ ʨʝʟʫʣʴʪʘʪʫ. ɼʣʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʜʨʫʛʠʡ ʩʪʫʧʽʥʴ ʥʘʚʯʘʚʩʷ 

100 ʨʘʟʽʚ, ʧʽʩʣʷ ʯʦʛʦ ʦʙʠʨʘʣʦʩʷ ʥʘʡʢʨʘʱʝ ʟʥʘʯʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

 

ʊʘʙʣʠʮʷ 2.5 ï ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ MLP-Mixer ʧʨʠ ʥʘʨʦʱʫʚʘʥʥʽ ʚ 

ʛʣʠʙʠʥʫ ʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʥʘ ʦʩʥʦʚʽ MLP-Mixer  ʽ ʡʦʛʦ ʢʣʦʥʽʚ ʧʨʠ 

ʥʘʨʦʱʫʚʘʥʥ ̔ʚ ʰʠʨʠʥʫ 

ʂʽʣʴʢʽʩʪʴ 

ʙʣʦʢʽʚ 

MLP-Mixer ʟ 

ʥʘʨʦʱʫʚʘʥʥ

ʤ̫ ʚ ʛʣʠʙʠʥʫ 

ɸʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ, 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ MLP-Mixer + ʢʣʦʥʠ 

(ʥʘʨʦʱʫʚʘʥʥʷ ʚ ʰʠʨʠʥʫ) 

Accuracy Accuracy (ʽ 

ʧʦʢʨʘʱʝʥʥʷ) 

ʂʫʪʠ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ 

ʜʣʷ ʨʽʟʥʠʭ ʢʣʦʥʽʚ ʚ ʛʨʘʜʫʩʘʭ 

1 0.7674 0.7674 MLP-Mixer 

2 0.7814 0.7881 (+0.9%) MLP-Mixer +CL(ï3) 

3 0.7868 0.7920 (+0.7%) MLP-Mixer + CL(ï3)+ CL(+3) 

4 0.7633 0.7934 (+3.9%) MLP-Mixer + CL(ï3)+ CL(+3)+  

CL(ï5) 

5 0.7740 0.7951 (+2.7%) MLP-Mixer + CL(ï3)+ CL(+3)+  

CL(ï5)+ CL(+5) 

6 0.7831 0.7957 (+1.6%) MLP-Mixer +CL(ï3)+CL(+3)+CL(ï5) 

+CL(+5)+CL(ï10) 

7 0.7719 0.7955 (+3.1%) MLP-Mixer +CL( 3)+CL(+3)+CL(-5) 

+CL(+5)+CL(ï10)+CL(+10) 

8 0.7824 0.7952 (+1.6%) MLP-Mixer+CL( 3)+CL(+3)+CL(5) 

+CL(+5)+CL(ï10)+CL(+10)+CL(ï15) 
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ɿ ʨʝʟʫʣʴʪʘʪʽʚ, ʥʘʚʝʜʝʥʠʭ ʫ ʪʘʙʣ. 2.5 ʚʠʜʥʦ, ʱʦ ʥʘʨʦʱʫʚʘʥʥʷ ʚ ʰʠʨʠʥʫ ʜʣʷ 

MLP-Mixer ʻ ʙʽʣʴʰ ʧʝʨʝʚʘʞʥʠʤ ʚʘʨʽʘʥʪʦʤ, ʥʽʞ ʥʘʨʦʱʫʚʘʥʥʷ ʚ ʛʣʠʙʠʥʫ. ʗʢʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʚ ʫʩʽʭ ʚʘʨʽʘʥʪʘʭ ʙʫʣʘ ʚʠʱʦʶ ʽ ʩʪʘʥʦʚʠʣʘ 

ʚʽʜ 0.9% ʜʦ 3.9% ʟʘʣʝʞʥʦ ʚʽʜ ʚʘʨʽʘʥʪʘ. 

ʆʜʥʘʢ ʥʝʦʙʭʽʜʥʦ ʟʘʫʚʘʞʠʪʠ, ʱʦ ʜʦʜʘʚʘʥʥʷ ʜʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʢʣʦʥʽʚ 6 ʽ 7 ʟ ʚʝʣʠʢʠʤʠ ʢʫʪʘʤʠ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʧʨʠʟʚʝʣʦ ʥʝ ʜʦ 

ʧʦʣʽʧʰʝʥʥʷ, ʘ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ 

ʢʫʪʘ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʧʦʛʽʨʰʫʻʪʴʩʷ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʢʣʦʥʘ ʽ ʝʬʝʢʪ 

ʚʽʜ ʥʝʚʽʜʧʦʚʽʜʥʦʩʪʽ ʧʦʤʠʣʦʢ ʥʝ ʧʝʨʝʢʨʠʚʘʻ ʮʝ ʧʦʛʽʨʰʝʥʥʷ. 

 

2.2.3 ɼʦʩʣʽʜʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʜʦʜʘʚʘʥʥ ̔ ʢʣʦʥʽʚ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʜʦ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

 

ʆʩʥʦʚʥʘ ʤʝʪʘ ʩʪʚʦʨʝʥʥʷ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ ï ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘ ʨʘʭʫʥʦʢ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. ʊʦʤʫ ʩʪʘʥʦʚʠʪʴ ʽʥʪʝʨʝʩ ʜʦʩʣʽʜʠʪʠ ʚʝʣʠʯʠʥʫ 

ʮʴʦʛʦ ʧʽʜʚʠʱʝʥʥʷ ʥʘ ʢʦʥʢʨʝʪʥʦʤʫ ʧʨʠʢʣʘʜʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟ ʨʦʙʦʪʠ 

[19]. ʂʦʤʧôʶʪʝʨʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʨʦʚʝʜʝʥʦ ʪʘʢ ʩʘʤʦ, ʷʢ ʽ ʚ ʫʩʴʦʤʫ ʨʦʟʜʽʣʽ, ʥʘ 

ʥʘʙʦʨʽ ʜʘʥʠʭ CIFAR-10. ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 2.6. 

ʋ ʝʢʩʧʝʨʽʤʝʥʪʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʙʫʣʦ ʚʠʜ 2 ʜʦ 6 ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ 

(ʜʠʚ.ʪʘʙʣ.1.1 [19]) ʽ ʜʦ ʥʠʭ ʜʦʜʘʚʘʣʦʩʴ 1 ʪʘ 2 ʢʣʦʥʠ MLP-Mixer (ʩʪʦʚʧʯʠʢʠ 3 ʪʘ 4), 

ʘʙʦ 1 ʪʘ 2 ʢʣʦʥʠ CCT ( ʩʪʦʚʧʯʠʢʠ 5 ʪʘ 6), ʘʙʦ 1 ʪʘ 2 ʢʣʦʥʠ CNN (ʩʪʦʚʧʯʠʢʠ 7 ʪʘ 8). 

ɿ ʨʝʟʫʣʴʪʘʪʽʚ ʪʘʙʣ. 2.6 ʚʠʜʥʦ, ʱʦ ʜʦʜʘʚʘʥʥʷ ʢʣʦʥʽʚ ʢʣʘʩʠʬʽʢʘʪʦʨʘ MLP-Mixer 

ʜʦʟʚʦʣʷʻ ʟʤʝʥʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʥʘ 1%-11%, ʟʘʣʝʞʥʦ ʚʽʜ ʚʠʭʽʜʥʦʛʦ ʥʘʙʦʨʫ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ. ɿʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ ʜʣʷ ʢʣʦʥʽʚ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT ʟʥʘʭʦʜʠʪʴʩʷ ʚ ʜʽʘʧʘʟʦʥʽ 2,1%-10%. ɺʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN ʧʨʠʟʚʦʜʠʣʦ ʜʦ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ ʚʽʜ 9% ʜʦ 38%. 

ʊʘʢʝ ʧʦʛʽʨʰʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʢʣʦʥʽʚ CNN ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ 

ʦʙʨʦʙʢʘ ʚ CNN ʥʝ ʻ ʩʪʨʫʢʪʫʨʦʚʘʥʦʶ. ʋ ʨʝʟʫʣʴʪʘʪʽ ʢʣʦʥʠ CNN ʤʘʶʪʴ ʩʫʪʪʻʚʦ ʛʽʨʰʫ 

ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʨʦʙʣʷʪʴ ʧʦʤʠʣʢʠ ʥʘ ʦʜʥʘʢʦʚʠʭ ʟʦʙʨʘʞʝʥʥʷʭ. 
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ʊʘʙʣʠʮʷ 2.6 ï ʈʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ ʅʄ  ʪʘ ʮʠʭ ʞʝ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ ʅʄ ʟ ʜʦʜʘʚʘʥʥʷʤ ʢʣʦʥʦʚ 

(ʦʧʝʨʘʪʦʨ ʧʦʚʦʨʦʪʫ) 

ɹʘʟʦʚʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ 

ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

 

 

 

ɹʝʟ 

ʚʠʢʦʨʠ-

ʩʪʘʥʥʷ 

ʢʣʦʥʽʚ 

ʂʣʘʩʠʬʽʢʘʪʦʨʠ ʪʘ ʢʣʦʥʠ, ʱʦ ʜʦʜʘʥʽ 

MLP- 

Mixer  

T(ï3°) 

MLP- 

Mixer 

T(ï3°), 

T(+3°) 

CCT 

T(ï3°) 

CCT 

T(ï3°), 

T(+3°) 

CNN 

T(ï3°) 

CNN 

T(ï3°), 

T(+3°) 

1 2 3 4 5 6 7 8 

CCT+ 

EATNet 
Accuracy 0.8184 0.8365 0.8390 0.8354 0.8374 0.7815 0.8024 

ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 
1816 1635 1610 1646 1626 2185 1976 

ɿʤʝʥʰʝʥʥʷ 

ʧʦʤʠʣʦʢ, % 
0 ï10 ï11 ï9 ï10 +20 +9 

CCT+ 

EATNet + 

MLP-

Mixer 

Accuracy 0.8401 0.8421 0.8425 0.8434 0.8460 0.7893 0.8056 

ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 
1599 1579 1575 1566 1540 2107 1944 

ɿʤʝʥʰʝʥʥʷ 

ʧʦʤʠʣʦʢ, % 
0 ï1,3 ï1,5 ï2,1 ï3,7 +32 +22 

CCT+ 

EATNet + 

MLP-

Mixer+ 

FNet 

Accuracy 0.8445 0.8461 0.8458 0.8465 0.8493 0.7894 0.8062 

ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 
1555 1539 1542 1535 1507 2106 1938 

ɿʤʝʥʰʝʥʥʷ 

ʧʦʤʠʣʦʢ, % 
0 ï1 ï0,8 ï1,3 ï3,1 +35 +25 

CCT+ 

EATNet + 

MLP-

Mixer+ 

FNet+ 

gMLP 

Accuracy 0.8457 0.8473 0.8471 0.8490 0.8496 0.7913 0.8067 

ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 
1543 1527 1529 1510 1504 2087 1933 

ɿʤʝʥʰʝʥʥʷ 

ʧʦʤʠʣʦʢ, % 
0 ï1 ï1 ï2,1 ï2,5 +35 +25 

CCT+ 

EATNet + 

MLP-

Mixer+ 

FNet+ 

gMLP+ 

SwinTr 

Accuracy 0.8468 0.8473 0.8482 0.8491 0.8500 0.7889 0.8034 

ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 
1 532 1527 1518 1509 1500 2111 1966 

ɿʤʝʥʰʝʥʥʷ 

ʧʦʤʠʣʦʢ, % 
0 ï0,33 ï1 ï1,5 ï2,1 +38 +28 
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2.2.4 ɼʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʢʽʣʴʢʦʩʪʽ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʙʘʟʦʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʽ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟ ʢʣʦʥʘʤʠ ʚʽʜ ʢʫʪʘ 

ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʥʷ 

ɼʦʩʣʽʜʞʝʥʥʷ ʜʦʟʚʦʣʠʪʴ ʟʥʘʡʪʠ ʥʘʡʢʨʘʱʠʡ ʢʫʪ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʧʨʠ ʷʢʦʤʫ, ʟ ʦʜʥʦʛʦ ʙʦʢʫ, ʙʫʜʝ ʥʘʡʤʝʥʰʘ ʧʦʤʠʣʢʘ ʩʘʤʦʛʦ ʢʣʦʥʫ, ʟ 

ʽʥʰʦʛʦ ʙʦʢʫ, ʙʫʜʝ ʥʘʡʤʝʥʰʘ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ, ʱʦ ʟʙʽʛʘʶʪʴʩʷ ʟ ʧʦʤʠʣʢʘʤʠ 

ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ɼʘʥʽ ʪʘʙʣ. 2.2 ʽ 2.3 ʧʦʢʘʟʫʶʪʴ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʢʣʦʥʽʚ ʟʽ 

ʟʙʽʣʴʰʝʥʥʷʤ ʢʫʪʘ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʥʷ. ɿ ʽʥʰʦʛʦ ʙʦʢʫ, ʟʤʝʥʰʝʥʥʷ ʢʫʪʘ ʧʦʚʦʨʦʪʫ 

ʘʩʠʤʧʪʦʪʠʯʥʦ ʧʨʠʟʚʝʜʝ ʜʦ ʟʙʽʛʫ ʧʦʚʝʨʥʫʪʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʟ ʥʝʧʦʚʝʨʥʫʪʠʤ ʽ, 

ʚʽʜʧʦʚʽʜʥʦ, ʜʦ ʟʙʽʛʫ ʧʦʤʠʣʦʢ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʡʦʛʦ ʢʣʦʥʘ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ 

ʩʪʘʥʦʚʠʪʴ ʽʥʪʝʨʝʩ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʥʠʢʽʚ ʢʣʦʥʽʚ ʜʣʷ ʥʝʚʝʣʠʢʠʭ ʢʫʪʽʚ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʥʷ.  

ʆʩʢʽʣʴʢʠ ʟ ʫʩʽʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ CCT ʽ ʡʦʛʦ ʢʣʦʥʠ (ʟʛʽʜʥʦ ʟ ʪʘʙʣ. 1.1 ʽ 

2.6) ʧʦʢʘʟʫʶʪʴ ʥʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ, ʜʘʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʚʝʜʝʥʦ ʜʣʷ CCT ʽ ʡʦʛʦ 

ʢʣʦʥʽʚ. ʋʟʘʛʘʣʴʥʝʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʜʣʷ ʮʴʦʛʦ ʚʠʧʘʜʢʫ 

ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 2.4.  

 

 

ʈʠʩʫʥʦʢ 2.4 ï ʋʟʘʛʘʣʴʥʝʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʦʜʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ 
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ɿʘ ʘʥʘʣʦʛʽʻʶ ʟ ʧʫʥʢʪʦʤ 2.1.2, ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʚʝʜʝʥʦ ʜʣʷ ʢʣʦʥʽʚ CCT ʫ 

ʜʽʘʧʘʟʦʥʽ ʢʫʪʽʚ ʚʽʜ 0 ʜʦ 0,3 ʛʨʘʜʫʩʘ. ʈʝʟʫʣʴʪʘʪʠ ʜʣʷ ʪʝʩʪʦʚʠʭ 10 ʪʠʩ. ʟʦʙʨʘʞʝʥʴ ʽʟ 

ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 ʥʘʚʝʜʝʥʽ ʥʘ ʨʠʩ. 2.5.  

 

 

ʈʠʩʫʥʦʢ 2.5 ï ʄʘʪʨʠʮʷ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʦʤʫ ʥʘʙʦʨʽ ʤʽʞ CCT ʪʘ ʡʦʛʦ 

ʢʣʦʥʘʤʠ, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʦʧʝʨʘʪʦʨ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ ʊ 

ʚʽʜ πЈ ʜʦ πȢσЈ ʛʨʘʜʫʩʘ ʟ Ў πȢπσЈ  

 

ɼʣʷ ʧʦʙʫʜʦʚʠ ʮʽʻʾ ʪʘʙʣʽʮʽ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʧʨʦʚʦʜʠʣʠʩʷ ʨʦʟʨʘʭʫʥʢʠ ʧʦʤʠʣʦʢ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʙʘʟʦʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʘʤʠ ʽ ʫ 

ʢʣʽʪʠʥʠ ʪʘʙʣʠʮʽ ʟʘʧʠʩʫʚʘʣʘʩʷ ʢʽʣʴʢʽʩʪʴ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʦʜʥʦʯʘʩʥʦ ʨʦʙʠʣʠ 

ʧʦʤʠʣʢʠ ʙʘʟʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ CCT ʘʙʦ ʢʣʦʥʠ, ʧʦʟʥʘʯʝʥʽ ʚʽʜʧʦʚʽʜʥʦ ʧʦ 
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ʛʦʨʠʟʦʥʪʘʣʽ ʽ ʚʝʨʪʠʢʘʣʽ. ʇʦ ʛʦʨʠʟʦʥʪʘʣʽ ʪʘ ʚʝʨʪʠʢʘʣʽ ʚʢʘʟʘʥʽ ʢʫʪʠ ʧʦʚʦʨʦʪʫ ʚ 

ʛʨʘʜʫʩʘʭ. 0 ʛʨʘʜʫʩʽʚ ʚʽʜʧʦʚʽʜʘʻ ʥʝʧʦʚʝʨʥʝʥʠʤ ʟʦʙʨʘʞʝʥʥʷʤ, ʪʦʙʪʦ ʙʘʟʦʚʦʤʫ 

ʢʣʘʩʠʬʽʢʘʪʦʨʫ CCT. ɺʽʜʤʽʥʥʽ ʚʽʜ ʥʫʣʷ ʢʫʪʠ ʧʦʚʦʨʦʪʫ ʚʽʜʧʦʚʽʜʘʶʪʴ ʢʣʦʥʘʤ, ʱʦ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʦʧʝʨʘʪʦʨ ʧʦʚʦʨʦʪʫ ʽʟ ʟʘʟʥʘʯʝʥʠʤ ʢʫʪʦʤ. 

ʗʢ ʚʠʜʥʦ ʟ ʨʠʩ. 2.5, ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʧʨʘʢʪʠʯʥʦ ʥʝ ʟʘʣʝʞʠʪʴ ʚʽʜ ʢʫʪʘ 

ʧʦʚʦʨʦʪʫ ʽ ʟʥʘʭʦʜʠʪʴʩʷ ʚ ʜʽʘʧʘʟʦʥʽ ʚʽʜ 1420 ʜʦ 1770 ʧʦʤʠʣʦʢ. ɹʝʟʧʦʩʝʨʝʜʥʴʦ CCT 

ʨʦʙʠʪʴ 1979 ʧʦʤʠʣʦʢ, ʡʦʛʦ ʢʣʦʥʠ ʨʦʙʣʷʪʴ ʩʫʪʪʻʚʦ ʙʽʣʴʰʝ. ʆʜʥʘʢ ʽʟ ʜʘʥʠʭ ʨʠʩ. 2.5 

ʟ ʪʘʙʣʠʮʝʶ ʩʧʽʣʴʥʠʭ ʧʦʤʠʣʦʢ ʚʠʜʥʦ, ʱʦ ʨʽʟʥʽ ʢʣʦʥʠ ʨʦʙʣʷʪʴ ʧʦʤʠʣʢʠ ʥʘ ʨʽʟʥʠʭ 

ʟʦʙʨʘʞʝʥʥʷʭ ï ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʩʫʪʪʻʚʦ ʤʝʥʰʘ ʟʘ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ, ʷʢʽ 

ʨʦʙʠʪʴ CCT. ʊʘʢʦʞ ʥʘʡʤʝʥʰʫ ʩʫʤʫ ʧʦʤʠʣʦʢ, ʱʦ ʟʙʽʛʘʶʪʴʩʷ ʟ ʧʦʤʠʣʢʘʤʠ CCT ʤʘʻ 

ʨʷʜʦʢ ʜʣʷ ʢʫʪʘ ʧʦʚʦʨʦʪʫ 0.24 ʛʨʘʜʫʩʘ. ʊʦʤʫ ʮʶ ʚʝʣʠʯʠʥʫ ʜʦʮʽʣʴʥʦ ʦʙʨʘʪʠ ʷʢ ʢʨʦʢ 

ʢʫʪʘ ʧʦʚʦʨʦʪʽʚ æ ʜʣʷ ʧʦʙʫʜʦʚʠ ʢʣʦʥʽʚ CCT. ʅʝʦʙʭʽʜʥʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʫ ʟʚôʷʟʢʫ ʟ 

ʚʝʣʠʢʠʤ ʦʙʩʷʛʦʤ ʨʦʟʨʘʭʫʥʢʽʚ ʦʙʯʠʩʣʝʥʥʷ ʧʘʨʘʤʝʪʨʽʚ ʢʣʦʥʽʚ ʟʜʽʡʩʥʶʚʘʣʦʩʷ 

ʦʜʥʦʨʘʟʦʚʦ. ʇʨʠ ʧʨʘʢʪʠʯʥʦʤʫ ʚʠʢʦʨʠʩʪʘʥʥʽ ʮʴʦʛʦ ʧʽʜʭʦʜʫ ʤʦʞʝ ʙʫʪʠ ʦʪʨʠʤʘʥʝ 

ʽʥʰʝ ʥʘʡʢʨʘʱʝ ʟʥʘʯʝʥʥʷ ʢʨʦʢʫ ʢʫʪʘ ʧʦʚʦʨʦʪʽʚ. 

 

2.2.5 ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ CCT ʪʘ ʡʦʛʦ 

ʢʣʦʥʽʚ 

 

ʄʝʪʦʶ ʜʘʥʦʛʦ ʝʢʩʧʝʨʠʤʝʥʪʫ ʻ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʝ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʪʦʛʦ, ʱʦ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʥʘʡʢʨʘʱʦʛʦ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʽ ʟʘʤʽʥʘ ʽʥʰʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ 

ʢʣʦʥʠ ʥʘʡʢʨʘʱʦʛʦ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʽʜʚʠʱʝʥʥʷ 

ʨʝʟʫʣʴʪʫʶʯʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ʈʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʥʥʷ ʥʘʚʝʜʝʥʽ ʚ ʪʘʙʣ. 2.7. ʂʣʦʥʠ ʤʦʜʝʣʽ CCT ʧʦʟʥʘʯʝʥʽ ʷʢ 

CLʉʉʊ, ʘ ʚ ʜʫʞʢʘʭ ʫʢʘʟʘʥʦ ʢʫʪ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʥʷ ʫ ʩʦʪʠʭ ʯʘʩʪʢʘʭ ʛʨʘʜʫʩʘ. ɯʟ 

ʪʘʙʣʠʮʽ ʚʠʜʥʦ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ ʟʘʙʝʟʧʝʯʫʻ ʢʨʘʱʫ ʷʢʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ï ʚʽʜ 0.07% ʜʦ 1.2%. 
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ʊʘʙʣʠʮʷ 2.7 ï ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʙʘʟʦʚʠʭ ʤʦʜʝʣʝʡ ʅʄ ʪʘ ʤʦʜʝʣʽ CCT ʽ ʾʾ ʢʣʦʥʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʈʝʟʫʣʴʪʘʪ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʨʽʟʥʠʭ ʤʦʜʝʣʝʡ ʅʄ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʈʝʟʫʣʴʪʘʪ ʚʠʢʦʨʠʩʪʘʥʥʷ ʉʉʊ ʪʘ ʾʾ ʢʣʦʥʽʚ CLʉʉʊ 
ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

1 2 3 4 

ʄʦʜʝʣʽ ʅʄ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

Accuracy ʄʦʜʝʣʽ ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ Accuracy 

 (% ʟʤʽʥʠ) 

CCT+ EATNet 0.8184 CCT+CLʉʉʊ(0.24) 0.8230 

(+0.56%) 

CCT+ EATNet+ 

MLP-Mixer 

0.8401 CCT+ CLʉʉʊ (0.24)+ CLʉʉʊ (-0.24) 0.8407 

(+0.07%) 

CCT+ EATNet + 

MLP-Mixer+ 

FNet 

0.8445 CCT+ CLʉʉʊ (0.24)+ CLʉʉʊ (0.24)+  

+CLʉʉʊ (0.48) 

0.8474 (+0.3%) 

CCT+ EATNet + 

MLP-Mixer+ 

FNet+gMLP 

0.8457 CCT+ CLʉʉʊ (0.24)+ CLʉʉʊ (-0.24)+ 

+ CLʉʉʊ (0.48)+ CLʉʉʊ (-0.48) 

0.8538 (+1.0%) 

CCT+ EATNet + 

MLP-Mixer+ 

FNet+gMLP+ 

SwinTr 

0.8468 CCT+ CLʉʉʊ (0.24)+ CLʉʉʊ (-0.24) + 

+ CLʉʉʊ (0.48)+ CLʉʉʊ (-0.48)+ CLʉʉʊ (0.72) 

0.8568 (+1.2%) 

 

2.3 ɺʠʢʦʨʠʩʪʘʥʥʷ ʦʧʝʨʘʪʦʨʘ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʽʚ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ  

 

ɯʜʝʷ ʧʦʙʫʜʦʚʠ ʢʣʦʥʽʚ ʅʄ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʘ ʟʩʫʚʫ ʘʥʘʣʦʛʽʯʥʘ ʜʦ ʽʜʝʾ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ. ɺ ʾʾ ʦʩʥʦʚʽ ʣʝʞʠʪʴ ʙʘʟʦʚʘ ʅʄ, ʥʘ ʚʭʽʜ 

ʜʦ ʷʢʦʾ ʧʦʜʘʻʪʴʩʷ ʥʝ ʧʦʚʝʨʥʫʪʝ ʟʦʙʨʘʞʝʥʥʷ, ʘ ʟʦʙʨʘʞʝʥʥʷ, ʫ ʷʢʦʤʫ ʜʝʷʢʽ ʨʷʜʢʠ ʘʙʦ 

ʩʪʦʚʧʮʽ ʮʠʢʣʽʯʥʦ ʟʩʫʥʫʪʽ. ʇʨʠ ʮʴʦʤʫ ʙʝʨʝʤʦ ʤʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, 

ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʚ ʮʴʦʤʫ ʨʦʟʜʽʣʽ (ʜʠʚ. ʧʽʜʨʦʟʜʽʣ 2.1). 

ʆʩʥʦʚʥʘ ʧʝʨʝʚʘʛʘ ʪʘʢʦʛʦ ʩʧʦʩʦʙʫ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʚʽʥ ʥʝ ʧʦʪʨʝʙʫʻ 

ʚʠʢʦʥʘʥʥʷ ʦʧʝʨʘʮʽʡ ʽʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ, ʘ ʣʠʰʝ ʦʧʝʨʘʮʽʡ ʽʟ ʧʘʤôʷʪʪʶ. ɼʦʜʘʪʢʦʚʦʶ 

ʧʝʨʝʚʘʛʦʶ ʻ ʪʝ, ʱʦ ʢʽʣʴʢʽʩʪʴ ʚʝʢʪʦʨʽʚ, ʷʢʽ ʟʘʜʘʶʪʴ ʟʩʫʚʠ, ʧʨʘʢʪʠʯʥʦ ʥʝ ʦʙʤʝʞʝʥʘ, 

ʪʦʙʪʦ ʢʽʣʴʢʽʩʪʴ ʬʦʨʤʦʚʘʥʠʭ ʢʣʦʥʽʚ ʤʦʞʝ ʙʫʪʠ ʜʫʞʝ ʚʝʣʠʢʦʶ. 

ɺ ʜʘʥʦʤʫ ʚʠʧʘʜʢʫ ʧʝʨʝʪʚʦʨʝʥʥʷ q ̫ ʚʣʷʶʪʴ ʩʦʙʦʶ ʮʠʢʣʽʯʥʽ ʟʩʫʚʠ S, ʨʷʜʢʽʚ ʘʙʦ 

ʩʪʦʚʧʮʽʚ ʧʽʢʩʝʣʽʚ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʚʝʢʪʦʨʽʚ ʟʩʫʚʽʚ: 
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ί ίȟίȟȣȟί ȟ                                                    (2.7) 

 

ʜʝ ί ï ʮʽʣʽ ʯʠʩʣʘ ʚ ʜʽʘʧʘʟʦʥʽ ʚʽʜ 0 ʜʦ D, ʱʦ ʬʦʨʤʫʶʪʴʩʷ ʛʝʥʝʨʘʪʦʨʦʤ 

ʚʠʧʘʜʢʦʚʠʭ ʯʠʩʝʣ ʟ ʨʽʚʥʦʤʽʨʥʠʤ ʨʦʟʧʦʜʽʣʦʤ; 

rs   ï ʢʽʣʴʢʽʩʪʴ ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ ʫ ʟʦʙʨʘʞʝʥʥʽ. 

ʂʦʞʥʠʡ ʨʷʜʦʢ (ʘʙʦ ʩʪʦʚʧʝʮʴ) ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʮʠʢʣʽʯʥʦ ʟʩʫʚʘʻʪʴʩʷ ʥʘ  

ί ʧʦʟʠʮʽʡ. ʗʢʱʦ ί π, ʪʦ ʨʷʜʦʢ ʥʝ ʟʩʫʚʘʻʪʴʩʷ. ɼʣʷ ʢʦʞʥʦʛʦ ʟ ʢʣʦʥʽʚ ʬʦʨʤʫʻʪʴʩʷ 

ʚʣʘʩʥʠʡ ʚʝʢʪʦʨ ʟʩʫʚʽʚ, ʷʢʠʡ ʟʘʣʠʰʘʻʪʴʩʷ ʥʝʟʤʽʥʥʠʤ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʪʘ ʪʝʩʪʫʚʘʥʥʷ. 

ɼʦʩʣʽʜʞʝʥʥʶ ʧʽʜʣʷʛʘʻ ʟʘʣʝʞʥʽʩʪʴ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ ʚʽʜ 

ʚʝʣʠʯʠʥʠ D, ʘ ʪʘʢʦʞ ʚʽʜʤʽʥʥʦʩʪʽ ʧʨʠ ʟʩʫʚʽ ʧʦ ʨʷʜʢʘʭ ʽ ʧʦ ʩʪʦʚʧʮʷʭ. 

ʂʨʽʤ ʪʦʛʦ, ʜʦʩʣʽʜʞʫʚʘʣʘʩʷ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʽʜʞʝʥʠʭ ʚʝʢʪʦʨʽʚ 

ʟʩʫʚʽʚ sʨʦʟ ʧʨʠ D = 1:    ʇʦʪʨʽʙʥʦ ʦʜʥʘʢʦʚʝ ʧʦʟʥʘʯʝʥʥʷ ʽʥʜʝʢʩʽʚ 

 

ί̑̏̈ ί̑̏ȟ̈ί̑̏ȟ̈ȣȟί̑̏ ,̈                                        (2.8) 

 

ʜʝ ʝʣʝʤʝʥʪʠ ʮʴʦʛʦ ʚʝʢʪʦʨʫ ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʜʚʦʭ ʥʝʟʘʣʝʞʥʠʭ ʚʝʢʪʦʨʽʚ 

ί  ʪʘ ί  ʰʣʷʭʦʤ ʣʦʛʽʯʥʦʛʦ ʤʥʦʞʝʥʥʷ ʚʽʜʧʦʚʽʜʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ: 

 

ί̑̏̈

ί ȟ̠ ̋̚ ̏ί ρȟ

πȟ      ̠̋̚ ̏ί πȢ
                                         (2.9) 

 

ʂʽʣʴʢʽʩʪʴ ʦʜʠʥʠʮʴ ʚ ʚʝʢʪʦʨʽ ί̑̏̈ ̒  ʚʠʧʘʜʢʦʚʦʶ ʚʝʣʠʯʠʥʦʶ, ʘ ʡʦʛʦ ʨʦʟʤʽʨʥʽʩʪʴ 

ʜʦʨʽʚʥʶʻ ʢʽʣʴʢʦʩʪʽ ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ ʫ ʚʭʽʜʥʦʤʫ ʟʦʙʨʘʞʝʥʥʽ. 

ɺʽʜʧʦʚʽʜʥʠʡ ʨʦʟʧʦʜʽʣ, ʦʪʨʠʤʘʥʠʡ ʧʦ 10 ʪʠʩ. ʨʝʘʣʽʟʘʮʡ̔, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 2.6.  

ɯʟ ʨʠʩ. 2.6 ʚʠʜʥʦ, ʱʦ ʥʘʡʙʽʣʴʰ ʡʤʦʚʽʨʥʘ ʢʽʣʴʢʽʩʪʴ ʦʜʠʥʠʮʴ ʫ ʚʝʢʪʦʨʽ ί̑̏̈ ʜʦʨʽʚʥʶʻ 

8, ʪʦʙʪʦ ʮʠʢʣʽʯʥʦ ʟʩʫʥʫʪʠ ʥʘ 1 ʧʦʟʠʮʽʶ ʙʫʜʫʪʴ 8 ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ. ʅʝ ʚʠʢʣʶʯʝʥʘ 

ʩʠʪʫʘʮʽʷ, ʢʦʣʠ ʚʝʢʪʦʨ ί̑̏̈ ʥʝ ʤʽʩʪʠʪʠʤʝ ʦʜʠʥʠʮʴ, ʪʦʙʪʦ ʨʷʜʢʠ ʘʙʦ ʩʪʦʚʧʮʽ 

ʟʦʙʨʘʞʝʥʥʷ ʥʝ ʙʫʜʫʪʴ ʟʩʫʥʫʪʽ. 
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ʈʠʩʫʥʦʢ 2.6 ï ɻʽʩʪʦʛʨʘʤʘ ʨʦʟʧʦʜʽʣʫ ʢʽʣʴʢʦʩʪʽ ʦʜʠʥʠʮʴ ʫ  

ʨʦʟʨʽʜʞʝʥʦʤʫ ʚʝʢʪʦʨʽ ʟʩʫʚʽʚ 

 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʪʝ, ʱʦ ʡʤʦʚʽʨʥʽʩʪʴ ʪʘʢʦʾ ʩʠʪʫʘʮʽʾ ʥʝʚʝʣʠʢʘ, ʧʨʠ ʧʨʘʢʪʠʯʥʽʡ 

ʨʝʘʣʽʟʘʮʽʾ ʾʾ ʥʝʦʙʭʽʜʥʦ ʚʠʢʣʶʯʠʪʠ, ʦʩʢʽʣʴʢʠ ʮʝ ʙʫʜʝ ʧʨʦʩʪʦ ʜʫʙʣʶʚʘʥʥʷ ʙʘʟʦʚʦʾ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ.  

ʇʽʜ ʯʘʩ ʜʦʩʣʽʜʞʝʥʥʷ ʢʦʥʢʨʝʪʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʥʝʦʙʭʽʜʥʦ ʚʠʧʨʦʙʦʚʫʚʘʪʠ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʽʟʥʠʭ ʚʝʢʪʦʨʽʚ ί̑̏̈ ʽ ʚʽʜʙʠʨʘʪʠ ʪʽ ʟ ʥʠʭ, ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʡʤʝʥʰʫ 

ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʽ ʧʦʪʨʝʙʫʶʪʴ ʤʝʥʰʦʾ ʢʽʣʴʢʦʩʪʽ ʟʩʫʚʽʚ. 

2.3.1 ʇʦʨʽʚʥʷʥʥʷ ʢʽʣʴʢʦʩʪʽ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʤʽʞ ʢʣʦʥʘʤʠ ʪʘ ʙʘʟʦʚʦʶ 

ʥʝʡʨʦʥʥʦʶ ʤʝʨʝʞʝʶ ʥʘ ʧʨʠʢʣʘʜʽ MLP-Mixer ʽ CCT 

ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʤʝʪʦʜʠʢʠ ʦʮʽʥʶʚʘʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʩʧʦʩʦʙʫ ʩʪʚʦʨʝʥʥʷ ʢʣʦʥʽʚ, 

ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʚ ʧ. 2.2.1, ʫ ʮʴʦʤʫ ʧʽʜʧʫʥʢʪʽ ʚʠʙʨʘʥʦ ʜʚʘ ʥʘʡʢʨʘʱʽ ʙʘʟʦʚʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ MLP-Mixer ̔  CCT. ɼʣʷ MLP-Mixer ʧʨʦʚʝʜʝʥʦ ʜʦʩʣʽʜʞʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʧʦʤʠʣʦʢ, ʱʦ ʟʙʽʛʘʶʪʴʩʷ ʤʽʞ ʢʣʦʥʘʤʠ ʽ ʙʘʟʦʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʧʨʠ ʬʦʨʤʫʚʘʥʥʽ 

ʢʣʦʥʽʚ ʤʝʪʦʜʦʤ ʮʠʢʣʽʯʥʠʭ ʟʨʫʰʝʥʴ. ʂʨʽʤ ʮʴʦʛʦ, ʜʣʷ MLP-Mixer ʽ CCT ʚʠʟʥʘʯʝʥʦ 

ʤʽʥʽʤʘʣʴʥʽ ʨʦʟʤʽʨʠ ʛʨʫʧ, ʱʦ ʩʢʣʘʜʘʶʪʴʩʷ ʟ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ, 

ʜʣʷ ʷʢʠʭ ʥʝʤʘʻ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʚʩʽ ʝʣʝʤʝʥʪʠ ʛʨʫʧʠ ʨʦʙʣʷʪʴ ʧʦʤʠʣʢʠ ʦʜʥʦʯʘʩʥʦ.  
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ʋ ʪʘʙʣ. 2.8 ʥʘʚʝʜʝʥʦ ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʜʣʷ ʙʘʟʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ 

(ʧʦʟʥʘʯʝʥʥʷ 0_1) ʽ ʜʝʩʷʪʠ ʨʝʘʣʽʟʘʮʽʡ ʾʾ ʢʣʦʥʽʚ (1_i, ʜʝ i ï ʥʦʤʝʨ ʢʣʦʥʘ ʙʘʟʦʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ), ʷʢʽ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʩʚʦʾʤ ʚʠʧʘʜʢʦʚʠʤ ʚʝʢʪʦʨʦʤ ʟʩʫʚʫ ʧʦ ʨʷʜʢʘʭ S 

ʧʨʠ D = 1. ʇʝʨʰʘ ʮʠʬʨʘ ʚ ʧʦʟʥʘʯʝʥʥʽ ï ʟʥʘʯʝʥʥʷ D, ʜʨʫʛʘ ï ʥʦʤʝʨ ʨʝʘʣʽʟʘʮʽʾ. 

ʂʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʥʘʚʝʜʝʥʦ ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ CIFAR-10 (50 ʪʠʩ. 

ʟʦʙʨʘʞʝʥʴ).  

ʇʦ ʜʽʘʛʦʥʘʣʽ ʚ ʪʘʙʣʠʮʽ ʟʘʟʥʘʯʝʥʦ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʻʪʴʩʷ ʩʘʤʘ 

ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ. ɯʟ ʪʘʙʣ. 2.8 ʚʠʜʥʦ, ʱʦ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʶʪʴʩʷ 

ʢʣʦʥʠ, ʩʧʽʚʩʪʘʚʥʘ ʟ ʢʽʣʴʢʽʩʪʶ ʧʦʤʠʣʦʢ ʙʘʟʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʡ ʤʦʞʝ ʙʫʪʠ ʥʘʚʽʪʴ 

ʤʝʥʰʦʶ. ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʶʪʴʩʷ ʨʽʟʥʽ ʤʝʨʝʞʽ, ʩʪʘʥʦʚʠʪʴ 

57%ï65% ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ ʙʘʟʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ. 

 

ʊʘʙʣʠʮʷ 2.8 ï ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʜʣʷ MLP-Mixer (ʧʦʟʥʘʯʝʥʥʷ 0_1) ʽ 

ʜʝʩʷʪʠ ʨʝʘʣʽʟʘʮʽʡ ʾʾ ʢʣʦʥʽʚ ʦʪʨʠʤʘʥʠʭ ʜʣʷ ʨʽʟʥʠʭ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ 

ʅʄ 0_1 1_1 1_2 1_3 1_4 1_5 1_6 1_7 1_8 1_9 1_10 

0_1 8785 5229 5392 5117 5311 5292 5161 5433 5365 4967 5172 

1_1 5229 8722 5425 5224 5257 5323 5407 5445 5429 5020 5381 

1_2 5392 5425 8865 5133 5377 5327 5293 5539 5368 5097 5318 

1_3 5117 5224 5133 8295 5179 5211 5123 5405 5317 4970 5285 

1_4 5311 5257 5377 5179 8758 5435 5227 5699 5442 5177 5349 

1_5 5292 5323 5327 5211 5435 8656 5277 5521 5327 5064 5315 

1_6 5161 5407 5293 5123 5227 5277 8598 5546 5416 5031 5347 

1_7 5433 5445 5539 5405 5699 5521 5546 9154 5742 5327 5612 

1_8 5365 5429 5368 5317 5442 5327 5416 5742 9587 5172 5571 

1_9 4967 5020 5097 4970 5177 5064 5031 5327 5172 7958 5074 

1_10 5172 5381 5318 5285 5349 5315 5347 5612 5571 5074 8942 

 

ʋ ʪʘʙʣ. 2.9 ʥʘʚʝʜʝʥʦ ʢʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʻʪʴʩʷ ʙʘʟʦʚʘ ʅʄ 

(0_1) ʪʘ ʛʨʫʧʘ ʾʾ ʢʣʦʥʽʚ,  ʚ ʷʢʦʩʪʽ ʙʘʟʦʚʦʾ ʅʄ ʨʦʟʛʣʷʥʫʪʦ MLP-Mixer  ̔CCT. ɯʟ ʪʘʙʣ. 

2.9 ʚʠʜʥʦ, ʱʦ ʢʣʦʥʠ ʧʨʠʧʫʩʢʘʶʪʴʩʷ ʟʥʘʯʥʦʾ ʢʽʣʴʢʦʩʪʽ ʚʣʘʩʥʠʭ ʧʦʤʠʣʦʢ ʥʘ ʨʽʟʥʠʭ 

ʟʦʙʨʘʞʝʥʥʷʭ. ʋ ʛʨʫʧʽ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʙʘʟʦʚʦʾ ʅʄ MLP-Mixer ʪʘ 7 ʢʣʦʥʽʚ, ʥʝʤʘʻ 

ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ, ʷʢʽ ʙ ʟʜʽʡʩʥʶʚʘʣʠ ʚʩʽ 8 ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ɸ ʜʣʷ CCT ʪʘʢʘ ʛʨʫʧʘ 

ʤʽʩʪʠʪʴ ʣʠʰʝ 5 ʢʣʦʥʽʚ. 
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ʊʘʙʣʠʮʷ 2.9 ï ʂʽʣʴʢʽʩʪʴ ʟʙʽʛʽʚ ʧʦʤʠʣʦʢ ʫ ʛʨʫʧʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ MLP-

Mixer ʪʘ ʉʉʊ 

ɹʘʟʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʉʢʣʘʜ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ  

(ʙʘʟʦʚʦʛʦ (0_1) ʽ ʡʦʛʦ ʢʣʦʥʽʚ (1_i) 

0_1 0_1 

1_1 

0_1 

1_1 

1_2 

0_1 

1_1 

1_2 

1_3 

0_1 

1_1 

1_2 

1_3 

1_4 

0_1 

1_1 

1_2 

1_3 

1_4 

1_5 

0_1 

1_1 

1_2 

1_3 

1_4 

1_5 

1_6 

0_1 

1_1 

1_2 

1_3 

1_4 

1_5 

1_6 

1_7 

MLP-Mixer 8785 5229 892 140 25 2 1 0 

CCT 7023 3541 558 69 8 0 0 0 

 

 

2.3.2 ɼʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʨʝʟʫʣʴʪʫʶʯʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ ʥʝʡʨʦʥʥʦʾ 

ʤʝʨʝʞʽ 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʝʢʩʧʝʨʠʤʝʥʪʫ ʙʫʣʦ ʦʙʨʘʥʦ ʜʚʽ ʙʘʟʦʚʽ ʅʄ, ʘ ʩʘʤʝ, MLP-Mixer 

ʪʘ CCT.  

ʇʝʨʰʠʡ ʝʪʘʧ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʚʦʜʠʚʩʷ ʟʘ ʪʘʢʠʤʠ ʫʤʦʚʘʤʠ ʝʢʩʧʝʨʠʤʝʥʪʫ: 

ï ʙʘʟʦʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ï MLP-Mixer; 

ï ʢʽʣʴʢʽʩʪʴ ʢʣʦʥʽʚ ï L; 

ï ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʽ ʚʝʢʪʦʨʠ ί ï ʚʠʧʘʜʢʦʚʽ; 

ï ʜʽʘʧʘʟʦʥ  ʬʦʨʤʫʚʘʥʥʷ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ ï D; 

ï ʟʩʫʚ ʟʜʽʡʩʥʶʚʘʚʩʷ ʧʦ ʨʷʜʢʘʭ; 

ï ʟʘʛʘʣʴʥʘ ʩʪʨʫʢʪʫʨʘ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ (ʜʠʚ. ʨʠʩ. 2.4.) 

ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʜʣʷ ʥʘʙʦʨʫ ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʽʟ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-

10 (ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ï 10 ʪʠʩ.). 

ʋ ʪʘʙʣ. 2.10 ʥʘʚʝʜʝʥʦ ʟʥʘʯʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʱʦ ʜʝʤʦʥʩʪʨʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʜʦʜʘʚʘʥʥʷ ʜʦ 
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ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʢʣʦʥʽʚ MLP-Mixer. ɯʟ ʪʘʙʣ. 2.10 

ʚʠʜʥʦ, ʱʦ ʟʙʽʣʴʰʝʥʥʷ ʜʽʘʧʘʟʦʥʫ ʚʝʣʠʯʠʥ ʟʩʫʚʽʚ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʩʫʪʪʻʚʦʛʦ 

ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. ɼʣʷ ʜʽʘʧʘʟʦʥʫ ʚʽʜ 0 ʜʦ D=  1  ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʨʦʩʪʘʻ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʠʭ ʢʣʦʥʽʚ ʜʦ L = 9. ʇʨʠ L = 10 ʦʪʨʠʤʘʥʦ 

ʪʝ ʩʘʤʝ ʟʥʘʯʝʥʥʷ. ʇʨʠ ʮʴʦʤʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʨʦʩʣʘ ʚʽʜ 0.7674 (ʙʝʟ ʢʣʦʥʽʚ) ʜʦ 

0.7965 (ʜʣʷ 9 ʢʣʦʥʽʚ), ʪʦʙʪʦ ʥʘ 3.8%. ʎʝ ʚʽʜʧʦʚʽʜʘʻ ʟʤʝʥʰʝʥʥʶ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ 

ʧʨʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 291 ʘʙʦ 12.5%. 

ɺ ʜʘʥʦʤʫ ʚʠʧʘʜʢʫ ʧʝʨʝʪʚʦʨʝʥʥʷ q ̫ ʚʣʷʶʪʴ ʩʦʙʦʶ ʮʠʢʣʽʯʥʽ ʟʩʫʚʠ S, ʨʷʜʢʽʚ ʘʙʦ 

ʩʪʦʚʧʮʽʚ ʧʽʢʩʝʣʽʚ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʚʝʢʪʦʨʽʚ ʟʩʫʚʽʚ: 

 

ί ίȟίȟȣȟί ȟ                                                    (2.7) 

 

ʜʝ ί ï ʮʽʣʽ ʯʠʩʣʘ ʚ ʜʽʘʧʘʟʦʥʽ ʚʽʜ 0 ʜʦ D, ʱʦ ʬʦʨʤʫʶʪʴʩʷ ʛʝʥʝʨʘʪʦʨʦʤ 

ʚʠʧʘʜʢʦʚʠʭ ʯʠʩʝʣ ʟ ʨʽʚʥʦʤʽʨʥʠʤ ʨʦʟʧʦʜʽʣʦʤ; 

rs   ï ʢʽʣʴʢʽʩʪʴ ʨʷʜʢʽʚ s ʘʙʦ ʩʪʦʚʧʮʽʚ ʫ ʟʦʙʨʘʞʝʥʥʽ. 

 

ʊʘʙʣʠʮʷ 2.10 ï ɿʘʣʝʞʥʽʩʪʴ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ Accuracy ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ 

ʪʘ ʚʽʜ ʜʽʘʧʘʟʦʥʫ ʟʩʫʚʽʚ ʧʽʜ ʯʘʩ ʬʦʨʤʫʚʘʥʥʷ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ ί 

L D =1 D =2 D =3 D =4 D =5 D =6 

1 0.7828 0.7790 0.7818 0.7783 0.7755 0.7766 

2 0.7856 0.7829 0.7829 0.7805 0.7794 0.7765 

3 0.7910 0.7896 0.7840 0.7816 0.7823 0.7776 

4 0.7920 0.7917 0.7863 0.7845 0.7833 0.7803 

5 0.7936 0.7905 0.7852 0.7835 0.7841 0.7772 

6 0.7953 0.7907 0.7842 0.7851 0.7824 0.7773 

7 0.7957 0.7915 0.7859 0.7850 0.7840 0.7775 

8 0.7954 0.7902 0.7861 0.7865 0.7838 0.7772 

9 0.7965 0.7913 0.7860 0.7868 0.7841 0.7775 

10 0.7965 0.7918 0.7873 0.7867 0.7835 0.7778 
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ɸʥʘʣʦʛʽʯʥʽ ʜʘʥʽ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 2.11, ʜʝ ʧʦʨʽʚʥʶʶʪʴʩʷ ʟʩʫʚʠ ʧʦ ʨʷʜʢʘʭ ʽ 

ʩʪʦʚʧʮʷʭ ʜʣʷ ʜʽʘʧʘʟʦʥʫ ʚʽʜ 0 ʜʦ D = 1, ʘ ʪʘʢʦʞ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʽʜʞʝʥʠʭ ʚʝʢʪʦʨʽʚ 

ʟʩʫʚʫ sʨʦʟ (ʦʧʝʨʘʪʦʨ ʟʩʫʚʫ Sʨʦʟ , ʜʠʚ.(2.11), (2.12)). 

 

ʊʘʙʣʠʮʷ 2.11 ï ɿʘʣʝʞʥʽʩʪʴ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ Accuracy ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ (L) ʜʣʷ 

MLP-Mixer ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʨʽʟʥʠʭ ʦʧʝʨʘʪʦʨʽʚ ʟʩʫʚʫ S 

L S (D=1) 

ɿʩʫʚ ʧʦ ʨʷʜʢʘʭ 

S (D=1) 

ɿʩʫʚ ʧʦ ʩʪʦʚʧʮʷʤ 

Sʨʦʟ (D=1) 

ɿʩʫʚ ʧʦ ʩʪʦʚʧʮʷʤ 

Sʨʦʟ  (D=1) 

ɿʩʫʚ ʧʦ ʨʷʜʢʘʭ 

1 0.7828 0.7870 0.7828 0.7792 

2 0.7856 0.7900 0.7902 0.7881 

3 0.7910 0.7936 0.7943 0.7912 

4 0.7920 0.7942 0.7949 0.7931 

5 0.7936 0.7951 0.7969 0.7972 

6 0.7953 0.7956 0.7987 0.8000 

7 0.7957 0.7985 0.7995 0.8006 

8 0.7954 0.7989 0.8004 0.8002 

9 0.7965 0.7985 0.8012 0.8019 

10 0.7965 0.7992 0.8015 0.8010 

11 0.7975 0.7981 0.8011 0.8023 

12 0.7972 0.7982 0.8007 0.8029 

 

ɯʟ ʜʘʥʠʭ ʪʘʙʣ. 2.11 ʚʠʜʥʦ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʽʜʞʝʥʠʭ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ ʪʘ 

ʟʩʫʚʫ ʧʦ ʨʷʜʢʘʭ ʟʘʙʝʟʧʝʯʫʻ ʧʝʚʥʫ ʧʝʨʝʚʘʛʫ ʟʘ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ ʡ ʜʦʟʚʦʣʷʻ 

ʦʪʨʠʤʘʪʠ ʷʢʽʩʪʴ 0.8029 ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ 12 ʢʣʦʥʽʚ. ʎʝ ʩʪʘʥʦʚʠʪʴ 4.6% ʧʦʣʽʧʰʝʥʥʷ 

ʷʢʦʩʪʽ ʘʙʦ 15% ʟʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʅʘ ʜʨʫʛʦʤʫ ʝʪʘʧʽ ʜʦʩʣʽʜʞʝʥʥʷ ʘʥʘʣʦʛʽʯʥʽ ʦʙʯʠʩʣʝʥʥʷ ʙʫʣʠ ʧʨʦʚʝʜʝʥʽ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT (ʪʘʙʣ. 2.12). 

ʋ ʦʜʠʥʦʯʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT (ʙʝʟ ʢʣʦʥʽʚ) ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 

ʪʝʩʪʦʚʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ ʩʪʘʥʦʚʠʪʴ 0.8021, ʱʦ ʚʽʜʧʦʚʽʜʘʻ 1979 ʧʦʤʠʣʢʘʤ. ʇʨʠ 

ʟʙʽʣʴʰʝʥʥʽ ʢʽʣʴʢʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʠʭ ʢʣʦʥʽʚ ʜʦ 11 ʚʜʘʻʪʴʩʷ ʧʽʜʚʠʱʠʪʠ ʷʢʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦ 0.8492 (ʧʦʢʨʘʱʝʥʥʷ ʥʘ 5.9%) ʽ, ʚʽʜʧʦʚʽʜʥʦ, ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ ʜʦ 1508 (ʟʤʝʥʰʝʥʥʷ ʥʘ 23.8%). ɼʘʥʽ ʪʘʙʣ. 2.12 ʪʘʢʦʞ ʩʚʽʜʯʘʪʴ ʧʨʦ ʧʝʨʝʚʘʛʫ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʦʟʨʽʜʞʝʥʠʭ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ ʪʘ ʟʩʫʚʫ ʧʦ ʨʷʜʢʘʭ. 
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ʊʘʙʣʠʮʷ 2.12 ï ɿʘʣʝʞʥʽʩʪʴ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ Accuracy ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ (L) ʜʣʷ 

CCT ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʨʽʟʥʠʭ ʦʧʝʨʘʪʦʨʽʚ ʟʩʫʚʫ S 

L S (D=1) 

ɿʩʫʚ ʧʦ ʨʷʜʢʘʭ 

S (D=1)  

ɿʩʫʚ ʧʦ ʩʪʦʚʧʮʷʤ 

Sʨʦʟ 

ɿʩʫʚ ʧʦ ʩʪʦʚʧʮʷʤ 

Sʨʦʟ 

ɿʩʫʚ ʧʦ ʨʷʜʢʘʭ 

1 0.8242 0.8254 0.8223 0.8201 

2 0.8295 0.8292 0.8286 0.8289 

3 0.8340 0.8330 0.8342 0.8346 

4 0.8372 0.8335 0.8352 0.8363 

5 0.8381 0.8369 0.8377 0.8395 

6 0.8400 0.8384 0.8413 0.8407 

7 0.8414 0.8381 0.8424 0.8444 

8 0.8420 0.8393 0.8417 0.8470 

9 0.8428 0.8407 0.8446 0.8474 

10 0.8425 0.8403 0.8439 0.8483 

11 0.8434 0.8403 0.8435 0.8492 

12 0.8422 0.8409 0.8449 0.8491 

 

 

2.4 ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥ ̔ ʥʘ ʧʝʨʰʦʤʫ 

ʩʪʫʧʝʥʽ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʢʣʦʥʽʚ ʅʄ, 

ʦʪʨʠʤʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʦʧʝʨʘʪʦʨʽʚ ʟʩʫʚʫ ʽ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ 

 

ɺʠʱʝ ʙʫʣʦ ʧʦʢʘʟʘʥʦ (ʜʠʚ. ʪʘʙʣ. 2.7), ʱʦ ʜʦʜʘʚʘʥʥʷ ʢʣʦʥʽʚ MLP-Mixer, 

ʦʪʨʠʤʘʥʠʭ ʰʣʷʭʦʤ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ, ʟʘʚʞʜʠ ʧʨʠʟʚʦʜʠʣʦ ʜʦ ʧʝʚʥʦʛʦ 

ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ 

ʥʠʭ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ MLP-Mixer, ʦʪʨʠʤʘʥʠʭ ʤʝʪʦʜʦʤ ʟʩʫʚʽʚ, ʜʣʷ ʦʜʥʠʭ 

ʥʘʙʦʨʽʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʜʘʚʘʣʦ ʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ (ï12% ʧʦʤʠʣʦʢ), ʥʽʞ ʧʨʠ 

ʧʦʚʦʨʦʪʽ (ï11%), ʘ ʜʣʷ ʽʥʰʠʭ ï ʛʽʨʰʽ (+0.7% ʧʦʤʠʣʦʢ). 

ʇʨʦʚʝʜʝʥʥʷ ʪʘʢʦʛʦ ʧʦʨʽʚʥʷʥʥʷ ʜʣʷ ʢʦʥʢʨʝʪʥʦʛʦ ʥʘʙʦʨʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ 

ʜʦʟʚʦʣʷʻ ʚʠʟʥʘʯʠʪʠ  

- ʥʘʩʢʽʣʴʢʠ ʝʬʝʢʪʠʚʥʦ ʜʦʜʘʚʘʥʥʷ ʥʘ ʧʝʨʰʠʡ ʩʪʫʧʽʥʴ ʢʣʦʥʽʚ ʙʘʟʦʚʠʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ; 

- ʷʢʠʡ ʤʝʪʦʜ ʬʦʨʤʫʚʘʥʥʷ ʢʣʦʥʽʚ ʜʘʻ ʥʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ ʜʣʷ ʜʘʥʦʛʦ ʥʘʙʦʨʫ 

ʜʘʥʠʭ. 
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ʈʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ ʅʄ, ʦʪʨʠʤʘʥʠʭ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ ʽ ʟʩʫʚʫ, ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 2.13. ɼʣʷ 

ʧʦʨʽʚʥʷʥʥʦʩʪʽ ʨʝʟʫʣʴʪʘʪʽʚ ʙʘʟʦʚʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʪʘ ʜʘʥʽ ʱʦʜʦ ʢʣʦʥʽʚ ʽʟ ʧʦʚʦʨʦʪʦʤ 

ʫʟʷʪʦ ʟ ʧʫʥʢʪʫ 2.1.4. ɼʣʷ ʟʩʫʚʽʚ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʣʠʰʝ ʨʦʟʨʽʜʞʝʥʽ ʚʝʢʪʦʨʠ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ CCT ʟʘʚʞʜʠ ʜʘʚʘʣʦ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʷʢ 

ʫ ʧʦʨʽʚʥʷʥʥʽ ʽʟ ʩʠʪʫʘʮʽʻʶ ʙʝʟ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʦʥʽʚ, ʪʘʢ ʽ ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʣʦʥʽʚ MLP-Mixer, ʦʪʨʠʤʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʧʦʚʦʨʦʪʫ ʽ ʟʩʫʚʫ. 

ɼʽʘʧʘʟʦʥ ʟʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʧʦʤʠʣʦʢ ʫ ʨʝʟʫʣʴʪʘʪʽ ʜʦʜʘʚʘʥʥʷ ʢʣʦʥʽʚ CCT, 

ʦʪʨʠʤʘʥʠʭ ʰʣʷʭʦʤ ʟʩʫʚʫ, ʩʪʘʥʦʚʠʚ ʚʽʜ 3,1% ʜʦ 13%. 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʘʣʦ, ʱʦ ʟʩʫʚ ʩʪʦʚʧʮʽʚ ʽ ʨʷʜʢʽʚ ʚʭʽʜʥʠʭ 

ʟʦʙʨʘʞʝʥʴ ʜʦʟʚʦʣʷʻ ʦʪʨʠʤʘʪʠ ʢʣʦʥʠ ʙʘʟʦʚʠʭ ʅʄ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʷʢʠʭ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʧʽʜʚʠʱʫʻ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʎʝ 

ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʦʙʭʽʜʥʽ ʅʄ ʟʽ ʩʪʨʫʢʪʫʨʦʚʘʥʦʶ ʦʙʨʦʙʢʦʶ ʚʭʽʜʥʠʭ 

ʩʠʛʥʘʣʽʚ. ʉʪʨʫʢʪʫʨʦʚʘʥʽʩʪʴ ʦʙʨʦʙʢʠ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʪʦʛʦ, ʱʦ ʮʠʢʣʽʯʥʠʡ ʟʩʫʚ ʨʷʜʢʽʚ 

ʽ ʩʪʦʚʧʮʽʚ ʟʤʽʥʶʻ ʧʦʤʠʣʢʠ, ʷʢʠʭ ʧʨʠʧʫʩʢʘʻʪʴʩʷ ʅʄ. ʂʦʤʙʽʥʫʚʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ 

ʅʄ, ʱʦ ʨʦʙʣʷʪʴ ʧʦʤʠʣʢʠ ʥʘ ʨʽʟʥʠʭ ʥʘʙʦʨʘʭ ʟʦʙʨʘʞʝʥʴ, ʜʦʟʚʦʣʷʻ ʧʽʜʚʠʱʠʪʠ ʥʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʨʝʟʫʣʴʪʫʶʯʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ɺʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʢʣʦʥʽʚ, ʷʢʽ ʦʪʨʠʤʫʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʟʩʫʚʽʚ, ʜʦʟʚʦʣʷʻ 

ʚʠʢʦʥʫʚʘʪʠ ʚʽʜʙʽʨ ʢʣʦʥʽʚ ʽʟ ʥʘʡʢʨʘʱʦʶ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʎʝ ʻ ʜʦʜʘʪʢʦʚʦʶ 

ʧʝʨʝʚʘʛʦʶ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʩʧʦʩʦʙʫ ʬʦʨʤʫʚʘʥʥʷ ʢʣʦʥʽʚ. 

 

 

 

ʊʘʙʣʠʮʷ 2.13 ï ʗʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʂʣʘʩʠʬʽʢʘʪʦʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ Accuracy ʂʽʣʴʢʽʩʪʴ 

ʧʦʤʠʣʦʢ 

ɿʤʽʥʘ 

ʢʽʣʴʢʦʩʪʽ 

ʧʦʤʠʣʦʢ 

CCT+EATNet 0.8184 1816 0 % 

CCT+EAT+ 

2 ʢʣʦʥʠ MLP-Mixer ʟ ʧʦʚʦʨʦʪʦʤ 

0.8390 1610 ï11 % 

CCT+EATNet+ 0.8402 1598 ï12 % 
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2 ʢʣʦʥʠ MLP-Mixer ʟʽ ʟʩʫʚʦʤ 

CCT+EATNet+2 ʢʣʦʥʠ CCT ʟʽ ʟʩʫʚʦʤ 0.8429 1571 ï13 % 

CCT+EATNet+MLP-Mixer 0.8401 1599 0 % 

CCT+EATNet+MLP-Mixer+ 

2 ʢʣʦʥʠ MLP-Mixer ʟ ʧʦʚʦʨʦʪʦʤ 

0.8425 1575 ï1,5 % 

CCT+EATNet+MLP-Mixer+ 

2 ʢʣʦʥʠ MLP-Mixer ʟʽ ʟʩʫʚʦʤ 

0.8436 1564 ï2,2 % 

CCT+EATNet+MLP-Mixer+ 

2 ʢʣʦʥʠ CCT ʟʽ ʟʩʫʚʦʤ 

0.8482 1518 ï5 % 

CCT+EATNet+MLP-Mixer+FNet 0.8445 1555 0 % 

CCT+EATNet+MLP-Mixer+FNet+ 

2 ʢʣʦʥʠ MLP-Mixer ʟ ʧʦʚʦʨʦʪʦʤ 

0.8458 1542 ï0,8 % 

CCT+EATNet+MLP-Mixer+FNet+ 

2 ʢʣʦʥʠ MLP-Mixer ʟʽ ʟʩʫʚʦʤ 

0.8458 1542 ï0,8 % 

CCT+EATNet+MLP-Mixer+FNet+ 

2 ʢʣʦʥʠ CCT ʟʽ ʟʩʫʚʦʤ 

0.8496 1504 ï3,3 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 0.8457 1543 0 % 

CCT+EATNet+MLP-Mixer+FNet+ 

gMLP+2 ʢʣʦʥʠ MLP-Mixer ʟ ʧʦʚʦʨʦʪʦʤ 

0.8471 1529 ï1 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+2 ʢʣʦʥʠ MLP-Mixer ʟʽ ʟʩʫʚʦʤ 

0.8457 1543 0 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+2 ʢʣʦʥʠ CCT ʟʽ ʟʩʫʚʦʤ 

0.8514 1486 ï3,7 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+SwinTr 

0.8468 1 532 0 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+SwinTr+2 ʢʣʦʥʠ MLP-Mixer ʟ 

ʧʦʚʦʨʦʪʦʤ 

0.8482 1518 ï1 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+SwinTr+2 ʢʣʦʥʠ MLP-Mixer ʟʽ ʟʩʫʚʦʤ 

0.8457 1543 +0,7 % 

CCT+EATNet+MLP-Mixer+FNet+gMLP 

+SwinTr+2 ʢʣʦʥʠ CCT ʟʽ ʟʩʫʚʦʤ 

0.8515 1485 ï3,1 % 

 

ʗʢ ʚʠʧʣʠʚʘʻ ʟ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ, ʥʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʨʦʟʨʽʜʞʝʥʽ ʚʝʢʪʦʨʠ ʟʩʫʚʽʚ (ʦʧʝʨʘʪʦʨ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ Sʨʦʟ). ʋ ʩʝʨʝʜʥʴʦʤʫ ʪʘʢʽ 

ʦʧʝʨʘʪʦʨʠ ʟʩʫʚʽʚ ʚʠʤʘʛʘʶʪʴ ʚʠʢʦʥʘʪʠ ʣʠʰʝ 8 ʮʠʢʣʽʯʥʠʭ ʟʩʫʚʽʚ ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ 

ʥʘ ʦʜʥʫ ʧʦʟʠʮʽʶ (ʜʠʚ. ʨʠʩ. 2.6). 

ʇʨʦʚʝʜʝʥʝ ʧʦʨʽʚʥʷʥʥʷ ʢʣʦʥʽʚ ʅʄ MLP-Mixer ʽ CCT ʧʦʢʘʟʘʣʦ, ʱʦ ʾʭ ʢʣʦʥʠ 

ʩʫʪʪʻʚʦ ʚʽʜʨʽʟʥʷʶʪʴʩʷ. ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʧʨʠ ʧʨʘʢʪʠʯʥʽʡ ʨʝʘʣʽʟʘʮʽʾ 

ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʥʝʦʙʭʽʜʥʦ ʟʜʽʡʩʥʶʚʘʪʠ ʚʽʜʙʽʨ ʢʣʦʥʽʚ, 
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ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʡʚʠʱʫ ʨʝʟʫʣʴʪʫʶʯʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʇʦʨʽʚʥʷʥʥʷ, ʱʦ 

ʧʨʦʚʝʜʝʥʦ  ʫ ʪʘʙʣ. 2.9 ʧʦʢʘʟʫʻ, ʱʦ ʢʣʦʥʠ CCT ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ ʙʽʣʴʰʠʤ 

ʨʽʟʥʦʤʘʥʽʪʪʷʤ. ɻʨʫʧʘ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ CCT ʽ ʧôʷʪʠ ʢʣʦʥʽʚ, ʫʞʝ ʥʝ ʤʘʻ ʪʘʢʠʭ 

ʧʦʤʠʣʦʢ, ʷʢʽ ʙ ʟʜʽʡʩʥʶʚʘʣʠ ʚʩʽ ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ. ɼʣʷ MLP-Mixer 

ʪʘʢʘ ʛʨʫʧʘ ʧʦʚʠʥʥʘ ʤʽʩʪʠʪʠ ʚʞʝ 7 ʢʣʦʥʽʚ. ɯʟ ʪʘʙʣ. 2.11 ʽ ʪʘʙʣ. 2.12 ʚʠʜʥʦ, ʱʦ 

ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ MLP-Mixer ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʜʦ 12 ʜʦʟʚʦʣʷʻ 

ʧʽʜʚʠʱʠʪʠ ʨʝʟʫʣʴʪʫʶʯʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 4,6%, ʪʦʜʽ ʷʢ ʜʣʷ CCT ʮʝ 

ʧʽʜʚʠʱʝʥʥʷ ʩʪʘʥʦʚʠʪʴ 5,9%. ɼʦʜʘʚʘʥʥʷ ʜʚʦʭ ʢʣʦʥʽʚ CCT ʜʦ ʨʽʟʥʦʾ ʢʽʣʴʢʦʩʪʽ 

ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ (ʜʠʚ. ʪʘʙʣ. 2.13) ʟʘʙʝʟʧʝʯʫʚʘʣʦ ʚʠʱʫ 

ʷʢʽʩʪʴ ʥʘ 1ï3,7% ʧʦʨʽʚʥʷʥʦ ʟ ʜʚʦʤʘ ʢʣʦʥʘʤʠ MLP-Mixer. 

ʗʢ ʦʙʤʝʞʝʥʥʷ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʤʦʞʥʘ ʟʘʟʥʘʯʠʪʠ ʥʝʦʙʭʽʜʥʽʩʪʴ 

ʧʨʦʚʝʜʝʥʥʷ ʜʦʜʘʪʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ ʜʣʷ ʚʽʜʙʦʨʫ ʢʣʦʥʽʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʱʦ 

ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʘʡʙʽʣʴʰʝ ʧʽʜʚʠʱʝʥʥʷ ʨʝʟʫʣʴʪʫʶʯʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʩʴʦʛʦ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ʅʝʜʦʣʽʢʦʤ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʻ ʪʝ, ʱʦ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʧʨʠʨʽʩʪ ʨʝʟʫʣʴʪʫʶʯʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʤʝʥʰʫʻʪʴʩʷ ʽ 

ʧʨʘʢʪʠʯʥʦ ʧʦʚʥʽʩʪʶ ʟʫʧʠʥʷʻʪʴʩʷ ʫ ʨʦʟʛʣʷʥʫʪʦʤʫ ʧʨʠʢʣʘʜʽ, ʥʘʧʨʠʢʣʘʜ, ʧʨʠ 

ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ 11ï12 (ʜʠʚ. ʪʘʙʣ. 2.11, 2.12). ʇʦʜʦʣʘʥʥʷ ʮʴʦʛʦ ʥʝʜʦʣʽʢʫ ʚʠʤʘʛʘʻ 

ʧʨʦʚʝʜʝʥʥʷ ʜʦʜʘʪʢʦʚʠʭ ʜʦʩʣʽʜʞʝʥʴ ʽ ʨʦʟʨʦʙʣʝʥʥʷ ʤʦʜʝʣʝʡ ʥʦʚʠʭ ʅʄ ʟʽ 

ʩʪʨʫʢʪʫʨʦʚʘʥʦʶ ʦʙʨʦʙʢʦʶ. 

 

2.5 ʄʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ  ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ 

 

ʆʟʥʘʢʠ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʅʄ (2.1) ʟ ʜʦʜʘʚʘʥʥʷʤ ʢʣʦʥʽʚ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʧʦʙʫʜʦʚʘʥʠʭ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ ʽ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ ʤʦʞʥʘ ʧʨʝʜʩʪʘʚʠʪʠ ʫ 

ʚʠʛʣʷʜʽ ʢʦʨʪʝʞʫ ʧʘʨʘʤʝʪʨʽʚ: 
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ὠ ἐɡȟὔȟ ἐ ɡȟ ἐ ɡȟἝ╣ȟ╠╢̑ ̏̈ ,                      (2.10) 

 

ʜʝ ἐɡ ï ʤʥʦʞʠʥʘ ʪʠʧʽʚ ʚʠʙʨʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟ ʾʭʥʽʤʠ ʚʣʘʩʥʠʤʠ 

ʧʘʨʘʤʝʪʨʘʤʠ ɡ ; 

ὔ ὓ ὒ) ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ; 

ὓ ï ʢʽʣʴʢʽʩʪʴ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ; 

ὒ ï ʢʽʣʴʢʽʩʪʴ ʢʣʦʥʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ; 

ἐ ɡ ï ʤʥʦʞʠʥʘ ʢʣʦʥʽʚ, ʦʪʨʠʤʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʦʧʝʨʘʪʦʨʘ ʧʦʚʦʨʦʪʽʚ ╣; 

ἐ ɡ ï ʤʥʦʞʠʥʘ ʢʣʦʥʽʚ, ʦʪʨʠʤʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʦʧʝʨʘʪʦʨʘ ʮʠʢʣʽʯʥʠʭ 

ʟʩʫʚʽʚ ʟ ʨʦʟʨʽʜʞʝʥʠʤʠ ʚʝʢʪʦʨʘʤʠ ╢̑ ̏̈; 

Ἕ╣ ï ʤʥʦʞʠʥʘ ʪʠʧʽʚ ʽ ʧʘʨʘʤʝʪʨʠ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʽʚ ╣, ʱʦ ʚʭʦʜʷʪʴ ʜʦ 

ʩʢʣʘʜʫ ʢʣʦʥʽʚ; 

╠╢̑ ̏  ̈ ï ʤʥʦʞʠʥʘ ʪʠʧʽʚ ʽ ʧʘʨʘʤʝʪʨʠ ʦʧʝʨʘʪʦʨʽʚ ʮʠʢʣʽʯʥʠʭ ʟʩʫʚʽʚ ʟ 

ʨʦʟʨʽʜʞʝʥʠʤʠ ʚʝʢʪʦʨʘʤʠ ╢̑ ̏,̈ ʱʦ ʚʭʦʜʷʪʴ ʜʦ ʩʢʣʘʜʫ ʢʣʦʥʽʚ. 

ɺʨʘʭʦʚʫʶʯʠ ʨʝʟʫʣʴʪʘʪʠ ʧʨʦʚʝʜʝʥʠʭ ʢʦʤʧôʶʪʝʨʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʟ ʦʮʽʥʢʠ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʨʽʟʥʠʭ ʅʄ, 

ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʚʠʢʦʨʠʩʪʘʥʥʷ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ ʽ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ 

ʟʦʙʨʘʞʝʥʴ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ 

ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʦʙʨʘʞʝʥʴ ʟʽ ʩʪʝʢʽʥʛʦʤ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʷʢʠʡ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʘʢʠʭ ʝʪʘʧʽʚ.  

ɽʪʘʧ 1. ɼʣʷ ʟʘʜʘʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʧʝʨʝʚʽʨʠʪʠ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ (Accuracy) 

ʚʽʜʦʤʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ ʚʠʙʨʘʪʠ ʥʘʡʢʨʘʱʽ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ï ἐɡ. 

ɺʨʘʭʦʚʫʶʯʠ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʧʦʪʫʞʥʩ̔ʪɹ ʧʨʦʮʝʩʦʨʘ, ʥʘ ʷʢʦʤʫ ʙʫʜʝ ʨʝʘʣʽʟʦʚʘʥʦ 

ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʽ ʟ ʥʝʦʙʭʽʜʥʦʾ ʯʘʩʪʦʪʠ ʦʙʨʦʙʢʠ ʚʭʽʜʥʠʭ 

ʟʦʙʨʘʞʝʥʴ, ʚʠʟʥʘʯʘʻʤʦ ʤʘʢʩʠʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ὔ, ʷʢʽ ʙʫʜʫʪʴ 

ʨʝʘʣʽʟʦʚʘʥʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. 

ɽʪʘʧ 2. ɼʣʷ ʟʘʜʘʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʧʦʙʫʜʫʚʘʪʠ ʢʣʦʥʠ ʚʠʙʨʘʥʠʭ ʙʘʟʦʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʧʝʨʘʪʦʨʫ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ  ἢ, ʜʣʷ 
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ʢʫʪʽʚ ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʚʽʜ 0 ʜʦ ὸ ʛʨʘʜʫʩʽʚ, ʜʝ ὸ ρ, ʽʟ ʢʨʦʢʦʤ Ў ὸȾὋ 

ʛʨʘʜʫʩʘ (G>20 ʚʠʟʥʘʯʝʥʦ ʚ ʭʦʜʽ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘ ʝʢʩʧʝʨʪʥʠʤʠ ʦʮʽʥʢʘʤʠ). 

ʇʦʙʫʜʫʚʘʪʠ ʪʘʙʣʠʮʶ ʩʧʽʣʴʥʠʭ ʧʦʤʠʣʦʢ. ʋ ʮʽʡ ʪʘʙʣʠʮʽ ʟʥʘʡʪʠ ʨʷʜʦʢ ʽʟ ʥʘʡʤʝʥʰʦʶ 

ʩʫʤʦʶ ʝʣʝʤʝʥʪʽʚ (ʩʧʽʣʴʥʠʭ ʧʦʤʠʣʦʢ). ʂʫʪ ʧʦʚʦʨʦʪʫ, ʱʦ ʚʽʜʧʦʚʽʜʘʻ ʮʴʦʤʫ ʨʷʜʢʫ, 

ʧʨʠʡʤʘʻʪʴʩʷ ʟʘ ʢʨʦʢ ʢʫʪʘ ʧʦʚʦʨʦʪʫ ɝ ʚ ʦʧʝʨʘʪʦʨʽ ʧʦʚʦʨʦʪʫ Ἕ╣Ў  ʧʨʠ ʧʦʙʫʜʦʚʽ 

ʢʣʦʥʽʚ. 

ɽʪʘʧ 3. ʇʦʙʫʜʫʚʘʪʠ ʪʘ ʥʘʚʯʠʪʠ ὔ ρ ʢʣʦʥʽʚ  ἐ ɡ ʜʣʷ ʢʦʞʥʦʛʦ ʟ ʚʠʙʨʘʥʠʭ 

ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟ ʢʫʪʘʤʠ ʧʦʚʦʨʦʪʫ ɝ, ɝ, ςɝ, ςɝ, σɝ, σɝ, ʪʦʱʦ. ʅʘʚʯʠʪʠ 

ʧʦʚʥʠʡ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʢʦʞʥʦʛʦ 

ʚʠʙʨʘʥʦʛʦ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʪʘ ʦʜʥʦʛʦ ʢʣʦʥʘ ʟ ʢʫʪʦʤ ɝ, ʧʦʪʽʤ ʚʠʙʨʘʥʦʛʦ 

ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʽ ʜʚʦʭ ʢʣʦʥʽʚ ʽʟ ʢʫʪʘʤʠ ɝ ʽ ɝ, ʪʦʱʦ.  

ɽʪʘʧ 4. ɿʛʝʥʝʨʫʚʘʪʠ ὅ (C>50, ʚʠʟʥʘʯʝʥʦ ʚ ʭʦʜʽ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘ ʝʢʩʧʝʨʪʥʠʤʠ 

ʦʮʽʥʢʘʤʠ) ʨʦʟʨʽʜʞʝʥʠʭ ʚʝʢʪʦʨʽʚ ʟʩʫʚʫ ╢̑ ̏̈, ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʦʧʝʨʘʪʦʨʫ ʮʠʢʣʽʯʥʦʛʦ 

ʟʩʫʚʫ Ἕ╢̑ ̏ ,̈ ʜʣʷ ʢʦʞʥʦʛʦ ʟ ʚʠʙʨʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ. ʇʦʙʫʜʫʚʘʪʠ ʪʘ 

ʥʘʚʯʠʪʠ ʜʣʷ ʟʘʜʘʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʽʟ ʮʠʤʠ ʚʝʢʪʦʨʘʤʠ ʟʩʫʚʫ ὅ ʢʣʦʥʽʚ  ʜʣʷ ʢʦʞʥʦʛʦ 

ʟ ʚʠʙʨʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ ʚʠʙʨʘʪʠ ʟ ʥʠʭ . ρ ʢʣʦʥʽʚ ἐ ɡ ʽʟ 

ʥʘʡʙʽʣʴʰʦʶ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ɽʪʘʧ 5. ʅʘʚʯʠʪʠ ʧʦʚʥʠʡ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʢʦʞʥʦʛʦ ʟ ʦʙʨʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʽ ʦʜʥʦʛʦ ʢʣʦʥʘ, 

ʦʪʨʠʤʘʥʦʛʦ ʮʠʢʣʽʯʥʠʤ ʟʩʫʚʦʤ ʨʷʜʢʽʚ, ʧʦʪʽʤ ʦʙʨʘʥʦʛʦ ʙʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʽ 

ʜʚʦʭ ʢʣʦʥʽʚ, ʪʦʱʦ. 

ɽʪʘʧ 6. ʇʦʨʽʚʥʷʪʠ ʨʝʟʫʣʴʪʘʪʠ ʝʪʘʧʽʚ 3 ʽ 5. ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʨʝʟʫʣʴʪʘʪʽʚ 

ʧʦʨʽʚʥʷʥʥʷ ʚʠʟʥʘʯʠʪʠ ʥʘʩʪʫʧʥʽ ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʽ ʦʟʥʘʢʠ ʧʝʨhʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ: 

- ʪʠʧʠ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟ ʾʭʥʽʤʠ ʚʣʘʩʥʠʤʠ 

ʧʘʨʘʤʝʪʨʘʤʠ ἐɡ;  

- ʟʘʛʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ N; 

- ʪʠʧʠ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʱʦ ʚʭʦʜʷʪʴ ʜʦ ʩʢʣʘʜʫ ʢʣʦʥʽʚ ἐ ɡȟἐ ɡ; 
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- ʪʠʧʠ ʽ ʧʘʨʘʤʝʪʨʠ ʦʧʝʨʘʪʦʨʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ, ʱʦ ʚʭʦʜʷʪʴ ʜʦ ʩʢʣʘʜʫ ʢʣʦʥʽʚ 

Ἕ╣ȟἝ╢̑ ̏ .̈  

ʄʦʜʝʣ ɹʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʅʄ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʤʝʪʦʜʫ ʧʦʙʫʜʦʚʠ ʟʘʙʝʟʧʝʯʫʻ: 

- ʩʫʪʪʻʚʝ ʟʙʽʣʴʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʟʘ ʨʘʭʫʥʦʢ ʜʦʜʘʚʘʥʥʷ ʥʘ ʧʝʨʰʫ ʩʪʫʧʝʥʴ ʥʝʦʙʭʽʜʥʦʾ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ; 

- ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘ 

ʨʘʭʫʥʦʢ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʪʽʣʴʢʠ ʥʘʡʝʬʝʢʪʠʚʥʽʰʠʭ ʙʘʟʦʚʠʭ ʅʄ ʪʘ 

ʟʘʤʽʥʠ ʽʥʰʠʭ ʢʣʦʥʘʤʠ ʥʘʡʙʽʣʴʰ ʝʬʝʢʪʠʚʥʠʭ ʙʘʟʦʚʠʭ ʅʄ. 

 

ɺʠʩʥʦʚʢʠ ʜʦ ʨʦʟʜʽʣʫ 2 

1. ʅʘʙʫʣʘ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ ʤʦʜʝʣʴ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʜʣʷ ʟʦʙʨʘʞʝʥʴ ʟ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ. ɿʘ ʨʘʭʫʥʦʢ ʜʦʜʘʚʘʥʥʷ ʜʦ ʟʘʜʘʥʦʾ ʢʽʣʴʢʦʩʪʽ 

ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʾʭ ʢʣʦʥʽʚ, ʥʘʚʯʝʥʠʭ ʥʘ ʪʨʘʥʩʬʦʨʤʦʚʘʥʠʭ ʚʠʙʽʨʢʘʭ 

ʟʦʙʨʘʞʝʥʴ, ʩʬʦʨʤʦʚʘʥʦ ʪʝʦʨʝʪʠʯʥʝ ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʥʦʚʦʛʦ ʤʝʪʦʜʫ ʚʠʟʥʘʯʝʥʥʷ ʾʾ 

ʩʪʨʫʢʪʫʨʥʦ-ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ. 

2. ɿʘʧʨʦʧʦʥʦʚʘʥʦ ʧʨʠʥʮʠʧʦʚʦ ʥʦʚʠʡ ʤʝʪʦʜ ʚʠʟʥʘʯʝʥʥʷ ʩʪʨʫʢʪʫʨʥʦ-

ʧʘʨʘʤʝʪʨʠʯʥʠʭ ʦʟʥʘʢ ʤʦʜʝʣʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʟʦʙʨʘʞʝʥʴ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. ɿʘʚʜʷʢʠ ʽʥʪʝʛʨʘʮʽʾ ʽʥʚʘʨʽʘʥʪʥʠʭ ʦʧʝʨʘʪʦʨʽʚ ʧʦʚʦʨʦʪʫ 

ʪʘ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ, ʤʝʪʦʜ ʜʦʟʚʦʣʷʻ ʛʝʥʝʨʫʚʘʪʠ ʚʠʩʦʢʦʝʬʝʢʪʠʚʥʽ ʘʥʩʘʤʙʣʽ ʅʄ ʚ 

ʫʤʦʚʘʭ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʪʘ ʦʙʤʝʞʝʥʦʛʦ ʦʙʩʷʛʫ ʥʘʚʯʘʣʴʥʠʭ 

ʚʠʙʽʨʦʢ. 

3. ʅʘ ʧʨʠʢʣʘʜʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ MLP-Mixer ʪʘ CCT ʧʦʢʘʟʘʥʦ, ʱʦ ʧʦʚʦʨʦʪ 

ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʧʨʠ ʩʪʨʫʢʪʫʨʦʚʘʥʽʡ ʦʙʨʦʙʮʽ ʚ ʢʣʘʩʠʬʽʢʘʪʦʨʽ ʧʨʠʟʚʦʜʠʪʴ ʜʦ 

ʩʫʪʪʻʚʠʭ ʚʽʜʤʽʥʥʦʩʪʝʡ ʫ ʪʦʤʫ, ʥʘ ʷʢʠʭ ʟʦʙʨʘʞʝʥʥʷʭ ʢʣʘʩʠʬʽʢʘʪʦʨ ʨʦʙʠʪʴ ʧʦʤʠʣʢʠ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ. 

4. ʇʦʢʘʟʘʥʦ, ʱʦ ʟʙʽʣʴʰʝʥʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʫ ʰʠʨʠʥʫ ʰʣʷʭʦʤ ʧʽʜʚʠʱʝʥʥʷ 

ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʟʘʙʝʟʧʝʯʫʻ ʧʦʢʨʘʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʦʨʽʚʥʷʥʦ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʫ ʛʣʠʙʠʥʫ ʟʘ 
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ʧʨʘʢʪʠʯʥʦ ʦʜʥʘʢʦʚʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʅʘ ʧʨʠʢʣʘʜʽ ʘʣʛʦʨʠʪʤʫ MLP-Mixer ʽ 

ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 ʪʘʢʝ ʧʦʢʨʘʱʝʥʥʷ ʩʪʘʥʦʚʠʣʦ ʚʽʜ 0.7% ʜʦ 3.9%. 

5. ʇʦʢʘʟʘʥʦ, ʱʦ ʧʨʠ ʨʦʙʦʪʽ ʟ ʥʘʙʦʨʦʤ ʜʘʥʠʭ CIFAR-10 ʜʦʜʘʚʘʥʥʷ ʜʦ 

ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʜʚʦʭ ʢʣʦʥʽʚ ʘʣʛʦʨʠʪʤʫ MLP-Mixer, ʦʪʨʠʤʘʥʠʭ ʦʧʝʨʘʪʦʨʦʤ 

ʧʦʚʦʨʦʪʫ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʟʘʙʝʟʧʝʯʠʣʦ ʟʤʝʥʰʝʥʥʷ ʧʦʤʠʣʢʠ ʚʽʜ 1% ʜʦ 11% 

ʟʘʣʝʞʥʦ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. ɸʥʘʣʦʛʽʯʥʦ ʜʣʷ 

CCT ʟʤʝʥʰʝʥʥʷ ʧʦʤʠʣʢʠ ʩʪʘʥʦʚʠʣʦ ʚʽʜ 2.1% ʜʦ 10%. 

6. ʅʘʚʝʜʝʥʠʡ ʫ ʨʦʙʦʪʽ ʧʽʜʭʽʜ ʜʦ ʚʠʙʦʨʫ ʢʨʦʢʫ ʚ ʦʧʝʨʘʪʦʨʽ ʧʦʚʦʨʦʪʫ 

ʟʦʙʨʘʞʝʥʴ ʧʨʠ ʬʦʨʤʫʚʘʥʥʽ ʢʣʦʥʽʚ ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 ʤʦʞʝ ʙʫʪʠ 

ʚʠʢʦʨʠʩʪʘʥʠʡ ʧʨʠ ʨʦʙʦʪʽ ʟ ʙʫʜʴ-ʷʢʠʤ ʽʥʰʠʤ ʥʘʙʦʨʦʤ ʜʘʥʠʭ. 

7. ʅʘ ʧʨʠʢʣʘʜʽ ʙʘʟʦʚʠʭ ʅʄ MLP-Mixer, CCT ʪʘ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 

ʧʦʢʘʟʘʥʦ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ ʤʝʪʦʜ ʬʦʨʤʫʚʘʥʥʷ ʢʣʦʥʽʚ ʰʣʷʭʦʤ ʮʠʢʣʽʯʥʠʭ ʟʩʫʚʽʚ 

ʩʪʦʚʧʮʽʚ ʘʙʦ ʨʷʜʢʽʚ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʟʘʙʝʟʧʝʯʫʻ ʩʫʪʪʻʚʦ ʚʽʜʤʽʥʥʽ ʤʽʞ ʩʦʙʦʶ 

ʤʥʦʞʠʥʠ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʙʘʟʦʚʘ ʅʄ ʪʘ ʾʾ ʢʣʦʥʠ ʨʦʙʣʷʪʴ ʧʦʤʠʣʢʠ. ʎʝ 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʽʜʚʠʱʝʥʥʷ ʨʝʟʫʣʴʪʫʶʯʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʧʨʠ ʜʦʜʘʚʘʥʥʽ ʢʣʦʥʽʚ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. 

8. ʇʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʢʣʦʥʽʚ MLP-Mixer, ʧʦʙʫʜʦʚʘʥʠʭ ʰʣʷʭʦʤ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ ʨʷʜʢʽʚ ʘʙʦ ʩʪʦʚʧʮʽʚ 

ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʢʣʦʥʽʚ ʚʽʜ 0 ʜʦ 12 ʟʘʙʝʟʧʝʯʠʣʦ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟ 0.7674 ʜʦ 0.8029, 

ʪʦʙʪʦ ʥʘ 4.6%. ɺʽʜʧʦʚʽʜʥʦ, ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʧʨʠ ʮʴʦʤʫ ʟʤʝʥʰʠʣʘʩʷ ʟ 2326 ʜʦ 1971 

ʘʙʦ ʥʘ 15%. ɼʣʷ ʢʣʦʥʽʚ CCT ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʩʪʘʥʦʚʠʣʦ ʟ 0.8021 ʜʦ 

0.8492, ʪʦʙʪʦ ʥʘ 5.9%, ʘ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʧʨʠ ʮʴʦʤʫ ʟʤʝʥʰʠʣʘʩʷ ʟ 1979 ʜʦ 1508, 

ʘʙʦ ʥʘ 23.8%. 

9. ʇʦʨʽʚʥʷʥʥʷ ʟ ʢʣʦʥʘʤʠ, ʧʦʙʫʜʦʚʘʥʠʤʠ ʦʧʝʨʘʪʦʨʦʤ ʧʦʚʦʨʦʪʫ ʟʦʙʨʘʞʝʥʴ, 

ʧʦʢʘʟʘʣʦ, ʱʦ ʢʣʦʥʠ MLP-Mixer, ʧʦʙʫʜʦʚʘʥʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʟʩʫʚʽʚ, ʜʘʶʪʴ ʢʨʘʱʫ 

ʨʝʟʫʣʴʪʫʶʯʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 0.7% ï 1% ʣʠʰʝ ʧʨʠ ʥʝʚʝʣʠʢʽʡ ʢʽʣʴʢʦʩʪʽ 

ʙʘʟʦʚʠʭ ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. ɺʦʜʥʦʯʘʩ ʢʣʦʥʠ CCT, ʧʦʙʫʜʦʚʘʥʽ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʩʫʚʽʚ, ʟʘʙʝʟʧʝʯʠʣʠ ʧʝʨʝʚʘʛʫ ʧʦʨʽʚʥʷʥʦ ʟ ʢʣʦʥʘʤʠ MLP-Mixer (ʽʟ 

ʧʦʚʦʨʦʪʦʤ) ʜʣʷ ʚʩʽʭ ʜʦʩʣʽʜʞʝʥʠʭ ʢʦʤʙʽʥʘʮʽʡ ʙʘʟʦʚʠʭ ʅʄ ʥʘ 2% ï 3.5%. 
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3 ʈʆɿʈʆɹʂɸ ʄʆɼɽʃɯ MLP -KAN ʊɸ ɰɰ ɺʀʂʆʈʀʉʊɸʅʅʗ ʅɸ ɼʈʋɻʆʄʋ 

ʉʊʋʇɽʅɯ ɸʅʉɸʄɹʃɽɺʆɻʆ ʂʃɸʉʀʌɯʂɸʊʆʈɸ ɿɯ ʉʊɽʂɯʅɻʆʄ 

 

ɼʨʫʛʠʡ ʩʪʫʧʽʥʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʦʙôʻʜʥʫʻ ʨʝʟʫʣʴʪʘʪʠ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʪʘ ʬʦʨʤʫʻ ʚʠʭʽʜʥʽ ʟʥʘʯʝʥʥʷ. ɺʠʢʦʨʠʩʪʘʥʥʷ 

ʤʦʜʝʣʽ MLP ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʦʨʽʚʥʷʥʦ ʟ 

ʽʥʰʠʤʠ ʤʝʪʦʜʘʤʠ [19] 

ʇʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʧʝʨʝʜʙʘʯʘʻ ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʤʦʜʝʣʝʡ ʚʩʽʭ ʡʦʛʦ ʩʢʣʘʜʦʚʠʭ ʯʘʩʪʠʥ ʥʘ ʧʝʨʰʦʤʫ ʽ 

ʜʨʫʛʦʤʫ ʩʪʝʧʝʥʷʭ. ʋ ʜʨʫʛʦʤʫ ʨʦʟʜʽʣʽ ʙʫʣʦ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʝʣʴ ʪʘ ʤʝʪʦʜʠ 

ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʨʦʙʦʪʠ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ.  

ʋ ʪʨʝʪʴʦʤʫ ʨʦʟʜʽʣʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʤʦʞʣʠʚʽʩʪʴ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ 

ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʙʝʟ ʧʦʛʽʨʰʝʥʥʷ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʇʨʝʜʩʪʘʚʣʝʥʽ ʚ ʮʴʦʤʫ ʨʦʟʜʽʣʽ ʨʝʟʫʣʴʪʘʪʠ ʙʘʟʫʶʪʴʩʷ ʥʘ ʧʨʘʮʷʭ [3], [4]. 

 

3.1 ʄʦʜʝʣʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP-KAN ʜʣʷ ʟʘʜʘʯ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ 

 

ʇʨʘʢʪʠʢʘ ʧʦʙʫʜʦʚʠ ʅʄ ʜʣʷ ʟʘʜʘʯ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ ʧʦʢʘʟʘʣʘ, ʱʦ, 

ʷʢ ʧʨʘʚʠʣʦ, ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʤʦʜʝʣʽ ʅʄ, ʥʘ ʾʾ ʚʠʭʦʜʽ ʟʥʘʭʦʜʠʪʴʩʷ MLP, ʷʢʠʡ ʬʦʨʤʫʻ 

ʚʠʭʽʜʥʽ ʤʽʪʢʠ ʢʣʘʩʽʚ. ʎʝ ʻ ʥʘʩʣʽʜʢʦʤ ʪʦʛʦ, ʱʦ ʚʽʥ ʻ ʫʥʽʚʝʨʩʘʣʴʥʠʤ ʘʧʨʦʢʩʠʤʘʪʦʨʦʤ 

[35]. 

ʋ ʨʦʙʦʪʽ [40] ʙʫʣʘ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʘʣʴʪʝʨʥʘʪʠʚʥʘ ʘʨʭʽʪʝʢʪʫʨʘ KAN-ʤʝʨʝʞʽ 

ʂʦʣʤʦʛʦʨʦʚʘ-ɸʨʥʦʣʴʜʘ, ʷʢʘ ʪʘʢʦʞ ʻ ʫʥʽʚʝʨʩʘʣʴʥʠʤ ʘʧʨʦʢʩʠʤʘʪʦʨʦʤ [60]. ʗʢ 

ʧʨʘʚʠʣʦ, ʷʢʽʩʪʴ ʘʧʨʦʢʩʠʤʘʮʽʾ ʧʝʚʥʦʾ ʬʫʥʢʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ 

ʟʘʣʝʞʘʪʴ ʚʽʜ ʚʠʜʫ ʮʽʻʾ ʬʫʥʢʮʽʾ ʡ ʚʽʜ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʦʛʦ ʤʝʪʦʜʫ ʘʧʨʦʢʩʠʤʘʮʽʾ.  

MLP ʚʠʢʦʨʠʩʪʦʚʫʻ ʙʘʛʘʪʦʚʭʽʜʥʽ ʩʫʤʘʪʦʨʠ ʟ ʥʘʚʯʘʣʴʥʠʤʠ ʚʘʛʦʚʠʤʠ 

ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʥʘ ʚʭʦʜʽ ʪʘ ʥʝʣʽʥʽʡʥʦʶ ʬʫʥʢʮʽʻʶ ʥʘ ʚʠʭʦʜʽ, ʷʢʽ ʥʘʟʠʚʘʶʪʴʩʷ 
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ʥʝʡʨʦʥʘʤʠ. ʅʝʣʽʥʽʡʥʘ ʬʫʥʢʮʽʷ ʥʘ ʚʠʭʦʜʽ (ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ) ʻ ʦʜʥʘʢʦʚʦʶ ʜʣʷ ʚʩʽʭ 

ʥʝʡʨʦʥʽʚ ʰʘʨʫ ʚ MLP. ʋʩʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʚ MLP ʥʝ ʟʤʽʥʶʶʪʴʩʷ ʚ ʧʨʦʮʝʩʽ 

ʥʘʚʯʘʥʥʷ.  

ʋ KAN ʥʘ ʚʭʦʜʘʭ ʩʫʤʘʪʦʨʘ ʟʘʤʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʘʚʯʘʣʴʥʽ ʥʝʣʽʥʽʡʥʽ ʬʫʥʢʮʽʾ (ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ), ʽ ʥʘ ʚʠʭʦʜʘʭ 

ʩʫʤʘʪʦʨʽʚ ʥʝʤʘʻ ʬʽʢʩʦʚʘʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ, ʷʢ ʫ ʟʚʠʯʘʡʥʠʭ ʥʝʡʨʦʥʘʭ.  

ʊʝʦʨʝʤʠ, ʱʦ ʩʪʦʩʫʶʪʴʩʷ ʘʧʨʦʢʩʠʤʘʣʴʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ ʫʥʽʚʝʨʩʘʣʴʥʠʭ 

ʘʧʨʦʢʩʠʤʘʪʦʨʽʚ [35, 40], ʩʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʟʘ ʾʭ ʜʦʧʦʤʦʛʦʶ ʤʦʞʥʘ ʘʧʨʦʢʩʠʤʫʚʘʪʠ 

ʙʫʜʴ-ʷʢʫ ʬʫʥʢʮʽʶ ʟ ʙʫʜʴ-ʷʢʦʶ ʟʘʜʘʥʦʶ ʪʦʯʥʽʩʪʶ. ʆʜʥʘʢ ʧʨʠ ʮʴʦʤʫ ʤʦʞʫʪʴ 

ʟʥʘʜʦʙʠʪʠʩʷ ʜʫʞʝ ʚʝʣʠʢʽ ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʚʠʪʨʘʪʠ. ʄʘʣʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ 

ʜʦʩʷʛʘʻʪʴʩʷ ʣʠʰʝ ʜʣʷ ʬʫʥʢʮʽʡ, ʷʢʽ ʥʘʡʢʨʘʱʝ ʧʽʜʭʦʜʷʪʴ ʜʣʷ ʜʘʥʦʛʦ ʪʠʧʫ 

ʘʧʨʦʢʩʠʤʘʮʽʾ. ʆʩʢʽʣʴʢʠ, ʜʣʷ ʅʄ, ʮʽʢʘʚʠʤ ʻ ʟʘʛʘʣʴʥʠʡ ʚʠʧʘʜʦʢ ʘʧʨʦʢʩʠʤʘʮʽʾ 

ʜʦʚʽʣʴʥʠʭ ʬʫʥʢʮʽʡ, ʜʦʮʽʣʴʥʦ ʦʜʥʦʯʘʩʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚʣʘʩʪʠʚʦʩʪʽ 

ʘʧʨʦʢʩʠʤʘʮʽʾ ʥʝʡʨʦʥʽʚ ʽ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. 

ʋ ʢʣʘʩʠʯʥʦʤʫ ʚʠʜʽ, ʧʨʠ ʚʠʨʽʰʝʥʥʽ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ, ʰʘʨ ʤʦʜʝʣʽ KAN [40] ʧʝʨʝʜʙʘʯʘʻ, ʱʦ ʢʦʞʝʥ ʽʟ ὠ ʧʽʢʩʝʣʽʚ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ Ὗ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʋ 

ʨʝʟʫʣʴʪʘʪʽ ʦʪʨʠʤʫʶʪʴʩʷ ὠ Ὗ ʨʝʟʫʣʴʪʘʪʽʚ ʧʝʨʝʪʚʦʨʝʥʥʷ, ʷʢʽ ʥʘʜʭʦʜʷʪʴ ʥʘ Ὗ 

ʩʫʤʘʪʦʨʽʚ. ɺʠʭʦʜʠ ʮʠʭ ʩʫʤʘʪʦʨʽʚ ʽ ʻ ʚʠʭʦʜʘʤʠ ʰʘʨʫ KAN. 

ɼʣʷ ʧʦʻʜʥʘʥʥʷ ʘʧʨʦʢʩʠʤʘʣʴʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ MLP ʽ KAN ʚ ʤʦʜʝʣʽ MLP [85], 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʧʝʨʰʠʡ ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ ʟʘʤʽʥʠʪʠ ʥʘ ʰʘʨ KAN. ɿʘʤʽʥʘ ʧʝʨʰʦʛʦ 

ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP ʥʘ ʰʘʨ KAN ʜʦʟʚʦʣʠʣʘ ʟʘʧʨʦʧʦʥʫʚʘʪʠ ʥʦʚʫ ʤʦʜʝʣʴ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP-KAN. ɿʘʛʘʣʴʥʠʡ ʚʠʛʣʷʜ ʮʽʻʾ ʤʦʜʝʣʽ ʥʘʚʝʜʝʥʦ (ʨʠʩ. 3.1). 

ʈʦʟʛʣʷʥʝʤʦ ʦʩʦʙʣʠʚʦʩʪʽ ʧʦʙʫʜʦʚʠ ʘʨʭʽʪʝʢʪʫʨʠ ʰʘʨʫ KAN. 

ɺ ʨʦʙʦʪʽ [76] ʙʫʣʠ ʨʦʟʛʣʷʥʫʪʽ ʫʥʽʚʝʨʩʘʣʴʥʽ ʘʧʨʦʢʩʠʤʘʣʴʥʽ ʚʣʘʩʪʠʚʦʩʪʽ RBF. 

ɺʨʘʭʦʚʫʶʯʠ ʧʨʦʩʪʦʪʫ ʾʭ ʨʝʘʣʽʟʘʮʽʾ ʫ ʚʠʛʣʷʜʽ ʟʘʟʜʘʣʝʛʽʜʴ ʦʙʯʠʩʣʝʥʦʾ ʪʘʙʣʠʮʽ 

ʟʥʘʯʝʥʴ,  ʨʘʜʽʘʣʴʥʽ ʙʘʟʠʩʥʽ ʬʫʥʢʮʽʾ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʚ ʮʽʻʾ ʨʦʙʦʪʽ ʷʢ ʙʘʟʠʩ ʜʣʷ 

ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʰʘʨʫ KAN, ʷʢʠʡ ʬʦʨʤʫʻʪʴʩʷ ʰʣʷʭʦʤ ʟʩʫʚʫ ʮʝʥʪʨʽʚ 

RBF.  

RBF ʤʘʶʪʴ ʪʘʢʠʡ ʚʠʛʣʷʜ [76]: 
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• ὼ Ὡ
Ⱦ

,                                        (3.1) 

 

ʜʝ  i=0,...,(m-1) ï ʥʦʤʝʨ ʬʫʥʢʮʽʾ (m ï ʟʘʛʘʣʴʥʝ ʯʠʩʣʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ RBF); 

ὼ ï l-ʠʡ ʧʽʢʩʝʣʴ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ; 

ὼ  ï ʤʽʥʽʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʧʽʢʩʝʣʽʚ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ; 

Ὠ ὼ ὼ Ⱦά ρ ï ʚʽʜʩʪʘʥʴ ʤʽʞ ʮʝʥʪʨʘʤʠ ʩʫʩʽʜʥʽʭ RBF; 

ὼ  ï ʤʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʧʽʢʩʝʣʽʚ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʧʽʩʣʷ 

ʥʦʨʤʘʣʽʟʘʮʽʾ ʜʦʨʽʚʥʶʻ 1; 

ὦ ὼ ὼ ȾψȢτυ ï ʢʦʝʬʽʮʽʻʥʪ, ʱʦ ʟʘʜʘʻ ʰʠʨʠʥʫ RBF. 

 

 

V ï ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ ʫ ʚʭʽʜʥʦʤʫ ʟʦʙʨʘʞʝʥʥʽ;  

U ï ʢʽʣʴʢʽʩʪʴ ʚʠʭʦʜʽʚ ʰʘʨʫ KAN;  

E ï ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʜʨʫʛʦʤʫ ʧʨʠʭʦʚʘʥʦʤʫ ʰʘʨʽ; 

K ï ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ ʦʙôʻʢʪʽʚ ʥʘ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ 

ʈʠʩʫʥʦʢ 3.1 ï ʄʦʜʝʣʴ MLP-KAN, ʱʦ ʫʪʚʦʨʝʥʘ ʟʘʤʽʥʦ  ʁʧʝʨʰʦʛʦ ʧʨʠʭʦʚʘʥʦʛʦ 

ʰʘʨʫ ʙʘʟʦʚʦʾ ʤʦʜʝʣʽ MLP ʥʘ ʰʘʨ KAN 

 

ʇʝʨʰʦʶ ʦʧʝʨʘʮʽʻʶ ʧʽʜ ʯʘʩ ʨʝʘʣʽʟʘʮʽʾ ʰʘʨʫ KAN ʻ ʦʙʯʠʩʣʝʥʥʷ ʜʣʷ ʢʦʞʥʦʛʦ 

ʧʽʢʩʝʣʷ ὼ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ m ʟʥʘʯʝʥʴ ʜʣʷ ʚʽʜʧʦʚʽʜʥʠʭ ʬʫʥʢʮʽʡ •. 
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ʊʠʧʦʚʠʡ ʚʠʛʣʷʜ ʛʘʫʩʦʚʠʭ RBF ï • ʜʣʷ m = 6 ʧʦʢʘʟʘʥʦ ʥʘ ʨʠʩ. 3.2.  

 

 

ʈʠʩʫʥʦʢ 3.2 ï ʊʠʧʦʚʠʡ ʚʠʛʣʷʜ ʬʫʥʢʮʽʡ • ʜʣʷ m = 6 

 

ɼʣʷ ʨʝʘʣʽʟʘʮʽʾ ʢʣʘʩʠʯʥʦʛʦ ʰʘʨʫ KAN ʜʣʷ ʢʦʞʥʦʛʦ ʧʽʢʩʝʣʷ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʥʝʦʙʭʽʜʥʦ ʩʬʦʨʤʫʚʘʪʠ Ὁ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ (ʜʝ 

Ὁ  ʢʽʣʴʢʽʩʪʴ ʚʫʟʣʽʚ ʫ ʥʘʩʪʫʧʥʦʤʫ ʰʘʨʽ),  ʢʦʞʥʘ ʟ ʷʢʠʭ ʤʘʻ ʚʠʛʣʷʜ: 

 

ɮ ὼ В • ὼ ‫ ,                                     (3.2) 

 

ʜʝ  ɮ  ï ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʜʣʷ l-ʦʛʦ ʧʽʢʩʝʣʷ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ; 

ὼ ï l-ʠʡ ʧʽʢʩʝʣʴ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ (ʥʦʨʤʦʚʘʥʠʡ); 

ʖ  ï i-ʡ ʥʘʚʯʘʣʴʥʠʡ ʚʘʛʦʚʠʡ ʢʦʝʬʽʮʽʻʥʪ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ 

ʜʣʷ l-ʛʦ ʧʽʢʩʝʣʷ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ. 

ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʬʦʨʤʫʣʠ (3.2), ʝʣʝʤʝʥʪ ʰʘʨʫ KAN, ʷʢʠʡ ʬʦʨʤʫʻ ʥʘʚʯʘʣʴʥʫ 

ʬʫʥʢʮʽʶ ʘʢʪʠʚʘʮʽʾ, ʧʨʝʜʩʪʘʚʣʝʥʠʡ ʥʘ ʨʠʩ. 3.3. 

ʆʧʝʨʫʚʘʥʥʷ ʟ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʖ  h ʘʨʫ KAN ʤʦʞʥʘ ʟʜʽʡʩʥʶʚʘʪʠ ʪʘʢ 

ʩʘʤʦ, ʷʢ ʽ ʟ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʚ MLP. ʎʝ ʜʦʟʚʦʣʷʻ ʫʥʽʬʽʢʦʚʘʥʦ ʥʘʚʯʘʪʠ 

ʤʦʜʝʣʴ ʟʘʩʦʙʘʤʠ ʙʽʙʣʽʦʪʝʢʠ Keras. ɺ ʙʽʙʣʽʦʪʝʮʽ Keras ʜʣʷ ʨʝʘʣʽʟʘʮʽʾ ʥʘʚʯʘʻʤʠʭ 

ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʪʘ ʩʫʤʘʪʦʨʫ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʰʘʨ Dense. 
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ʈʠʩʫʥʦʢ 3.3 ï ʉʭʝʤʘ ʦʙʯʠʩʣʝʥʥʷ ʦʜʥʽʻʾ ʥʘʚʯʘʣʴʥʦʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʰʘʨʫ KAN ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ RBF ʜʣʷ ʧʽʢʩʝʣʷ ὼ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ  

 

ʆʜʥʘʢ ʨʝʘʣʽʟʘʮʽʷ ʪʘʢʦʾ ʢʽʣʴʢʦʩʪʽ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ, ʷʢ ʮʝ ʧʦʪʨʽʙʥʦ ʜʣʷ 

ʢʣʘʩʠʯʥʦʛʦ ʰʘʨʫ KAN ʜʣʷ ʟʦʙʨʘʞʝʥʥ ̫ʜʦʨʽʚʥʶʻ 6 Ὁȟ ʜʝ Ὁ ï ʢʽʣʴʢʽʩʪʴ ʚʫʟʣʽʚ ʫ 

ʥʘʩʪʫʧʥʦʤʫ ʰʘʨʽ, ʱʦ ʻ ʥʘʜʤʽʨʥʠʤ.  

ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʰʘʨʫ KAN ʜʦʟʚʦʣʷʻ ʦʙôʻʜʥʫʚʘʪʠ ʜʦʚʽʣʴʥʫ 

ʢʽʣʴʢʽʩʪʴ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʪʘ ʤʘʪʠ ʚ ʰʘʨʘʭ Dense ʥʝ ʣʠʰʝ ʦʜʠʥ ʥʝʡʨʦʥ, ʘ ʡ ʙʽʣʴʰʝ. 

ʂʽʣʴʢʽʩʪʴ ʬʫʥʢʮʽʡ RBF ʤʦʞʝ ʟʤʽʥʶʚʘʪʠʩʷ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʢʨʘʱʦʾ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜʧʦʚʽʜʥʠʭ ʪʠʧʽʚ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. 

ɿ ʤʝʪʦʶ ʟʤʝʥʰʝʥʥʷ ʧʽʜʩʫʤʢʦʚʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ, ʚ ʜʘʥʽʡ ʨʦʙʦʪʽ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʦʙʯʠʩʣʶʚʘʪʠ ʣʠʰʝ ʦʜʥʫ ʬʫʥʢʮʽ ʁʘʢʪʠʚʘʮʽʾ ʜʣʷ ʢʦʞʥʦʛʦ ʧʽʢʩʝʣʷ, ʱʦ 

ʧʦʪʨʝʙʫʻ ʜʦʜʘʪʢʦʚʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜ ʢʽʣʴʢʦʩʪʽ RBF ʫ MLP-

KAN ʪʘ ʚʽʜ ʧʘʨʘʤʝʪʨʘ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. 

 

3.1.1 ʇʦʙʫʜʦʚʘ ʤʦʜʝʣʽ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP-KAN ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ 

MNIST  

 

ɼʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ MNIST ʟ ʨʦʟʤʽʨʦʤ ʟʦʙʨʘʞʝʥʴ 28³28, ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ ʫ 

ʟʦʙʨʘʞʝʥʥʽ ʩʪʘʥʦʚʠʪʴ 784, ʧʽʩʣʷ ʦʧʝʨʘʮʽʾ ʧʝʨʝʪʚʦʨʝʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʫʥʢʮʽʡ RBF 

ʦʪʨʠʤʫʻʤʦ χψτÍ ʟʥʘʯʝʥʴ. 



 

 

85 

ɼʣʷ ʚʨʘʭʫʚʘʥʥʷ ʚʟʘʻʤʥʦʛʦ ʚʧʣʠʚʫ ʟʥʘʯʝʥʴ ʥʘ ʚʠʭʦʜʘʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ 

ʙʫʜʝʤʦ ʥʘʣʘʰʪʦʚʫʚʘʪʠ ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʥʝ ʜʣʷ ʢʦʞʥʦʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʦʢʨʝʤʦ, 

ʘ ʦʜʨʘʟʫ ʜʣʷ 2-ʭ, 4-ʭ, 8-ʤʠ ʪʦʱʦ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. 

ʇʨʠ ʮʴʦʤʫ ʚʠʭʽʜ ʰʘʨʫ Dense, ʷʢʠʡ ʬʦʨʤʫʻ ʦʙôʻʜʥʘʥʫ ʬʫʥʢʮʽʶ ʘʢʪʠʚʘʮʽʾ ʜʣʷ 

ʧʽʢʩʝʣʽʚ ʽʟ ʥʦʤʝʨʘʤʠ ʚʽʜ  ὲ ʜʦ ὲ, ʤʘʻ ʪʘʢʠʡ ʚʠʛʣʷʜ: 

 

Ὂ

В • ὼ Ͻ‫

В • ὼ Ͻ‫ ȢȢȢ

В • ὼ Ͻ‫

.                              (3.3) 

 

ʇʨʠʢʣʘʜ ʘʨʭʽʪʝʢʪʫʨʠ KAN-ʰʘʨʫ ʜʣʷ ʥʘʙʦʨʫ MNIST ʟ ʦʙôʻʜʥʘʥʥʷʤ ʧʦ ʜʚʽ 

ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ, ʚʠʢʦʨʠʩʪʘʥʥʷʤ 6 ʬʫʥʢʮʽʡ RBF ʪʘ ʦʜʥʦʛʦ ʥʝʡʨʦʥʘ ʚ ʰʘʨʽ Dense 

ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 3.4. 

 

 

ʈʠʩʫʥʦʢ 3.4 ï ɸʨʭʽʪʝʢʪʫʨʘ KAN-ʰʘʨʫ ʟ ʦʙôʻʜʥʘʥʥʷʤ ʧʦ ʜʚʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʚ 

ʤʦʜʝʣʽ  MLP-KAN ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ MNIST 

 

ʅʘ ʨʠʩ. 3.4 ʥʘ ʚʭʽʜ ʰʘʨʫ KAN ʥʘʜʭʦʜʷʪʴ 784 ʧʽʢʩʝʣʽ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ 

ὼȟȣȟὼ . ɼʘʣʽ ʚʦʥʠ ʥʦʨʤʘʣʽʟʫʶʪʴʩʷ ʪʘ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʬʫʥʢʮʽʷʤʠ RBF. ʎʝ ʜʘʻ 
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784³6 ʟʥʘʯʝʥʴ, ʷʢʽ ʤʥʦʞʘʪʴʩʷ ʥʘ ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʖ  ʽ ʧʽʜʩʫʤʦʚʫʶʪʴʩʷ ʫ 

ʚʽʜʧʦʚʽʜʥʠʭ ʩʫʤʘʪʦʨʘʭ. ʉʫʢʫʧʥʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʦʙôʻʜʥʘʥʠʭ ʽʟ ʩʫʤʘʪʦʨʦʤ, 

ʩʪʘʥʦʚʠʪʴ ʰʘʨ Dense, ʚ ʨʝʘʣʽʟʘʮʽʾ ʷʢʦʛʦ ʜʣʷ ʰʘʨʫ KAN ʥʝ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ. 

ɺ ʮʴʦʤʫ ʧʨʠʢʣʘʜʽ ʚ ʰʘʨʽ KAN ʚʠʢʦʨʠʩʪʘʥʦ 392 ʰʘʨʠ Dense, ʢʦʞʝʥ ʽʟ ʷʢʠʭ 

ʤʽʩʪʠʪʴ ʦʜʠʥ ʥʝʡʨʦʥ ʽ ʤʘʻ 12 ʚʭʦʜʽʚ ʽʟ ʚʽʜʧʦʚʽʜʥʠʤʠ ʥʘʚʯʘʣʴʥʠʤʠ ʚʘʛʘʤʠ. 392 

ʚʠʭʦʜʠ ʰʘʨʫ KAN ʜʘʣʽ ʥʘʜʭʦʜʷʪʴ ʥʘ ʜʨʫʛʠʡ ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ MLP, ʘ ʟ ʥʴʦʛʦ ï ʥʘ 

ʚʠʭʽʜʥʠʡ ʰʘʨ (ʨʠʩ. 3.5). ʅʘ ʢʦʞʥʠʡ ʥʝʡʨʦʥ ʜʨʫʛʦʛʦ ʧʨʠʭʦʚʘʥʥʦʛʦ ʰʘʨʫ ʥʘʜʭʦʜʷʪʴ 

392 ʚʠʭʽʜʥʠʭ ʩʽʛʥʘʣʽʚ ʰʘʨʫ KAN ʟʽ ʩʚʦʾʤʠ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ. 

 

 

ʈʠʩʫʥʦʢ 3.5 ï ʄʦʜʝʣʴ MLP-KAN ʟ ʦʙ'ʻʜʥʘʥʥʷʤ ʧʦ 2 ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʰʘʨʫ KAN 

ʜʣʷ ʥʘʙʦʨʫ ʟʦʙʨʘʞʝʥʴ MNIST 

 

ʆʙʯʠʩʣʝʥʥʷ ʟʥʘʯʝʥʴ RBF ʚʽʜ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʥʝ ʧʦʪʨʝʙʫʻ ʚʠʢʦʥʘʥʥʷ 

ʘʨʠʬʤʝʪʠʯʥʠʭ ʦʧʝʨʘʮʽʡ, ʽ ʚ ʙʘʛʘʪʴʦʭ ʧʨʘʢʪʠʯʥʠʭ ʩʠʪʫʘʮʽʷʭ ʚʽʜʧʘʜʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʫ 

ʥʦʨʤʘʣʽʟʘʮʽʾ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. ɼʦʩʪʘʪʥʴʦ ʧʦʧʝʨʝʜʥʴʦ ʦʙʯʠʩʣʠʪʠ ʪʘ ʟʙʝʨʝʛʪʠ 

ʪʘʙʣʠʮʽ ʟʥʘʯʝʥʴ, ʧʽʩʣʷ ʯʦʛʦ ʧʨʦʩʪʦ ʟʜʽʡʩʥʶʚʘʪʠ ʧʦʰʫʢ ʧʦʪʨʽʙʥʦʛʦ ʟʥʘʯʝʥʥʷ ʚ 

ʪʘʙʣʠʮʽ.  

ʅʘʧʨʠʢʣʘʜ, ʜʣʷ ʥʘʙʦʨʫ MNIST ʟʥʘʯʝʥʥʷ ʧʽʢʩʝʣʽʚ ʟʘʜʘʶʪʴʩʷ 8 ʙʽʪʘʤʠ, ʪʦʤʫ 

ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʦʜʥʽʻʾ ʬʫʥʢʮʽʾ RBF ʜʦʩʪʘʪʥʴʦ ʤʘʪʠ ʚ ʧʘʤôʷʪʽ ʪʘʙʣʠʮʶ ʽʟ 256 
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ʟʥʘʯʝʥʴ. ʗʢʱʦ ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 6 ʬʫʥʢʮʽʡ RBF, ʪʦ ʥʝʦʙʭʽʜʥʦ 

ʤʘʪʠ 6 ʪʘʙʣʠʮʴ, ʫ ʢʦʞʥʽʡ ʟ ʷʢʠʭ ʧʦ 256 ʟʥʘʯʝʥʴ.  

ʄʦʞʣʠʚʘ ʟʘʤʽʥʘ ʬʫʥʢʮʽʡ RBF ʽʥʰʠʤ ʚʠʜʦʤ ʙʘʟʠʩʥʠʭ ʬʫʥʢʮʽʡ, ʽʟ 

ʟʙʝʨʝʞʝʥʥʷʤ ʧʨʠʥʮʠʧʫ ʨʝʘʣʽʟʘʮʽʾ ʫ ʚʠʛʣʷʜʽ ʪʘʙʣʠʮʴ, ʘʣʝ ʧʦʪʨʽʙʥʘ ʜʦʜʘʪʢʦʚʘ ʦʮʽʥʢʘ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʣʷ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʨʘʮʽʦʥʘʣʴʥʦʩʪʽ ʪʘʢʦʾ ʟʘʤʽʥʠ. 

3.1.2 ɼʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʤʦʜʝʣʣʶ 

MLP -KAN ʚʽʜ ʢʽʣʴʢʦʩʪʽ RBF  

ʂʽʣʴʢʽʩʪʴ ʤʦʞʣʠʚʠʭ ʢʦʤʙʽʥʘʮʽʡ ʧʘʨʘʤʝʪʨʽʚ ʅʄ MLP-KAN ʻ ʜʦʩʪʘʪʥʴʦ 

ʚʝʣʠʢʦʶ. ʗʢ ʙʫʣʦ ʧʽʜʢʨʝʩʣʝʥʦ ʚʠʱʝ, ʢʽʣʴʢʩ̔ʪɹ ʬʫʥʢʮʽʡ RBF, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʪʁʴʩʷ 

ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʦʜʥʽʻʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ, ʤʦʞʝ ʚʧʣʠʚʘʪʠ ʥʘ ʷʢ̔ʩʪɹ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʚʽʜʧʦʚʽʜʥʠʭ ʪʠʧʽʚ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ. ɼʣʷ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʮʴʦʛʦ ʧʨʦʚʝʜʝʤʦ 

ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʧʨʦʚʝʜʝʥʦ ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ MNIST ʜʣʷ ʪʨʴʦʭ ʨʽʟʥʠʭ ʚʘʨʽʘʥʪʽʚ. 

ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 3.1ï3.3. ʇʨʠ ʮʴʦʤʫ ʚʠʢʦʨʠʩʪʘʥʦ ʪʘʢʽ ʧʦʟʥʘʯʝʥʥʷ: 

1) Ὧ ï ʢʦʝʬʽʮʽʻʥʪ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʚ ʰʘʨʽ KAN; 

2) Ὧï ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʰʘʨʘʭ Dense ʚ ʨʝʘʣʽʟʘʮʽʾ ʰʘʨʫ KAN; 

3) Ὁ ï ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʧʨʠʭʦʚʘʥʦʤʫ ʰʘʨʽ ʤʝʨʝʞʽ MLP-KAN (ʜʨʫʛʠʡ 

ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ MLP, ʷʢʠʡ ʟʘʣʠʰʠʚʩʷ ʚ ʩʪʨʫʢʪʫʨʽ MLP-KAN);  

4) ά ï ʢʽʣʴʢʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʠʭ ʬʫʥʢʮʽʡ RBF. 

 

ʊʘʙʣʠʮʷ 3.1 ï ʈʝʟʫʣʴʪʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʣʶ MLP-

KAN ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʪʘ ʢʽʣʴʢʦʩʪ̔ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʧʨʠ 

Ὧ ς, Ὧ ς, Ὁ φτ  

ά Accuracy ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ 

3 0.9712 55594 

4 0.9741 57162 

5 0.9739 58730 

6 0.9749 60298 

7 0.9764 61866 

8 0.9750 63434 
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ʊʘʙʣʠʮʷ 3.2 ï ʈʝʟʫʣʴʪʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʣʶ MLP-

KAN ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʪʘ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʧʨʠ 

Ὧ τ, Ὧ ρ, Ὁ φτ 

ά Accuracy ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ 

3 0.9758 15610 

4 0.9767 16394 

5 0.9753 17178 

6 0.9774 17962 

7 0.9756 18746 

8 0.9752 19530 

 

ʊʘʙʣʠʮʷ 3.3 ï ʈʝʟʫʣʴʪʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʣʶ MLP-

KAN ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʪʘ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʧʨʠ 

Ὧ ψ, Ὧ ρ, Ὁ φτ  

ά Accuracy ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ 

2 0.9729 8554 

3 0.9750 9338 

4 0.9755 10122 

5 0.9751 10906 

6 0.9741 11960 

7 0.9737 12474 

 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʤʦʜʝʣʽ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʦʙʯʠʩʣʶʻʪʴʩʷ ʧʨʠ 

ʚʠʢʦʥʘʥʥʽ ʧʨʦʛʨʘʤʠ ʟʘ ʜʦʧʦʤʦʛʦʶ ʩʪʘʥʜʘʨʪʥʦʾ ʙʽʙʣʽʦʪʝʯʥʦʾ ʬʫʥʢʮʽʾ 

model.summary() ʙʽʙʣʽʦʪʝʢʠ Keras. 

ʗʢ ʚʠʜʥʦ ʟ ʪʘʙʣ. 3.1ï3.3, ʧʨʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ  ʥʘʙʦʨʫ ʜʘʥʠʭ MNIST, 

ʫ ʧʝʨʰʦʤʫ ʚʘʨʽʘʥʪʽ ʥʘʡʢʨʘʱʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʫʣʘ ʦʪʨʠʤʘʥʘ ʧʨʠ ʢʽʣʴʢʦʩʪʽ 

ʚʠʢʦʨʠʩʪʘʥʠʭ RBF ï m=7, ʫ ʜʨʫʛʦʤʫ ʚʘʨʽʘʥʪʽ ï ʧʨʠ m=6, ʫ ʪʨʝʪʴʦʤʫ ʚʘʨʽʘʥʪʽ ï ʧʨʠ 

m=4. ʊʦʤʫ ʜʣʷ ʢʨʘʱʦʛʦ ʨʦʟʫʤʽʥʥʷ ʟʘʣʝʞʥʦʩʪʝʡ ʫ ʥʘʩʪʫʧʥʦʤʫ ʧʫʥʢʪʽ ʧʨʦʜʦʚʞʠʤʦ 

ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP-KAN ʟ ʧʘʨʘʤʝʪʨʦʤ m=6.  
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3.1.3 ɼʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʤʦʜʝʣʣʶ 

MLP -KAN ʚʽʜ ʧʘʨʘʤʝʪʨʘ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ 

 

ɺʠʱʝ ʫ ʧ. 3.1.1 ʙʫʣʦ ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʨʝʘʣʽʟʘʮʽʾ ʤʦʜʝʣʽ MLP-KAN ʟ 

ʦʙ'ʻʜʥʘʥʥʷʤ ʧʦ 2 ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʰʘʨʫ KAN ʜʣʷ ʥʘʙʦʨʫ ʟʦʙʨʘʞʝʥʴ MNIST. 

ɼʦʮʽʣʴʥʦ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʟʘʣʝʞʥʽʩʪʴ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ, ʱʦ ʦʙʻʜʥʫʶʪʴʩʷ. 

ʇʨʦʚʝʜʝʥʦ ʢʦʤʧôʶʪʝʨʥʠʡ ʝʢʩʧʝʨʠʤʝʥʪ ʟ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʥʘʙʦʨʫ 

MNIST ʟ ʨʽʟʥʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʚ ʰʘʨʽ KAN. 

ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʟʘʣʝʞʥʦ ʚʽʜ 

ʢʦʝʬʽʮʽʻʥʪʘ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 3.4. 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʤʦʜʝʣʽ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʦʙʯʠʩʣʶʻʪʴʩʷ ʧʨʠ 

ʚʠʢʦʥʘʥʥʽ ʧʨʦʛʨʘʤʠ ʟʘ ʜʦʧʦʤʦʛʦʶ ʩʪʘʥʜʘʨʪʥʦʾ ʙʽʙʣʽʦʪʝʯʥʦʾ ʬʫʥʢʮʽʾ 

model.summary() ʙʽʙʣʽʦʪʝʢʠ Keras. 

ʋ ʪʘʙʣ. 3.4 ʚʠʢʦʨʠʩʪʘʥʦ ʪʘʢʽ ʧʦʟʥʘʯʝʥʥʷ: 

1) Ὧ ï ʢʦʝʬʽʮʽʻʥʪ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʚ ʰʘʨʽ KAN; 

2) Ὧ ï ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʰʘʨʘʭ Dense ʰʘʨʫ KAN (1 ʘʙʦ 2); 

3) Ὁ ï  ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʫ ʜʨʫʛʦʤʫ ʧʨʠʭʦʚʘʥʦʤʫ ʰʘʨʽ (64 ʘʙʦ 96). 

ʋʩʽ ʨʝʟʫʣʴʪʘʪʠ  ʙʫʣʠ  ʦʪʨʠʤʘʥʽ ʧʨʠ ʢʽʣʴʢʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʠʭ ʬʫʥʢʮʽʡ RBF   

ά φ. ʂʨʽʤ ʮʴʦʛʦ, ʫ ʪʘʙʣ. 3.4 ʥʘʚʝʜʝʥʦ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ ʜʣʷ MLP (55050) ʽ ʜʣʷ MLP-KAN Ὧ  (ʚʠʛʨʘʰ ʚ ʢʽʣʴʢʦʩʪʽ ʦʙʯʠʩʣʝʥʴ), 

ʘ ʪʘʢʦʞ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ MLP-KAN ʽ MLP (0.9782) Ὧ  (ʚʠʛʨʘʰ 

ʚ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ).  

 

Ὧ Ὑ ȾὙ ,                                             (3.4) 

 

ʜʝ  Ὑ =55050 - ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʜʣʷ MLP, 

Ὑ - ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʜʣʷ MLP-KAN. 

 

Ὧ ὃὧὧόὶὥὧώ Ⱦὃὧὧόὶὥὧώ ,                             (3.5) 
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ʜʝ ὃὧὧόὶὥὧώ πȢωχψς - ʷʢ̔ʩʪɹ ʢʣʘʩʠʬʽʢʘʮʽʾ MLP, 

ὃὧὧόὶὥὧώ  - ʷʢ̔ʩʪɹ ʢʣʘʩʠʬʽʢʘʮʽʾ MLP-KAN . 

 

ʊʘʙʣʠʮʷ 3.4 ï ʈʝʟʫʣʴʪʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʣʶ MLP-

KAN ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ 

Ὧ Ὧ  Ὁ ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, 

ʱʦ ʥʘʚʯʘʶʪʴʩʷ (RMLP-KAN) 
Ὧ  AccuracyMLP-KAN Ὧ  

2 1 64 30506 1.80 0,9763 0.9981 

2 1 96 43402 1.27 0.9784 1.0002 

2 2 64 60298 0.91 0.9749 0.9966 

2 2 96 87738 0.64 0.9776 0.9994 

4 1 64 17962 3.06 0.9774 0.9992 

4 1 96 24586 2.24 0.9793 1.0011 

4 2 64 35210 1.56 0.9769 0.9987 

4 2 96 48106 1.14 0.9805 1.0024 

8 1 64 11690 4.70 0.9741 0.9958 

8 1 96 15178 3.63 0.9782 1.0000 

8 2 64 22666 2.43 0.9780 0.9998 

8 2 96 29290 1.88 0.9782 1.0000 

16 1 64 8554 6.44 0.9728 0.9945 

16 1 96 10474 5.26 0.9744 0.9961 

16 2 64 16394 3.36 0.9752 0.9969 

16 2 96 19882 2.77 0.9786 1.0004 

 

ɯʟ ʪʘʙʣ. 3.4 ʚʠʜʥʦ, ʱʦ ʧʨʠ ʪʽʡ ʩʘʤʽʡ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 0.9782, ʱʦ ʡ ʫ MLP, 

ʤʝʨʝʞʘ MLP-KAN ʤʦʞʝ ʤʘʪʠ ʫ 3.63 ʨʘʟʠ ʤʝʥʰʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. ʂʨʽʤ ʪʦʛʦ, ʤʦʞʝ 

ʙʫʪʠ ʜʦʩʷʛʥʫʪʘ ʚʠʱʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 0.24 % ʧʨʠ ʤʝʥʰʦʤʫ ʥʘ 14 % ʦʙʩʷʟʽ 

ʦʙʯʠʩʣʝʥʴ. ʅʘʡʢʨʘʱʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʽ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʙʫʣʦ ʦʪʨʠʤʘʥʦ ʧʨʠ ʢʦʝʬʽʮʽʻʥʪʽ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ Ὧ ψ. 

ɿʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʥʝʡʨʦʥʽʚ ʫ ʰʘʨʘʭ Dense h ʘʨʫ KAN ʧʨʠ ʤʘʣʠʭ Ὧ ʧʨʠʟʚʦʜʠʣʦ 

ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʘ ʧʨʠ ʚʝʣʠʢʠʭ Ὧ ï ʜʦ ʾʾ ʧʦʢʨʘʱʝʥʥʷ. 

ɿʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʥʝʡʨʦʥʽʚ ʫ ʧʨʠʭʦʚʘʥʦʤʫ ʰʘʨʽ ʟʘʚʞʜʠ ʧʨʠʟʚʦʜʠʣʦ ʜʦ 

ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 
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ɼʣʷ ʧʦʨʽʚʥʷʥʥʷ ʰʚʠʜʢʦʩʪʽ ʥʘʚʯʘʥʥʷ ʥʘ ʨʠʩ. 3.6 ʥʘʚʝʜʝʥʦ ʢʨʠʚʽ ʥʘʚʯʘʥʥʷ ʜʣʷ 

ʤʦʜʝʣʝʡ MLP ʪʘ MLP-KAN. 

 

 

                                        ʘ                                                               ʙ 

 

ʈʠʩʫʥʦʢ 3.6 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ: ʘ ï ʜʣʷ MLP; ʙ ï ʜʣʷ MLP-KAN 

 

ɺʽʩʴ Y ʥʘ ʨʠʩ. 3.6 ʧʦʢʘʟʫʻ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ (Accuracy), ʚʽʩʴ X ï ʢʽʣʴʢʽʩʪʴ 

ʝʧʦʭ ʥʘʚʯʘʥʥʷ (Epochs). ʅʘʚʯʘʥʥʷ ʧʨʦʚʦʜʠʣʦʩʷ ʟʘ ʥʘʚʯʘʣʴʥʠʤʠ ʜʘʥʠʤʠ (Training 

Accuracy). ɿʘ ʪʝʩʪʦʚʠʤʠ ʜʘʥʠʤʠ ʚʠʢʦʥʫʚʘʣʦʩʷ ʣʠʰʝ ʦʙʯʠʩʣʝʥʥʷ ʨʝʟʫʣʴʪʘʪʫ ʧʨʠ 

ʧʦʪʦʯʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʘʭ. ɯʟ ʨʠʩ. 3.6 ʚʠʜʥʦ, ʱʦ ʰʚʠʜʢʦʩʪʽ ʥʘʚʯʘʥʥʷ MLP ʪʘ 

MLP-KAN ʧʨʘʢʪʠʯʥʦ ʽʜʝʥʪʠʯʥʽ. ʄʘʢʩʠʤʘʣʴʥʘ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʣʷ MLP (ʨʠʩ. 

3.5, ʘ) ʩʪʘʥʦʚʠʪʴ 0.9782, ʜʣʷ MLP-KAN (ʨʠʩ. 3.5, ʙ) ï 0.9805. 

 

3.1.4 ʆʙʛʦʚʦʨʝʥʥʷ ʨʝʟʫʣʴʪʘʪ̔ ʚ ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ MLP-

KAN ʧʨʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ 

 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ MLP-KAN ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʦʙʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʜʦʟʚʦʣʷʻ ʟʨʦʙʠʪʠ ʚʠʩʥʦʚʦʢ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ 

ʨʝʘʣʽʟʘʮʽʾ KAN-ʰʘʨʫ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ ʚʽʜʦʤʠʭ ʩʫʪʪʻʚʦʶ ʛʥʫʯʢʽʩʪʶ, ʘ ʩʘʤʝ: 
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1) ʚʠʢʦʨʠʩʪʘʥʥʷ RBF (ʜʠʚ. (3.1) ʪʘ ʨʠʩ. 3.2) ʻ ʫʥʽʚʝʨʩʘʣʴʥʠʤ, ʘʣʝ ʥʝ 

ʦʙʤʝʞʫʚʘʣʴʥʠʤ ʚʘʨʽʘʥʪʦʤ. ɿʘʤʽʩʪʴ RBF ʤʦʞʝ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʠʡ ʙʫʜʴ-ʷʢʠʡ ʽʥʰʠʡ 

ʙʘʟʠʩ, ʷʢʱʦ ʚʽʥ ʢʨʘʱʝ ʚʽʜʧʦʚʽʜʘʻ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤ ʧʨʘʢʪʠʯʥʦʾ ʟʘʜʘʯ;  

2) ʢʽʣʴʢʽʩʪʴ ʦʙôʻʜʥʘʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ (ʜʠʚ. (3.3) ʽ ʨʠʩ. 3.3) ʤʦʞʝ ʙʫʪʠ 

ʧʽʜʽʙʨʘʥʘ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʥʘʡʢʨʘʱʦʛʦ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʤʽʞ ʷʢʽʩʪʶ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ 

ʦʙʩʷʛʦʤ ʦʙʯʠʩʣʝʥʴ ʜʣʷ ʢʦʥʢʨʝʪʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ; 

3) ʨʝʘʣʽʟʘʮʽʷ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʫ ʚʠʛʣʷʜʽ ʚʠʨʘʟʽʚ (3.1) ʽ (3.2) 

ʜʦʟʚʦʣʷʻ ʣʝʛʢʦ ʨʝʘʣʽʟʦʚʫʚʘʪʠ ʾʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʪʨʘʜʠʮʽʡʥʠʭ ʧʨʦʛʨʘʤʥʠʭ ʙʽʙʣʽʦʪʝʢ, 

ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʧʦʙʫʜʦʚʠ ʥʘʩʪʫʧʥʠʭ ʰʘʨʽʚ. ʊʘʢʝ ʧʨʦʝʢʪʫʚʘʥʥʷ ʤʦʜʝʣʽ 

MLP-KAN ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ ʚʠʟʥʘʯʘʪʠ ʥʘʡʨʝʟʫʣʴʪʘʪʠʚʥʽʰʽ ʚʘʨʽʘʥʪʠ ʧʦʙʫʜʦʚʠ 

ʧʨʠ ʨʦʟʚôʷʟʘʥʥʽ ʧʨʘʢʪʠʯʥʠʭ ʟʘʜʘʯ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʽʟʥʦʾ ʢʽʣʴʢʦʩʪʽ ʬʫʥʢʮʽʡ ʧʽʜ ʯʘʩ 

ʘʧʨʦʢʩʠʤʘʮʽʾ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ (ʜʠʚ. ʪʘʙʣ. 3.1 ï 3.3) ʚʠʷʚʠʣʦ ʩʢʣʘʜʥʠʡ ʭʘʨʘʢʪʝʨ 

ʟʘʣʝʞʥʦʩʪʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʬʫʥʢʮʽʡ ʜʣʷ ʨʽʟʥʠʭ ʧʘʨʘʤʝʪʨʽʚ KAN-

ʰʘʨʫ. ɼʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ MNIST ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ RBF ʷʢ ʨʘʮʽʦʥʘʣʴʥʠʡ ʚʘʨʽʘʥʪ, ʱʦ 

ʩʧʨʦʱʫʻ ʽʥʪʝʨʧʨʝʪʘʮʽʶ ʧʦʜʘʣʴʰʠʭ ʝʢʩʧʝʨʠʤʝʥʪʽʚ, ʙʫʣʦ ʧʨʠʡʥʷʪʦ ά φ. ʇʨʦʪʝ 

ʙʫʜʴ-ʷʢʝ ʧʨʘʢʪʠʯʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ MLP-KAN ʧʦʚʠʥʥʦ ʚʢʣʶʯʘʪʠ ʜʦʜʘʪʢʦʚʽ 

ʜʦʩʣʽʜʞʝʥʥʷ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʨʘʮʽʦʥʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʙʘʟʠʩʥʠʭ ʬʫʥʢʮʽʡ. 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥ ̫(ʜʠʚ. ʪʘʙʣ. 3.4) ʧʦʢʘʟʫʶʪʴ, ʱʦ 

ʟʘʤʽʥʘ ʧʝʨʰʦʛʦ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʚ MLP ʥʘ KAN-ʰʘʨ ʧʨʠ ʚʽʜʧʦʚʽʜʥʦʤʫ ʚʠʙʦʨʽ 

ʧʘʨʘʤʝʪʨʽʚ ʜʦʟʚʦʣʷʻ ʦʪʨʠʤʘʪʠ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʩʫʪʪʻʚʦ ʤʝʥʰʦʤʫ 

ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ.  

ɿʦʢʨʝʤʘ, ʧʨʠ ʦʜʥʘʢʦʚʽʡ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 0.9782 ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʜʣʷ MLP-

KAN ʙʫʚ ʫ 3.63 ʨʘʟʠ ʤʝʥʰʠʡ, ʥʽʞ ʜʣʷ MLP. ʇʨʠ ʙʽʣʴʰ ʚʠʩʦʢʽʡ ʪʦʯʥʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ MLP-KAN (0.9786) ʚʠʛʨʘʰ ʚ ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ ʩʪʘʥʦʚʠʚ 2.77 ʨʘʟʠ. 

ʂʨʽʤ ʪʦʛʦ, ʩʣʽʜ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʠʬʽʢʘʮʽʷ MLP-KAN ʥʘʚʯʘʻʪʴʩʷ ʟ 

ʪʘʢʦʶ ʞ ʰʚʠʜʢʽʩʪʶ, ʷʢ ʽ MLP (ʜʠʚ. ʨʠʩ. 3.6), ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʩʧʦʚʽʣʴʥʝʥʥʷ, 

ʦʪʨʠʤʘʥʦʛʦ ʚ ʨʦʙʦʪʽ [86].  

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʦʷʩʥʶʶʪʴʩʷ ʪʠʤ, ʱʦ ʅʄ MLP-KAN ʦʜʥʦʯʘʩʥʦ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʜʚʘ ʪʠʧʠ ʘʧʨʦʢʩʠʤʘʮʽʾ, ʘ ʩʘʤʝ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ 
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ʥʝʡʨʦʥʽʚ ʽ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʅʝʦʙʭʽʜʥʦ ʧʽʜʢʨʝʩʣʠʪʠ, ʱʦ ʨʝʟʫʣʴʪʘʪʠ 

ʦʪʨʠʤʘʥʽ ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ (MNIST), ʱʦ ʜʦʟʚʦʣʷʻ ʩʧʦʜʽʚʘʪʠʩʷ ʥʘ 

ʘʥʘʣʦʛʽʯʥʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʽ ʥʘ ʽʥʰʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ ʧʦʜʽʙʥʦʛʦ ʪʠʧʫ.  

ɼʦʜʘʪʢʦʚʦʶ ʧʝʨʝʚʘʛʦʶ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʅʄ MLP-KAN ʻ ʪʝ, ʱʦ ʚʦʥʘ ʤʦʞʝ 

ʙʫʪʠ ʨʝʘʣʽʟʦʚʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʰʠʨʦʢʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʦʾ ʙʽʙʣʽʦʪʝʢʠ Keras, ʥʘ 

ʚʽʜʤʽʥʫ ʚʽʜ ʩʧʝʮʽʘʣʴʥʦʾ ʙʽʙʣʽʦʪʝʢʠ, ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʚ [40].  

ʆʩʦʙʣʠʚʽʩʪʶ ʤʦʜʝʣʽ MLP-KAN ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʧʽʣʴʥʦʾ ʦʙʨʦʙʢʠ ʥʝʚʝʣʠʢʦʾ 

ʢʽʣʴʢʦʩʪʽ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʅʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ ʙʫʣʠ ʜʦʩʷʛʥʫʪʽ ʧʨʠ ʩʧʽʣʴʥʽʡ 

ʦʙʨʦʙʮʽ 8 ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ɺʦʜʥʦʯʘʩ ʢʣʘʩʠʯʥʘ ʨʝʘʣʽʟʘʮʽʷ KAN, ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʚ 

[40], ʧʝʨʝʜʙʘʯʘʻ ʩʧʽʣʴʥʫ ʦʙʨʦʙʢʫ ʫ ʚʫʟʣʘʭ ʥʘʩʪʫʧʥʦʛʦ ʰʘʨʫ ʚʣʘʩʥʠʭ ʬʫʥʢʮʽʡ 

ʘʢʪʠʚʘʮʽʾ ʚʽʜ ʢʦʞʥʦʛʦ ʚʫʟʣʘ ʧʦʪʦʯʥʦʛʦ ʰʘʨʫ. ʄʦʜʝʣʴ MLP-KAN ʧʨʠ ʚʽʜʧʦʚʽʜʥʦʤʫ 

ʚʠʙʦʨʽ ʧʘʨʘʤʝʪʨʽʚ ʟʘʙʝʟʧʝʯʫʻ ʩʫʪʪʻʚʦ ʤʝʥʰʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʫ ʧʦʨʽʚʥʷʥʥʽ ʟ MLP 

ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʝʣʴ MLP-KAN ʫʩʧʽʰʥʦ ʚʠʨʽʰʫʻ ʟʘʜʘʯʫ 

ʩʧʽʣʴʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʧʨʦʢʩʠʤʘʣʴʥʠʭ ʚʣʘʩʪʠʚʦʩʪʝʡ MLP ʽ KAN ʜʣʷ ʥʘʙʦʨʫ 

ʜʘʥʠʭ ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ MNIST. ʋ ʮʽʡ ʨʦʙʦʪʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʷ ʘʧʨʦʢʩʠʤʘʮʽʷ 

ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʟʘ ʜʦʧʦʤʦʛʦʶ RBF. ʆʜʥʘʢ ʫ ʤʝʞʘʭ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ 

ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʡ ʽʥʰʽ ʬʫʥʢʮʽʾ ʘʧʨʦʢʩʠʤʫʚʘʥʥʷ, ʷʢʱʦ ʚʦʥʠ ʢʨʘʱʝ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʚʣʘʩʪʠʚʦʩʪʽ ʢʦʥʢʨʝʪʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ. ɺʠʢʦʥʫʚʘʪʠ ʦʙʯʠʩʣʝʥʥʷ ʮʠʭ 

ʬʫʥʢʮʽʡ ʥʘ ʢʦʞʥʽʡ ʽʪʝʨʘʮʽʾ ʥʝ ʧʦʪʨʽʙʥʦ. ɼʦʩʪʘʪʥʴʦ ʧʦʧʝʨʝʜʥʴʦ ʨʦʟʨʘʭʫʚʘʪʠ ʪʘʙʣʠʮʽ 

ʟʥʘʯʝʥʴ ʽʟ ʜʦʩʪʘʪʥʴʦʶ ʢʽʣʴʢʽʩʪʶ ʚʽʜʣʢ̔̔ʚ ʽ ʥʘʜʘʣʽ ʧʨʦʩʪʦ ʚʠʙʠʨʘʪʠ ʟʥʘʯʝʥʥʷ ʟ 

ʪʘʙʣʠʮʴ. 

ʆʙʤʝʞʝʥʥʷʤ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʻ ʪʝ, ʱʦ ʚʦʥʘ ʧʦʙʫʜʦʚʘʥʘ ʥʘ ʙʘʟʽ 

MLP. MLP ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚ ʨʽʟʥʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʷʢ ʩʘʤʦʩʪʽʡʥʦ, ʪʘʢ ʽ ʷʢ 

ʚʠʭʽʜʥʠʡ ʝʣʝʤʝʥʪ ʧʨʘʢʪʠʯʥʦ ʚʩʽʭ ʩʢʣʘʜʥʠʭ ʅʄ. ʇʨʦʪʝ ʽʩʥʫʶʪʴ ʤʦʜʝʣʽ, 

ʝʬʝʢʪʠʚʥʽʰʽ ʟʘ MLP, ʪʦʤʫ ʮʽʢʘʚʠʪʴ ʨʦʟʚʠʪʦʢ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʽ ʚ ʮʠʭ 

ʤʦʜʝʣʷʭ. 
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3.2 ɺʜʦʩʢʦʥʘʣʝʥʥʷ ʤʦʜʝʣ ̔ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʣʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ 

 

ʋ ʧʽʜʧʫʥʢʪʽ 3.1 ʙʫʣʘ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ MLP-KAN, ʱʦ ʧʦʻʜʥʫʻ 

ʘʧʨʦʢʩʠʤʘʣʴʥʽ ʚʣʘʩʪʠʚʦʩʪʽ ʥʝʡʨʦʥʽʚ ʽ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʇʦʨʽʚʥʷʥʥʷ ʟ 

MLP ʟʜʽʡʩʥʶʚʘʣʦʩʷ ʥʘ ʧʨʠʢʣʘʜʽ ʥʘʙʦʨʫ ʜʘʥʠʭ ʟʘʛʘʣʴʥʦʛʦ ʪʠʧʫ ï MNIST. 

ʆʩʦʙʣʠʚʽʩʪʶ ʨʦʙʦʪʠ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ ̒ ʪʝ, ʱʦ ʥʘ ʡʦʛʦ ʚʭʦʜʠ ʥʘʜʭʦʜʷʪʴ ʚʠʭʽʜʥʽ ʚʝʢʪʦʨʠ ʅʄ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ. ʆʩʦʙʣʠʚʽʩʪʶ ʮʠʭ ʚʝʢʪʦʨʽʚ ʻ ʪʝ, ʱʦ ʚʦʥʠ ʩʢʣʘʜʘʶʪʴʩʷ ʟ ʝʣʝʤʝʥʪʽʚ, ʱʦ 

ʤʽʩʪʷʪʴ ʦʮʽʥʢʠ ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥ ̫ʜʦ ʢʦʞʥʦʛʦ ʟ ʢʣʘʩʽʚ.  

ʄʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʝʣʝʤʝʥʪʫ ʚʝʢʪʦʨʫ ʚʢʘʟʫʻ ʥʘ ʥʘʡʽʤʦʚʽʨʥʽʰʠʡ ʢʣʘʩ, 

ʷʢʦʤʫ ʥʘʣʝʞʠʪʴ ʟʦʙʨʘʞʝʥʥʷ. ɯʥʰʽ ʢʦʤʧʦʥʝʥʪʠ ʤʽʩʪʷʪʴ ʤʝʥʰʽ, ʘʣʝ ʥʝʥʫʣʴʦʚʽ 

ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʜʦ ʚʽʜʧʦʚʽʜʥʠʭ ʢʣʘʩʽʚ. ʊʦʤʫ ʩʪʘʥʦʚʠʪʴ ʽʥʪʝʨʝʩ 

ʘʜʘʧʪʘʮʽʷ ʨʦʟʨʦʙʣʝʥʦ ʾ ʤʦʜʝʣʽ MLP-KAN, ʩʧʝʮʽʘʣʴʥʦ ʧʨʠʩʪʦʩʦʚʘʥʦʾ ʜʣʷ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʪʘ 

ʜʦʩʣʽʜʞʝʥʥʷ ʾʾ ʝʬʝʢʪʠʚʥʦʩʪʽ. 

3.2.1 ɺʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ MLP-KAN ʜʣʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ɼʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP-KAN ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʚʠʢʦʥʘʻʤʦ ʪʘʢʽ ʢʨʦʢʠ ʘʜʘʧʪʘʮʽʾ: 

ï ʢʦʞʝʥ ʚʭʽʜʥʠʡ ʚʝʢʪʦʨ ʝʣʝʤʝʥʪʽʚ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʟʘ 

ʜʦʧʦʤʦʛʦʶ m  ʬʫʥʢʮʽʡ RBF; 

ï ʨʝʟʫʣʴʪʘʪʠ ʟʚʘʞʫʶʪʴʩʷ ʥʘʚʯʘʣʴʥʠʤʠ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʪʘ 

ʧʦʜʘʶʪʴʩʷ ʥʘ ʩʫʤʘʪʦʨ; 

ï ʚʠʣʫʯʘʻʪʴʩʷ ʜʨʫʛʠʡ ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ MLP; 

ï ʥʝ ʚʠʢʦʥʫʻʪʴʩʷ ʦʙôʻʜʥʘʥʥʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. 

ʊʘʢʘ ʘʜʘʧʪʘʮʽʷ ʟʜʽʡʩʥʝʥʘ ʪʘʢʦʞ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʦʩʦʙʣʠʚʦʩʪʝʡ ʚʠʭʽʜʥʦʛʦ 

ʚʝʢʪʦʨʫ ʝʣʝʤʝʥʪʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʘ ʩʘʤʝ ʪʦʛʦ, ʱʦ 

ʚʠʭʽʜʥʽ ʚʝʢʪʦʨʠ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 
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ʤʘʶʪʴ ʷʚʥʦ ʚʠʨʘʞʝʥʠʡ ʤʘʢʩʠʤʫʤ ʥʘ ʥʘʡʙʽʣʴʰ ʡʤʦʚʽʨʥʦʤʫ ʢʣʘʩʽ, ʽʥʰʽ ʟʥʘʯʝʥʥʷ 

ʝʣʝʤʝʥʪʽʚ ʚʝʢʪʦʨʽʚ ʩʫʪʪʻʚʦ ʤʝʥʰʽ. 

ʗʢ ʙʫʣʦ ʚʠʟʥʘʯʝʥʦ ʫ ʨʦʟʜʽʣʽ 2 ʥʘ ʚʭʽʜ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʥʘʜʭʦʜʷʪʴ ʚʠʭʽʜʥʽ ʝʣʝʤʝʥʪʠ (ʡʤʦʚʽʨʥʦʩʪʽ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ʢʦʞʥʦʤʫ ʟ ʢʣʘʩʽʚ 

K) ʫ ʚʠʛʣʷʜʽ ʚʝʢʪʦʨʫ ╟, ʷʢʠʡ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʝʣʝʤʝʥʪʽʚ ʥʘ ʚʠʭʦʜʽ ʧʝʨʰʦʾ ʅʄ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ï ὴ ȟȣȟὴ , ʜʨʫʛʦʾ ʅʄ ï ὴ ȟȣȟὴ , ʽ ʪʘʢ ʜʘʣʽ ï ʜʦ ʚʠʭʽʜʥʠʭ ʝʣʝʤʝʥʪʽʚ  

(M+L)-ʦʾ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ï ὴ , ..., ὴ . ʂʦʞʝʥ ʽʟ ʮʠʭ ʝʣʝʤʝʥʪʽʚ  ʥʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ 

ʚʣʘʩʥʦʶ ʥʘʚʯʘʣʴʥʦʶ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ ʪʘ ʧʦʜʘʻʪʴʩʷ ʥʘ ʢʦʞʝʥ ʽʟ K ʥʝʡʨʦʥʽʚ 

ʚʠʭʽʜʥʦʛʦ ʰʘʨʫ  ὲȟȣȟὲ . 

ɿʚʠʯʘʡʥʦ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʤʝʪʘ-ʢʣʘʩʠʬʽʢʘʪʦʨ ἒ  (1.3), ʟʘʟʚʠʯʘʡ ʮʝ ʧʦʚʥʦʟʚôʷʟʢʦʚʘ ʅʄ MLP, 

ʷʢʘ ʚʠʢʦʥʫʻ ʥʝʣʽʥʽʡʥʝ ʧʝʨʝʪʚʦʨʝʥʥʷ ʤʝʪʘ-ʦʟʥʘʢ ʽ ʤʘʻ ʪʘʢʠʡ ʚʠʛʣʷʜ 

 

ώ ʎὡ ὙὩὒὟὡ ╟ ὦ ὦ ,                                  (3.6) 

 

ʜʝ  ὡ  ï ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʚʠʭʽʜʥʦʛʦ ʰʘʨʫ, ʱʦ ʥʘʚʯʘʻʪʴʩʷ; 

 ὡ  ï ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ, ʱʦ ʥʘʚʯʘʻʪʴʩʷ; 

 ὦ, ὦ ï ʟʤʽʱʝʥʥʷ ʧʨʠʭʦʚʘʥʦʛʦ ʪʘ ʚʠʭʽʜʥʦʛʦ ʰʘʨʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ; 

 ʎ ï ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ Softmax; 

 ὙὩὒὟ ï ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ. 

ʇʨʦʧʦʥʫʻʪʴʩʷ ʟʘʤʽʥʠʪʠ ʚ ʤʦʜʝʣ ̔ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥ ̫ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘ ʩʪʝʢʽʥʛʦʤ ʅʄ ʢʣʘʩʠʬʽʢʘʪʦʨ MLP ʥʘ ʘʜʘʧʪʦʚʘʥʫ ʤʦʜʝʣ ɹMLP-

KAN, ʪʦʜʽ ʚʠʭʽʜʥʠʡ ʚʝʢʪʦʨ ʡʤʦʚʽʨʥʦʩʪʝʡ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥ ̫ʢʦʞʥʦʤʫ ʟ K 

ʢʣʘʩʽʚ ʚʠʟʥʘʯʘʻʪʴʩʷ ʪʘʢʠʤ ʯʠʥʦʤ 

 

ώ ʎὡ ˡ╟ ὦ ,                                               (3.7) 
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ʜʝ  ˡ ɮ ȟȣȟɮ  ï ʦʧʝʨʘʪʦʨ ʧʝʨʝʪʚʦʨʝʥʥʷ ʢʦʞʥʦʛʦ ʝʣʝʤʝʥʪʫ ʚʝʢʪʦʨʫ 

ʡʤʦʚʽʨʥʦʩʪʝʡ P. 

ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʚʚʝʜʝʥʠʭ ʢʨʦʢʽʚ ʘʜʘʧʪʘʮʽʾ ʚ ʤʦʜʝʣʽ ʬʦʨʤʫʻʪʴʩʷ ʣʠʰʝ ʦʜʥʘ 

ʥʘʚʯʘʣʴʥʘ ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʜʣʷ ʢʦʞʥʦʛʦ ʝʣʝʤʝʥʪʘ ʚʭʽʜʥʦʛʦ ʚʝʢʪʦʨʫ P ʜʨʫʛʦʛʦ 

ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. ɯʟ ʚʠʭʦʜʽʚ ʩʫʤʘʪʦʨʽʚ ʚʝʢʪʦʨʠ 

ʦʟʥʘʢ ʥʘʜʭʦʜʷʪʴ ʥʘ ʚʠʭʽʜʥʠʡ ʰʘʨ ʅʄ, ʷʢʠʡ ʩʢʣʘʜʘʻʪʴʩʷ ʟʽ ʟʚʠʯʘʡʥʠʭ ʥʝʡʨʦʥʽʚ ʽʟ 

ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ ʥʘ ʚʭʦʜʘʭ, ʩʫʤʘʪʦʨʦʤ ʽ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ softmax. 

ʅʘʚʯʘʣʴʥʘ ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʰʘʨʫ KAN  ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʤʘʻ 

ʚʠʛʣʷʜ: 

ˡ ὴ В • ὴ ‫  ,                               (3.8) 

 

ʜʝ  ˡ  ï ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʜʣʷ l-ʛʦ ʚʠʭʽʜʥʦʛʦ ʝʣʝʤʝʥʪʫ j-ʦʾ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ; 

ὴ ï l-ʠʡ ʚʠʭʽʜʥʠʡ ʝʣʝʤʝʥʪ j-ʦʾ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ (ʥʦʨʤʦʚʘʥʠʡ); 

‫  ï i-ʡ ʥʘʚʯʘʣʴʥʠʡ ʚʘʛʦʚʠʡ ʢʦʝʬʽʮʽʻʥʪ ʜʣʷ ʬʦʨʤʫʚʘʥʥʷ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ 

ʜʣʷ l-ʛʦ ʚʠʭʽʜʥʦʛʦ ʝʣʝʤʝʥʪʫ j-ʦʾ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ɺʽʜʧʦʚʽʜʥʦ ʜʦ ʬʦʨʤʫʣʠ (3.8), ʝʣʝʤʝʥʪ ʤʦʜʝʣʽ ʅʄ MLP-KAN ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʷʢʠʡ ʬʦʨʤʫʻ ʥʘʚʯʘʣʴʥʫ ʬʫʥʢʮʽʶ 

ʘʢʪʠʚʘʮʽʾ, ʤʘʻ ʚʠʛʣʷʜ, ʧʦʜʘʥʠʡ ʥʘ ʨʠʩ. 3.7. 

ʄʦʜʝʣʴ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʜʣʷ  K ʢʣʘʩʽʚ 

ʟʦʙʨʘʞʝʥʴ ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 3.8. ʋ ʢʦʞʥʦʤʫ ʥʝʡʨʦʥʽ ʚʠʭʽʜʥʦʛʦ ʰʘʨʫ ʚʩʽ ʚʭʽʜʥʽ 

ʚʝʢʪʦʨʠ ʟʚʘʞʫʶʪʴʩʷ ʥʘʚʯʘʣʴʥʠʤʠ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ, ʧʽʜʩʫʤʦʚʫʶʪʴʩʷ, 

ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ softmax ʽ ʧʦʜʘʶʪʴʩʷ ʥʘ ʚʠʭʽʜ. ʅʘ ʩʫʤʘʪʦʨ ʫ 

ʥʝʡʨʦʥʘʭ ʪʘʢʦʞ ʧʦʜʘʻʪʴʩʷ ʟʥʘʯʝʥʥʷ ʟʩʫʚʫ (ʘʥʛʣ. bias), ʟʚʘʞʝʥʝ ʚʣʘʩʥʠʤ ʥʘʚʯʘʣʴʥʠʤ 

ʢʦʝʬʽʮʽʻʥʪʦʤ. ɺʠʭʽʜʥʠʡ ʝʣʝʤʝʥʪ ʪʦʛʦ ʥʝʡʨʦʥʘ, ʷʢʠʡ ʤʘʻ ʤʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ, 

ʧʨʠʡʤʘʻʪʴʩʷ ʷʢ ʚʽʜʧʦʚʽʜʴ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ, ʽ, ʚʽʜʧʦʚʽʜʥʦ ï ʷʢ ʚʠʭʽʜʥʠʡ ʢʣʘʩ 

ʫʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ. 
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ʈʠʩʫʥʦʢ 3.7 ï ʉʭʝʤʘ ʬʦʨʤʫʚʘʥʥʷ ʥʘʚʯʘʣʴʥʦʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʜʣʷ ʚʠʭʽʜʥʦʛʦ 

ʝʣʝʤʝʥʪʫ ὴ  ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ 

 

 
ʈʠʩʫʥʦʢ 3.8 ï ʄʦʜʝʣʴ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

 

ɿʘʛʘʣʥɹʠʡ ʚʠʜ ʚʜʦʩʢʦʥʘʣʝʥʦʾ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ, ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʻ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ MLP-KAN ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 

3.9. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʤʦʜʝʣʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʥʘʚʝʜʝʥʦʾ 

ʥʘ ʨʠʩ.2.1, ʫ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ MLP ʟʘʤʽʥʝʥʦ ʥʘ MLP-KAN, ʱʦ ʜʦʟʚʦʣʠʣʦ ʩʫʪʪʻʚʦ 

ʩʢʦʨʦʪʠʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʙʝʟ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʦʙ'ʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ.  
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ʈʠʩʫʥʦʢ 3.9 ï ʄʦʜʝʣʴ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ, ʱʦ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ MLP-KAN 

 

3.2.2 ɼʦʩʣʽʜʞʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʤʦʜʝʣʽ MLP-KAN  

ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ  

 

ɽʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʚ ʅʄ ʜʨʫʛʦʛʦ 

ʩʪʫʧʝʥʷ ʧʦʨʽʚʥʶʚʘʣʘʩʷ ʟ ʨʝʟʫʣʴʪʘʪʘʤʠ ʨʦʙʦʪʠ [40]. 

ʋ ʮʽʡ ʨʦʙʦʪʽ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʤʽʩʪʠʣʘ ʪʨʠ ʰʘʨʠ: 

- ʚʭʽʜʥʠʡ ʰʘʨ ʨʦʟʤʽʨʥʦʩʪʽ K × (M+L)  (K ï ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ ʫ ʥʘʙʦʨʽ ʜʘʥʠʭ, 

(M+L) ï ʢʽʣʴʢʽʩʪʴ ʅʄ (ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʪʘ ʢʣʦʥʽʚ) ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ); 

- ʧʨʠʭʦʚʘʥʠʡ ʰʘʨ ʨʦʟʤʽʨʥʦʩʪʽ K × (M+L  ï 1), ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ï ReLU; 

- ʚʠʭʽʜʥʠʡ ʰʘʨ ʨʦʟʤʽʨʥʦʩʪʽ K, ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ï softmax. 

ʋ ʜʘʥʦʤʫ ʧʽʜʨʦʟʜʽʣʽ ʟʘʤʽʩʪʴ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʚʩʷ ʰʘʨ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʂʽʣʴʢʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ 
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ʢʦʝʬʽʮʽʻʥʪʽʚ ʫ ʮʴʦʤʫ ʰʘʨʽ ʩʪʘʥʦʚʠʣʘ (M+L)  × K × m. ʇʦʨʽʚʥʷʣʴʥʘ ʪʘʙʣʠʮʷ ʢʽʣʴʢʦʩʪʽ 

ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʥʘʚʝʜʝʥʘ ʚ ʪʘʙʣ. 3.5. 

 

ʊʘʙʣʠʮʷ 3.5 ï ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ ʫ ʅʄ ʜʨʫʛʦʛʦ 

ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʇʘʨʘʤʝʪʨ ɿʥʘʯʝʥʥʷ 

ʂʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʥʘ ʧʝʨʰʦʤʫ 

ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ (M+L) 

2 3 4 5 6 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ 

ʥʘʚʯʘʶʪʴʩʷ ʫ MLP [40] ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

630 830 1540 2450 3560 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ 

ʥʘʚʯʘʶʪʴʩʷ ʫ MLP-KAN ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʨʠ m = 6 

321 481 641 801 961 

ʉʧʽʚʚʽʜʥʦʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ 

1.96 1.73 2.4 3.06 3.7 

 

ʗʢ ʚʠʜʥʦ ʟ ʪʘʙʣ. 3.5, ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ MLP-KAN ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥ ̔

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʟʘʙʝʟʧʝʯʫʻ ʟʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʥʘʚʯʘʣʴʥʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʚ 1.96 ï 3.7 ʨʘʟʠ, ʟʘʣʝʞʥʦ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʅʄ (ʙʘʟʦʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʪʘ ʢʣʦʥʽʚ) ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. 

 

3.2.3 ɼʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜ ʢʽʣʴʢʦʩʪʽ RBF, ʱʦ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʦʜʥʽʻʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʚ ʰʘʨʽ KAN 

 

ɼʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʘʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʽʟ ʪʨʴʦʤʘ ʅʄ 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ: CCT, EATNet ʽ MLP-Mixer, ʥʘ ʚʭʦʜʠ ʷʢʠʭ ʧʦʜʘʚʘʣʠʩʷ 

ʟʦʙʨʘʞʝʥʥʷ ʟ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 [39]. ʈʝʟʫʣʴʪʫʶʯʘ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʣʷ 

ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʽʩʣʷ ʥʘʚʯʘʥʥʷ ʥʘʚʝʜʝʥʘ ʚ ʪʘʙʣ. 3.6. ʅʘʡʢʨʘʱʽ 

ʨʝʟʫʣʴʪʘʪʠ ʙʫʣʠ ʦʪʨʠʤʘʥʽ ʧʨʠ m = 6, ʪʦʤʫ ʩʘʤʝ ʮʝ ʟʥʘʯʝʥʥʷ ʢʽʣʴʢʦʩʪʽ RBF ʙʫʣʦ 

ʚʠʢʦʨʠʩʪʘʥʦ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʜʦʩʣʽʜʞʝʥʥ.̫ 

 

 



 

 

100 

 

ʊʘʙʣʠʮʷ 3.6 ï ɿʘʣʝʞʥʽʩʪʴ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ (Accuracy) ʚʽʜ ʢʽʣʴʢʦʩʪʽ RBF, 

ʱʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ ʦʜʥʽʻʾ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʚ ʰʘʨʽ KAN 

ʇʘʨʘʤʝʪʨ ɿʥʘʯʝʥʥʷ 

ʂʽʣʴʢʽʩʪʴ RBF (m), ʱʦ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʘʧʨʦʢʩʠʤʘʮʽʾ  

4 5 6 7 8 

Accuracy 0.8402 0.8423 0.8431 0.8430 0.8418 

 

ɼʣʷ ʧʨʠʢʣʘʜʫ ʥʘ ʨʠʩ. 3.10 ʥʘʚʝʜʝʥʦ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʜʣʷ ʚʠʭʽʜʥʠʭ ʝʣʝʤʝʥʪʽʚ 

ʅʄ CCT ʧʽʩʣʷ ʥʘʚʯʘʥʥʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

ɿʘ ʬʦʨʤʦʶ ʥʘʚʯʝʥʠʭ ʢʨʠʚʠʭ ʘʢʪʠʚʘʮʽʾ ʚʠʜʥʦ, ʱʦ ʧʽʩʣʷ ʥʘʚʯʘʥʥʷ ʥʘ ʚʠʭʽʜʥʠʡ 

ʰʘʨ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʧʦʜʘʶʪʴʩʷ ʣʠʰʝ ʚʝʣʠʢʽ ʧʦʟʠʪʠʚʥʽ ʟʥʘʯʝʥʥʷ, ʘ ʚʽʜôʻʤʥʽ ʪʘ 

ʤʘʣʽ ʜʦʜʘʪʥʽ ʟʥʘʯʝʥʥʷ ʦʙʥʫʣʷʶʪʴʩʷ. 

 

3.2.4 ʇʦʨʽʚʥʷʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ MLP-KAN ʟ 

ʤʦʜʝʣʣʶ MLP ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ  

 

ʇʦʨʽʚʥʷʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʟʘʤʽʥʠ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʥʘ ʰʘʨ KAN ʟ ʥʘʚʯʘʣʴʥʠʤʠ 

ʬʫʥʢʮʽʷʤʠ ʘʢʪʠʚʘʮʽʾ ʧʨʦʚʦʜʠʣʦʩʷ ʜʣʷ ʢʽʣʴʢʦʩʪʽ ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚʽʜ 3 ʜʦ 6. 

ʅʘ ʚʭʽʜ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʧʦʜʘʚʘʣʠʩʷ ʟʦʙʨʘʞʝʥʥʷ ʟ ʥʘʙʦʨʫ CIFAR-10. ʂʽʣʴʢʽʩʪʴ 

ʚʠʢʦʨʠʩʪʘʥʠʭ RBF ʚ ʫʩʽʭ ʚʠʧʘʜʢʘʭ ʩʪʘʥʦʚʠʣʘ m = 6. ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 

3.7. ʇʦʢʘʟʥʠʢʠ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ MLP ʚʟʷʪʽ ʟʽ ʩʪʘʪʪʽ [19]. 

ɯʟ ʨʝʟʫʣʴʪʘʪʽʚ ʪʘʙʣ. 3.7 ʚʠʜʥʦ, ʱʦ ʟʘʤʽʥʘ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ ʚ MLP ʥʘ ʰʘʨ 

ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʧʨʠʟʚʝʣʘ ʜʦ ʥʝʚʝʣʠʢʦʛʦ ʟʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʧʦʤʠʣʦʢ ʢʣʘʩʠʬʽʢʘʮʽʾ ï ʚʽʜ 0,45% ʜʦ 1,9%. ʇʨʠ ʮʴʦʤʫ ʚ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ, ʟʛʽʜʥʦ 

ʟ ʪʘʙʣ. 3.5, ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʩʫʪʪʻʚʦ ʤʝʥʰʫ ʢʽʣʴʢʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʷʢʘ 

ʚʽʜʨʽʟʥʷʣʘʩʷ ʫ 1,69 ï 3,7 ʨʘʟʠ. 
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ʈʠʩʫʥʦʢ 3.10 ï ʌʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʜʣʷ ʚʠʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ CCT 

ʧʽʩʣʷ ʥʘʚʯʘʥʥʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ: 

ʘ ï ʬʫʥʢʮʽʷ ʌ ; ʙ ï ʬʫʥʢʮʽʷ ʌ ; ʚ ï ʬʫʥʢʮʽʷ ʌ ; ʛ ï ʬʫʥʢʮʽʷ ʌ ; 

ʜ ï ʬʫʥʢʮʽʷ ʌ ; ʝ ï ʬʫʥʢʮʽʷ ʌ ; ʞ ï ʬʫʥʢʮʽʷ ʌ ; ʟ ï ʬʫʥʢʮʽʷ ʌ ; 

ʠ ï ʬʫʥʢʮʽʷ ʌ ; ʢ ï ʬʫʥʢʮʽʷ ʌ . [3-?5] 

 

ɺʽʜʤʽʥʥʠʤʠ ʦʩʦʙʣʠʚʦʩʪʷʤʠ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʻ ʪʘʢʽ. ɿʘʤʽʥʘ ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP, 

ʚʠʢʦʨʠʩʪʘʥʦʛʦ ʚ ʨʦʙʦʪʽ [19], ʥʘ ʰʘʨ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʜʦʟʚʦʣʠʣʘ ʜʣʷ 
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ʪʦʛʦ ʩʘʤʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʽ ʪʠʭ ʩʘʤʠʭ ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 0.45% ï 1.9%. ʇʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ ʰʘʨʫ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʢʽʣʴʢʽʩʪʴ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʟʤʝʥʰʠʣʘʩʷ ʫ 1,69 ï 3,7 ʨʘʟʘ. ʊʘʢʝ ʩʢʦʨʦʯʝʥʥʷ 

ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʜʦʩʷʛʥʫʪʦ ʟʘʚʜʷʢʠ ʪʦʤʫ, ʱʦ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʨʦʙʽʪ 

[40,73,86-94] ʢʦʞʝʥ ʚʠʭʽʜʥʠʡ ʝʣʝʤʝʥʪ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʦʙʨʦʙʣʷʚʩʷ ʣʠʰʝ ʦʜʥʽʻʶ 

ʥʘʚʯʘʣʴʥʦʶ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ. ʂʨʽʤ ʪʦʛʦ, ʅʄ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʤʽʩʪʠʣʘ ʥʝ ʪʽʣʴʢʠ 

ʥʘʚʯʘʣʴʥʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ, ʘ ʡ ʚʠʭʽʜʥʠʡ ʰʘʨ ʟ ʢʣʘʩʠʯʥʠʤʠ ʥʝʡʨʦʥʘʤʠ. ʅʝʦʙʭʽʜʥʦ 

ʪʘʢʦʞ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʚʽʜʤʽʥʥʦʩʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʚʽʜ ʽʥʰʠʭ ʤʦʜʝʣʝʡ ʟ ʥʘʚʯʘʣʴʥʠʤʠ 

ʬʫʥʢʮʽʷʤʠ ʘʢʪʠʚʘʮʽʾ, ʧʨʝʜʩʪʘʚʣʝʥʠʤʠ ʫ ʚʠʱʝ ʟʛʘʜʘʥʠʭ ʨʦʙʦʪʘʭ, ʜʦʟʚʦʣʠʣʠ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʩʪʘʥʜʘʨʪʥʫ ʙʽʙʣʽʦʪʝʢʫ Keras [82], ʘ ʥʝ ʩʧʝʮʽʘʣʴʥʦ ʨʦʟʨʦʙʣʝʥʫ 

PyKan [40]. 

 

ʊʘʙʣʠʮʷ 3.7 ï ʇʦʨʽʚʥʷʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʦʜʝʣʽ MLP-KAN ʪʘ 

ʤʦʜʝʣʽ MLP ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ 

ʂʣʘʩʠʬʽʢʘʪʦʨʠ 

ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

M Accuracy,  

ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ 

MLP 

Accuracy,  

ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ 

MLP-KAN 

ɿʤʝʥʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ 

ʧʦʤʠʣʦʢ ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ  

MLP-KAN, % 

CCT+EATNet+ 

MLP-Mixer 

3 0.8401 0.8431 1.9 

CCT+EATNet+ 

MLP-Mixer+FNet 

4 0.8445 0.8452 0.45 

CCT+EATNet+ 

MLP-Mixer+FNet 

+gMLP 

5 0.8457 0.8467 0.65 

CCT+EATNet+ 

MLP-Mixer+FNet 

+gMLP+SwinTr 

6 0.8468 

 

0.8477 0.59 

 

 

ʆʪʨʠʤʘʥʠʡ ʫ ʮʽʡ ʨʦʙʦʪʽ ʧʦʟʠʪʠʚʥʠʡ ʨʝʟʫʣʴʪʘʪ ʻ ʥʘʩʣʽʜʢʦʤ ʦʜʥʦʯʘʩʥʦʾ 

ʥʘʷʚʥʦʩʪʽ ʚ ʤʦʜʝʣʽ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʜʚʦʭ ʨʽʟʥʠʭ ʪʠʧʽʚ ʘʧʨʦʢʩʠʤʘʪʦʨʽʚ, ʷʢʽ 

ʜʦʧʦʚʥʶʶʪʴ ʦʜʠʥ ʦʜʥʦʛʦ: 
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- ʰʘʨʫ ʟ ʥʘʚʯʘʣʴʥʠʤʠ ʬʫʥʢʮʽʷʤʠ ʘʢʪʠʚʘʮʽʾ; 

- ʚʠʭʽʜʥʦʛʦ ʰʘʨʫ ʟ ʢʣʘʩʠʯʥʠʤʠ ʥʝʡʨʦʥʘʤʠ. 

ʇʝʨʝʚʘʛʠ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʧʦʣʷʛʘʶʪʴ ʫ ʧʦʢʨʘʱʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ 

ʤʝʥʰʽʡ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ. ɼʦʜʘʪʢʦʚʦʶ ʧʝʨʝʚʘʛʦʶ ʻ 

ʤʦʞʣʠʚʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʠʩʦʢʦʨʽʚʥʝʚʦʾ ʙʽʙʣʽʦʪʝʢʠ Keras, ʱʦ ʩʧʨʦʱʫʻ ʨʝʘʣʽʟʘʮʽʶ. 

ʈʝʟʫʣʴʪʘʪʠ, ʥʘʚʝʜʝʥʽ ʚ ʪʘʙʣ. 3.6, ʧʦʢʘʟʘʣʠ, ʱʦ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʦʛʦ ʥʘʙʦʨʫ 

ʜʘʥʠʭ CIFAR-10 ʽ ʜʦʩʣʽʜʞʝʥʥʷ ʤʦʜʝʣʽ ʣʠʰʝ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʥʘʡʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ ʟʘʙʝʟʧʝʯʫʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʰʝʩʪʠ ʬʫʥʢʮʽʡ RBF ʜʣʷ 

ʘʧʨʦʢʩʠʤʘʮʽʾ. ʆʯʝʚʠʜʥʦ, ʱʦ ʜʣʷ ʽʥʰʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʽ ʜʣʷ ʽʥʰʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʥʘʚʯʘʣʴʥʦʾ ʅʄ ʥʝʦʙʭʽʜʥʦ ʧʨʦʚʦʜʠʪʠ ʜʦʜʘʪʢʦʚʽ ʜʦʩʣʽʜʞʝʥʥʷ, ʱʦʙ ʚʠʟʥʘʯʠʪʠ 

ʥʘʡʙʽʣʴʰ ʧʨʠʜʘʪʥʠʡ ʪʠʧ ʘʧʨʦʢʩʠʤʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʽ ʾʭ ʨʘʮʽʦʥʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ. 

ʅʘʚʝʜʝʥʽ ʥʘ ʨʠʩ. 3.10 ʨʝʟʫʣʴʪʫʶʯʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ ʧʽʜʪʚʝʨʜʠʣʠ ʟʘʛʘʣʴʥʫ ʧʝʨʝʚʘʛʫ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘʚʯʘʣʴʥʠʭ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ï ʚʠʱʫ ʽʥʪʝʨʧʨʝʪʦʚʘʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ 

ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ [40]. ʅʘ ʨʠʩ. 3.10 ʯʽʪʢʦ ʚʠʜʥʦ, ʱʦ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ 

ʧʨʦʧʫʩʢʘʶʪʴ ʜʦ ʧʦʜʘʣʴʰʦʾ ʦʙʨʦʙʢʠ ʣʠʰʝ ʟʥʘʯʫʱʽ ʚʠʭʽʜʥʽ ʩʠʛʥʘʣʠ, ʚʽʜʩʽʢʘʶʯʠ 

ʚʽʜôʻʤʥʽ ʪʘ ʤʘʣʽ ʧʦʟʠʪʠʚʥʽ ʟʥʘʯʝʥʥʷ. ʈʝʟʫʣʴʪʘʪʠ ʪʘʙʣ. 3.5 ʪʘ ʪʘʙʣ. 3.7 ʧʦʢʘʟʫʶʪʴ, ʱʦ 

ʜʣʷ ʚʩʽʭ ʚʘʨʽʘʥʪʽʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʨʦʟʛʣʷʥʫʪʠʭ ʫ ʨʦʙʦʪʽ [40], 

ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʤʦʜʝʣʴ ʅʄ MLP-KAN ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʤʝʥʰʽʡ 

ʢʽʣʴʢʦʩʪʽ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ. ʅʝʦʙʭʽʜʥʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʩʣʽʜ ʦʯʽʢʫʚʘʪʠ ʧʦʟʠʪʠʚʥʠʭ 

ʨʝʟʫʣʴʪʘʪʽʚ ʽ ʚ ʽʥʰʠʭ ʤʦʜʝʣʷʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʜʝ ʤʦʞʫʪʴ ʙʫʪʠ ʩʧʽʣʴʥʦ 

ʚʠʢʦʨʠʩʪʘʥʽ ʘʧʨʦʢʩʠʤʘʪʦʨʠ ʨʽʟʥʠʭ ʪʠʧʽʚ. 

ʆʜʥʠʤ ʽʟ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʥʘʧʨʷʤʽʚ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʻ ʩʪʚʦʨʝʥʥʷ ʥʦʚʠʭ 

ʤʦʜʝʣʝʡ ʅʄ, ʱʦ ʤʽʩʪʷʪʴ ʥʘʚʯʘʣʴʥʽ ʬʫʥʢʮʽʾ ʘʢʪʠʚʘʮʽʾ, ʜʣʷ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ. ʎʝʡ ʥʘʧʨʷʤ ʻ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʜʣʷ 

ʧʦʜʘʣʴʰʦʛʦ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʽ ʧʽʜʚʠʱʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ 

ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ. 
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ɺʠʩʥʦʚʢʠ ʜʦ ʨʦʟʜʽʣʫ 3 

 

1. ʋʧʝʨʰʝ ʨʦʟʨʦʙʣʝʥʦ ʛʽʙʨʠʜʥʫ ʤʦʜʝʣʴ ʅʄ MLP-KAN, ʢʦʥʮʝʧʪʫʘʣʴʥʘ 

ʚʽʜʤʽʥʥʽʩʪʴ ʷʢʦʾ ʧʦʣʷʛʘʻ ʚ ʽʥʪʝʛʨʘʮʽʾ ʰʘʨʫ ʂʦʣʤʦʛʦʨʦʚʘ-ɸʨʥʦʣʴʜʘ ʟʘʤʽʩʪʴ ʧʝʨʰʦʛʦ 

ʧʨʠʭʦʚʘʥʦʛʦ ʰʘʨʫ MLP. ʊʘʢʝ ʨʽʰʝʥʥʷ ʟʘʙʝʟʧʝʯʠʣʦ ʩʠʥʝʨʛʝʪʠʯʥʠʡ ʝʬʝʢʪ ʟʘ 

ʨʘʭʫʥʦʢ ʦʜʥʦʯʘʩʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʚʦʭ ʪʠʧʽʚ ʘʧʨʦʢʩʠʤʘʮʽʾ: ʯʝʨʝʟ ʥʘʚʯʘʥʥʷ 

ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ ʪʘ ʥʘʚʯʘʥʥʷ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʥʝʡʨʦʥʽʚ. ʋ ʨʝʟʫʣʴʪʘʪʽ 

ʜʦʩʷʛʥʫʪʦ ʩʫʪʪʻʚʦʛʦ ʩʢʦʨʦʯʝʥʥʷ ʧʨʦʩʪʦʨʫ ʧʘʨʘʤʝʪʨʽʚ ʤʦʜʝʣʽ (ʧʘʨʘʤʝʪʨʽʚ, ʱʦ 

ʥʘʚʯʘʶʪʴʩʷ) ʙʝʟ ʚʪʨʘʪʠ ʛʝʥʝʨʘʣʽʟʫʶʯʦʾ ʟʜʘʪʥʦʩʪʽ ʪʘ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 

ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʥʷʭ. 

2. ʋʜʦʩʢʦʥʘʣʝʥʦ ʤʦʜʝʣʴ ʜʨʫʛʦʛʦ ʨʽʚʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ ʽʤʧʣʝʤʝʥʪʘʮʽʾ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʤʦʜʝʣʽ MLP-KAN ʷʢ ʤʝʪʘ-

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘʤʽʩʪʴ ʩʪʘʥʜʘʨʪʥʦʛʦ MLP. ʄʦʜʠʬʽʢʘʮʽʶ ʨʝʘʣʽʟʦʚʘʥʦ ʟ ʫʨʘʭʫʚʘʥʥʷʤ 

ʩʧʝʮʠʬʽʢʠ ʨʦʟʧʦʜʽʣʫ ʚʠʭʽʜʥʦʛʦ ʚʝʢʪʦʨʫ ʦʟʥʘʢ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ, ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʥʠʟʠʪʠ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʩʢʣʘʜʥʽʩʪʴ ʧʨʦʮʝʩʫ ʤʝʪʘ-

ʥʘʚʯʘʥʥʷ ʟʘ ʫʤʦʚ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʠʟʴʢʦʨʦʟʜʽʣʴʥʠʭ ʟʦʙʨʘʞʝʥʴ ʪʘ ʜʝʬʽʮʠʪʫ ʥʘʚʯʘʣʴʥʦʾ 

ʚʠʙʽʨʢʠ. 

3. ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜ ʢʽʣʴʢʦʩʪʽ 

ʚʠʢʦʨʠʩʪʘʥʠʭ RBF ʧʦʢʘʟʘʣʦ, ʱʦ ʦʧʪʠʤʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʟʘʣʝʞʠʪʴ ʚʽʜ ʧʘʨʘʤʝʪʨʽʚ ʫʩʽʻʾ 

ʅʄ. ʉʝʨʝʜʥʽʤ ʥʘʡʢʨʘʱʠʤ ʟʥʘʯʝʥʥʷʤ ʜʣʷ ʥʘʙʦʨʽʚ ʜʘʥʠʭ MNIST ʽ CIFAR-10 ʻ 6. 

4. ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʧʦʢʘʟʘʣʠ, ʱʦ ʧʨʠ ʪʽʡ ʩʘʤʽʡ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʱʦ ʡ ʫ MLP, ʅʄ MLP-KAN (ʟʘ ʚʽʜʧʦʚʽʜʥʦʛʦ ʚʠʙʦʨʫ 

ʧʘʨʘʤʝʪʨʽʚ) ʧʦʪʨʝʙʫʻ ʫ 3,63 ʨʘʟʘ ʤʝʥʰʝ ʦʙʯʠʩʣʝʥʴ. ʇʨʠ ʮʴʦʤʫ MLP-KAN ʤʦʞʝ 

ʟʘʙʝʟʧʝʯʠʪʠ ʡ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʥʽʞ MLP, ʦʜʥʘʢ ʚʠʛʨʘʰ ʫ ʦʙʩʷʟʽ ʦʙʯʠʩʣʝʥʴ 

ʧʨʠ ʮʴʦʤʫ ʟʤʝʥʰʫʻʪʴʩʷ. 

5. ʈʦʟʨʦʙʣʝʥʦ ʪʘ ʜʦʩʣʽʜʞʝʥʦ ʤʦʜʝʣʴ ʅʄ ʜʣʷ ʜʨʫʛʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ. ʂʦʞʝʥ ʚʠʭʽʜʥʠʡ ʩʠʛʥʘʣ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ 

ʦʙʨʦʙʣʷʻʪʴʩʷ ʣʠʰʝ ʦʜʥʽʻʶ ʥʘʚʯʘʣʴʥʦʶ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ. ʇʦʢʘʟʘʥʦ, ʱʦ ʪʘʢʘ 

ʘʨʭʽʪʝʢʪʫʨʘ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʤʝʥʰʽʡ ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ ï ʫ 1,69 ï 3,7 ʨʘʟʽʚ ʤʝʥʰʝ, ʥʽʞ ʫ MLP. 



 

 

105 

6. ʇʦʨʽʚʥʷʥʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʅʄ ʟ MLP ʥʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ (ʧʨʠ ʦʜʥʘʢʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ) ʧʦʢʘʟʘʣʦ ʟʤʝʥʰʝʥʥʷ ʧʦʭʠʙʢʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ 0,45 % ï 1,9 %. 
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4 ɼʆʉʃɯɼɾɽʅʅʗ ɿɸʇʈʆʇʆʅʆɺɸʅʀʍ ʄʆɼɽʃɽʁ, ʄɽʊʆɼʋ, 

ʇʈʆɻʈɸʄʅʀʍ ɯʅʉʊʈʋʄɽʅʊɸʃʔʅʀʍ ɿɸʉʆɹɯɺ ɺ ɸɺʊʆʅʆʄʅʀʍ 

ʈʆɹʆʊʆʊɽʍʅɯʏʅʀʍ ʂʆʄʇʃɽʂʉɸʍ 

 

4.1 ʆʩʦʙʣʠʚʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʝʡʨʦʥʥʠʭ 

ʤʝʨʝʞ ʚ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ ʢʦʤʧʣʝʢʩʘʭ 

 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʚʧʨʦʚʘʜʞʝʥʥʷ ʘʚʪʦʥʦʤʥʠʭ ʨʦʙʦʪʦʪʝʭʥʽʯʥʠʭ ʢʦʤʧʣʝʢʩʽʚ 

ʟʫʤʦʚʣʝʥʘ ʽʥʪʝʥʩʠʚʥʠʤ ʨʦʟʚʠʪʢʦʤ ʪʝʭʥʦʣʦʛʽʡ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, ʢʦʤʧôʶʪʝʨʥʦʛʦ 

ʟʦʨʫ ʪʘ ʩʠʩʪʝʤ ʨʦʟʧʽʟʥʘʚʘʥʥʷ, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʢʦʥʘʥʥʷ ʩʢʣʘʜʥʠʭ ʟʘʚʜʘʥʴ ʫ 

ʜʠʥʘʤʽʯʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ ʙʝʟ ʚʪʨʫʯʘʥʥʷ ʣʶʜʠʥʠ [95]. ʊʘʢʽ ʩʠʩʪʝʤʠ ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʪʘ ʤʽʥʽʤʽʟʘʮʽʶ ʨʠʟʠʢʽʚ ʫ ʥʝʙʝʟʧʝʯʥʠʭ ʫʤʦʚʘʭ ʽ ʻ 

ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤʠ ʜʣʷ ʧʨʦʤʠʩʣʦʚʦʾ ʘʚʪʦʤʘʪʠʟʘʮʽʾ, ʧʨʝʮʠʟʽʡʥʦʛʦ ʟʝʤʣʝʨʦʙʩʪʚʘ, 

ʤʝʜʠʯʥʦʾ ʜʽʘʛʥʦʩʪʠʢʠ, ʩʠʩʪʝʤ ʙʝʟʧʝʢʠ, ʪʦʱʦ. [96]. ʂʣʶʯʦʚʠʤ ʘʩʧʝʢʪʦʤ 

ʘʚʪʦʥʦʤʥʦʩʪʽ ʻ ʟʜʘʪʥʽʩʪʴ ʨʦʙʦʪʘ ʜʦ ʘʥʘʣʽʟʫ ʩʮʝʥ ʪʘ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʥʘ ʦʩʥʦʚʽ 

ʦʪʨʠʤʘʥʠʭ ʩʝʥʩʦʨʥʠʭ ʚʽʟʫʘʣʴʥʠʭ ʜʘʥʠʭ, ʩʝʨʝʜ ʷʢʠʭ ʢʣʘʩʠʬʽʢʘʮʽʷ ʦʙôʻʢʪʽʚ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ ʧʦʩʽʜʘʻ ʮʝʥʪʨʘʣʴʥʝ ʤʽʩʮʝ [97]. 

ʉʫʯʘʩʥʽ ʤʝʪʦʜʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʙʘʟʫʶʪʴʩʷ ʥʘ ʤʦʜʝʣʷʭ ʛʣʠʙʦʢʦʛʦ 

ʥʘʚʯʘʥʥʷ (ʘʥʛʣ. Deep Learning), ʟʦʢʨʝʤʘ ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʪʘʢʠʭ ʷʢ 

ResNet, EfficientNet ʪʘ YOLO, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʚʠʢʦʥʫʚʘʪʠ ʜʝʪʝʢʮʽʶ ʪʘ ʩʝʛʤʝʥʪʘʮʽʶ 

ʟʦʙʨʘʞʝʥʴ ʚ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ [98][99]. ʇʦʧʨʠ ʚʠʩʦʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʮʠʭ ʤʦʜʝʣʝʡ ʟʘ 

ʥʘʷʚʥʦʩʪʽ ʚʝʣʠʢʠʭ ʨʦʟʤʽʯʝʥʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ, ʾʭ ʟʘʩʪʦʩʫʚʘʥʥʷ ʦʙʤʝʞʫʻʪʴʩʷ ʚ 

ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʨʝʩʫʨʩʽʚ, ʦʙʤʝʞʝʥʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʠʙʽʨʦʢ ʘʙʦ 

ʩʧʝʮʠʬʽʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʚʭʽʜʥʠʭ ʜʘʥʠʭ (ʥʘʧʨʠʢʣʘʜ, ʤʘʣʦʛʦ ʨʦʟʤʽʨʫ ʦʙôʻʢʪʽʚ) 

[47]. 

ɯʩʥʫʻ ʰʠʨʦʢʠʡ ʢʣʘʩ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ, ʜʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʣʘʩʠʯʥʠʭ ʧʽʜʭʦʜʽʚ 

ʜʦ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʙʦ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʻ ʜʦʮʽʣʴʥʽʰʠʤʠ 

ʥʽʞ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʣʠʙʦʢʠʭ ʤʦʜʝʣʝʡ, ʱʦ ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ ʥʘʜʣʠʰʢʦʚʽʩʪʶ. 

ʍʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʪʘʢʦʛʦ ʢʣʘʩʫ ʟʘʜʘʯ ʻ: 
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- ʚʙʫʜʦʚʘʥʽ ʩʠʩʪʝʤʠ (ʘʥʛʣ. Edge Computing). ʆʙʤʝʞʝʥʥʷ ʧʘʤôʷʪʽ ʪʘ 

ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʫ ʚʫʟʣʘʭ IoT ʧʦʪʨʝʙʫʶʪʴ ʣʝʛʢʠʭ ʤʦʜʝʣʝʡ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ [100]; 

- ʤʘʣʽ ʚʠʙʽʨʢʠ (ʘʥʛʣ. Small-Sample Learning). ʉʭʠʣʴʥʽʩʪʴ ʛʣʠʙʦʢʠʭ ʤʦʜʝʣʝʡ 

ʜʦ ʧʝʨʝʥʘʚʯʘʥʥʷ ʫ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʛʘʣʫʟʷʭ (ʤʝʜʠʮʠʥʘ, ʤʽʢʨʦʩʢʦʧʽʷ ʪʘ ʽʥ.) ʧʦʪʨʝʙʫʻ 

ʤʝʪʦʜʽʚ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʘʙʦ ʨʦʟʨʦʙʢʠ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʤʦʜʝʣʝʡ [101]; 

- ʘʥʘʣʽʟ ʦʙôʻʢʪʽʚ ʤʘʣʦʛʦ ʨʦʟʤʽʨʫ. ʂʣʘʩʠʯʥʽ CNN ʚʪʨʘʯʘʶʪʴ ʽʥʬʦʨʤʘʪʠʚʥʽʩʪʴ 

ʦʟʥʘʢ, ʢʦʣʠ ʦʙôʻʢʪ ʟʘʡʤʘʻ ʤʽʥʽʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ [102]; 

- ʩʠʩʪʝʤʠ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ. ʇʨʦʤʠʩʣʦʚʠʡ ʢʦʥʪʨʦʣʴ ʚʠʤʘʛʘʻ ʜʝʪʝʨʤʽʥʦʚʘʥʦʩʪʽ 

ʦʙʨʦʙʢʠ, ʱʦ ʯʘʩʪʦ ʩʫʧʝʨʝʯʠʪʴ ʚʠʢʦʨʠʩʪʘʥʥʶ ʤʘʩʠʚʥʠʭ ʅʄ[103]. 

ʋ ʜʨʫʛʦʤʫ ʨʦʟʜʽʣʽ ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ 

ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʜʣʷ ʧʝʨʰʦʛʦ ʨʽʚʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʥʘ 

ʥʘʙʦʨʽ ʜʘʥʠʭ CIFAR-10. ɼʦʚʝʜʝʥʦ, ʱʦ ʤʦʜʝʣʴ CCT ʟʘʙʝʟʧʝʯʫʻ ʦʧʪʠʤʘʣʴʥʠʡ 

ʢʦʤʧʨʦʤʽʩ ʤʽʞ ʪʦʯʥʽʩʪʶ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʩʢʣʘʜʥʽʩʪʶ [19]. 

ʆʜʥʠʤ ʽʟ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʧʨʠʢʣʘʜʽʚ ʟʘʩʪʦʩʫʚʘʥʥʷ CCT ʻ ʛʫʤʘʥʽʪʘʨʥʝ 

ʨʦʟʤʽʥʫʚʘʥʥʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ɹʇʃɸ. ʊʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ ʨʦʟʤʽʥʫʚʘʥʥʷ 

ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ ʥʠʟʴʢʦʶ ʰʚʠʜʢʽʩʪʶ ʪʘ ʚʠʩʦʢʦʶ ʟʘʛʨʦʟʦʶ ʜʣʷ ʞʠʪʪʷ ʧʝʨʩʦʥʘʣʫ, 

ʱʦ ʟʫʤʦʚʣʶʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʨʦʥʽʚ-ʤʽʥʦʰʫʢʘʯʽʚ [104]. ʉʧʝʮʠʬʽʢʘ ʮʽʻʾ ʟʘʜʘʯʽ 

ʧʦʣʷʛʘʻ ʫ ʚʠʷʚʣʝʥʥʽ ʤʘʣʦʨʦʟʤʽʨʥʠʭ, ʟʘʤʘʩʢʦʚʘʥʠʭ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ˇʨʫʥʪʫ 

ʧʨʠ ʤʘʣʠʭ ʚʠʩʦʪʘʭ ʟʡʦʤʢʠ, ʘ ʪʘʢʦʞ ʥʝʦʙʭʽʜʥʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʨʦʟʨʘʭʫʥʢʽʚ ʥʘ ʙʦʨʪʫ 

ɹʇʃɸ ʧʨʠ ʩʫʚʦʨʠʭ ʦʙʤʝʞʝʥʥʷʭ ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ [105]. ɸʥʘʣʽʟ ʦʟʥʘʢ, ʪʘʢʠʭ ʷʢ 

ʧʦʨʫʰʝʥʥʷ ʪʝʢʩʪʫʨʠ ˇʨʫʥʪʫ, ʥʘʷʚʥʽʩʪʴ ʩʪʦʨʦʥʥʽʭ ʦʙôʻʢʪʽʚ ʘʙʦ ʘʥʦʤʘʣʽʾ ʨʦʩʣʠʥʥʦʩʪʽ, 

ʚʠʤʘʛʘʻ ʘʜʘʧʪʠʚʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʟʜʘʪʥʠʭ ʧʨʘʮʶʚʘʪʠ ʚ ʫʤʦʚʘʭ ʜʝʬʽʮʠʪʫ 

ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ [106]. 

 

4.2 ʆʧʠʩ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ ʽʟ ʟʦʙʨʘʞʝʥʥʷʤʠ ʚʠʙʫʭʦʚʠʭ 

ʧʨʠʩʪʨʦʾʚ  

 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʚ ʧʦʙʫʜʦʚʘʥʠʡ ʩʧʝʮʽʘʣʴʥʠʡ ʥʘʙʽʨ ʜʘʥʠʭ, ʱʦ 

ʤʽʩʪʠʪʴ 1826 ʟʦʙʨʘʞʝʥʴ ʜʣʷ ʥʘʚʯʘʥʥʷ, 186 ï ʜʣʷ ʚʘʣʽʜʘʮʽʾ ʪʘ 274 ï ʜʣʷ ʪʝʩʪʫʚʘʥʥʷ 

[6]. ʋʩʽ ʟʦʙʨʘʞʝʥʥʷ ʢʦʣʴʦʨʦʚʽ ʪʘ ʤʘʶʪʴ ʨʦʟʤʽʨʥʽʩʪʴ (64³64³3). ʋʩʽ ʛʨʫʧʠ ʟʦʙʨʘʞʝʥʴ 
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ʩʫʚʦʨʦ ʟʙʘʣʘʥʩʦʚʘʥʽ. ʇʦʣʦʚʠʥʘ ʤʽʩʪʠʪʴ ʟʦʙʨʘʞʝʥʥʷ ʚʠʙʫʭʦʚʠʭ ʧʨʠʩʪʨʦʾʚ ï

ʧʨʦʪʠʪʘʥʢʦʚʠʭ ʤʽʥ ʥʘ ʨʽʟʥʦʤʫ ʪʣʽ. ɼʨʫʛʘ ʧʦʣʦʚʠʥʘ ʤʽʩʪʠʪʴ ʣʠʰʝ ʬʦʥ. ɿʦʙʨʘʞʝʥʥʷ 

ʤʽʥ ʙʫʣʠ ʚʟʷʪʽ ʟ ʥʘʙʦʨʫ ʜʘʥʠʭ Landmines Detection Dataset (by Northumbria) [107]. ʋ 

ʮʴʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ ʟʦʙʨʘʞʝʥʥʷ ʟʙʝʨʽʛʘʶʪʴʩʷ ʫ ʬʦʨʤʘʪʽ YOLOv11 ʽʟ ʟʘʟʥʘʯʝʥʥʷʤ 

ʢʦʦʨʜʠʥʘʪ ʮʝʥʪʨʫ ʦʙôʻʢʪʘ ʪʘ ʡʦʛʦ ʨʦʟʤʽʨʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʽ, ʨʦʟʤʽʨʦʤ 640³640 

ʧʽʢʩʝʣʽʚ. ʇʨʠ ʬʦʨʤʫʚʘʥʥʽ ʥʘʙʦʨʫ ʜʘʥʠʭ ʜʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʽʟ ʟʦʙʨʘʞʝʥʥʷ ʚʠʨʽʟʘʣʘʩʷ 

ʜʽʣʷʥʢʘ ʨʦʟʤʽʨʦʤ 128³128 ʧʽʢʩʝʣʽʚ, ʱʦ ʤʽʩʪʠʪʴ ʟʦʙʨʘʞʝʥʥʷ ʤʽʥʠ, ʟʤʝʥʰʫʚʘʣʘʩʷ ʜʦ 

ʨʦʟʤʽʨʫ 64³64 ʧʽʢʩʝʣʽʚ ʽ ʧʝʨʝʪʚʦʨʶʚʘʣʘʩʷ ʫ ʬʦʨʤʘʪ 64³64³3. ʇʨʠʢʣʘʜʠ ʪʘʢʠʭ 

ʟʦʙʨʘʞʝʥʴ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.1. 

 

 

ʈʠʩʫʥʦʢ 4.1 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ ʟ ʤʽʥʘʤʠ 



 

 

109 

ʌʦʥʦʚʽ ʟʦʙʨʘʞʝʥʥʷ ʬʦʨʤʫʚʘʣʠʩʷ ʘʥʘʣʦʛʽʯʥʦ ʟ ʪʠʭ ʩʘʤʠʭ ʟʦʙʨʘʞʝʥʴ, ʪʽʣʴʢʠ 

ʚʠʨʽʟʘʣʘʩʷ ʜʽʣʷʥʢʘ, ʱʦ ʥʝ ʤʽʩʪʠʪʴ ʟʦʙʨʘʞʝʥʥʷ ʤʽʥʠ (ʨʠʩ. 4.2). 

ɼʣʷ ʫʩʢʣʘʜʥʝʥʥʷ ʟʘʚʜʘʥʥʷ ʢʣʘʩʠʬʽʢʘʮʽʾ 120 ʬʦʥʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʜʣʷ 

ʥʘʚʯʘʥʥʷ, 24 ʚʘʣʽʜʘʮʽʡʥʠʭ ʬʦʥʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʽ 20 ʪʝʩʪʦʚʠʭ ʬʦʥʦʚʠʭ ʟʦʙʨʘʞʝʥʴ 

ʙʫʣʠ ʟʘʤʽʥʝʥʽ ʬʦʥʦʤ, ʱʦ ʤʽʩʪʠʪʴ ʢʘʤʽʥʥʷ, ʷʢʝ ʤʦʞʥʘ ʧʨʠʡʥʷʪʠ ʟʘ ʤʽʥʠ [108]. 

ʇʨʠʢʣʘʜʠ ʪʘʢʠʭ ʟʦʙʨʘʞʝʥʴ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.3. ʋʩʽ ʟʦʙʨʘʞʝʥʥʷ ʧʨʦʤʘʨʢʦʚʘʥʽ: 1 ï 

ʥʘ ʟʦʙʨʘʞʝʥʥʽ ʻ ʤʽʥʘ, 0 ï ʥʘ ʟʦʙʨʘʞʝʥʥʽ ʥʝʤʘʻ ʤʽʥʠ. ʇʦʚʥʠʡ ʩʬʦʨʤʦʚʘʥʠʡ ʥʘʙʽʨ 

ʜʘʥʠʭ ʟʙʝʨʝʞʝʥʦ ʥʘ GitHub [109]. 

 

 

ʈʠʩʫʥʦʢ 4.2 ï ʇʨʠʢʣʘʜʠ ʬʦʥʦʚʠʭ ʟʦʙʨʘʞʝʥʴ 
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ʈʠʩʫʥʦʢ 4.3 ï ʇʨʠʢʣʘʜʠ ʬʦʥʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʟ ʢʘʤʽʥʥʷʤ 

 

ɺʠʢʦʨʠʩʪʦʚʫʚʘʥʽ ʤʝʪʨʠʢʠ: 

- ʪʦʯʥʽʩʪʴ (Accuracy), ʷʢ ʯʘʩʪʢʘ ʧʨʘʚʠʣʴʥʦ ʨʦʟʧʽʟʥʘʥʠʭ ʟʦʙʨʘʞʝʥʴ ʜʦ 

ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ  

 

ὃὧὧόὶὥὧώ 
Ὕὖ Ὕὔ

Ὕὖ Ὕὔ Ὂὖ Ὂὔ
 ȟ 

ʜʝ  TP (True Positive) ï ʽʩʪʠʥʥʦ ʧʦʟʠʪʠʚʥʽ, ʤʦʜʝʣʴ ʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʫʚʘʣʘ 

ʥʘʷʚʥʽʩʪʴ ʤʽʥʠ;  

TN (True Negative) ï ʽʩʪʠʥʥʦ ʥʝʛʘʪʠʚʥʽ, ʤʦʜʝʣʴ ʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʫʚʘʣʘ 

ʚʽʜʩʫʪʥʽʩʪʴ ʤʽʥ;  
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FP (False Positive) ï ʭʠʙʥʦ ʧʦʟʠʪʠʚʥ, ʤʦʜʝʣʴ ʢʣʘʩʠʬʽʢʫʚʘʣʘ ʥʘʷʚʥʽʩʪʴ ʤʽʥʠ 

ʜʣʷ ʟʦʙʨʘʞʝʥʴ, ʜʝ ʾʭ ʨʝʘʣʴʥʦ ʥʝʤʘʻ;  

FN (False Negative) ï ʭʠʙʥʦ ʥʝʛʘʪʠʚʥʽ, ʤʦʜʝʣʴ ʢʣʘʩʠʬʽʢʫʚʘʣʘ ʚʽʜʩʫʪʥʽʩʪʴ ʤʽʥ 

ʜʣʷ ʟʦʙʨʘʞʝʥʴ, ʜʝ ʚʦʥʠ ʨʝʘʣʴʥʦ ʻ; 

- ʧʦʚʥʦʪʘ (Recall), ʢʽʣʴʢʽʩʪʴ ʨʦʟʧʽʟʥʘʥʠʭ ʤʽʥ ʽʟ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʤʽʥ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ  

 

ὙὩὧὥὰὰ
Ὕὖ

Ὕὖ Ὂὔ
Ȣ 

 

ʊʝʢʩʪʠ ʚʩʽʭ ʧʨʦʛʨʘʤ ʜʣʷ ʅʄ, ʷʢʽ ʜʦʩʣʽʜʞʫʚʘʣʠʩʷ, ʥʘʚʝʜʝʥʦ ʚ GitHub [109]. 

ʇʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʟʘʧʘʤôʷʪʦʚʫʚʘʚʩʷ ʚʝʢʪʦʨ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʟʘʙʝʟʧʝʯʠʚ 

ʤʘʢʩʠʤʘʣʴʥʫ Accuracy ʜʣʷ ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ. ʎʝʡ ʚʝʢʪʦʨ ʚʠʢʦʨʠʩʪʦʚʫʚʘʚʩʷ ʧʽʜ 

ʯʘʩ ʨʦʟʨʘʭʫʥʢʫ ʨʝʟʫʣʴʪʫʶʯʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ. 

 

4.3 ʂʣʘʩʠʬʽʢʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ʥʘ ʥʘʷʚʥʽʩʪʴ ʤʽʥ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʘʟʦʚʠʭ 

ʤʦʜʝʣʝʡ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ  

 

ʅʘ ʮʝʡ ʯʘʩ ʨʦʟʨʦʙʣʝʥʦ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʅʄ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ.ɹ 

ʆʜʥʘʢ ʦʩʦʙʣʠʚʽʩʪʶ ʾʭ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʣʷ ʟʘʚʜʘʥʴ ʛʫʤʘʥʽʪʘʨʥʦʛʦ ʨʦʟʤʽʥʫʚʘʥʥʷ ʻ 

ʚʽʜʩʫʪʥʽʩʪʴ ʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʪʘ ʪʝʩʪʫʚʘʥʥʷ. ʊʦʤʫ ʚʠʥʠʢʘʻ 

ʟʘʚʜʘʥʥʷ ʧʦʰʫʢʫ ʅʄ, ʱʦ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʚʠʩʦʢʠʤ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʪʦʯʥʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʽ ʚʦʜʥʦʯʘʩ ʟʜʘʪʥʠʭ ʥʘʚʯʘʪʠʩʷ ʥʘ 

ʜʫʞʝ ʤʘʣʠʭ ʦʙʩʷʛʘʭ ʜʘʥʠʭ. ʋ ʮʴʦʤʫ ʨʦʟʜʽʣʽ ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʟʛʦʨʪʢʦʚʠʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʽ ʤʝʨʝʞ, ʧʦʙʫʜʦʚʘʥʠʭ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ. ʅʘʚʯʘʥʥʷ ʤʝʨʝʞ 

ʧʨʦʚʦʜʠʣʦʩʷ ʥʘ ʥʝʚʝʣʠʢʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ, ʱʦ ʤʽʩʪʠʪʴ ʟʦʙʨʘʞʝʥʥʷ ʧʨʦʪʠʪʘʥʢʦʚʠʭ 

ʤʽʥ, ʢʘʤʽʥʥʷ ʪʘ ʨʽʟʥʠʡ ʬʦʥ. 

ɼʣʷ ʩʧʝʮʽʘʣʴʥʠʭ ʟʘʩʪʦʩʫʚʘʥʴ ʥʘʡʯʘʩʪʽʰʠʤ ʧʽʜʭʦʜʦʤ ʻ ʨʦʟʨʦʙʣʝʥʥʷ ʥʦʚʠʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ɿʘʟʚʠʯʘʡ ʷʢ ʙʘʟʠʩ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʤʦʜʝʣʴ ViT. ɺʦʥʘ ʜʘʻ ʟʤʦʛʫ 

ʟʤʽʥʶʚʘʪʠ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʚʽʜ ʚʝʣʴʤʠ ʤʘʣʦʛʦ ʜʦ ʤʽʣʴʷʨʜʽʚ ʦʧʝʨʘʮʽʡ ʽʟ ʨʫʭʦʤʦʶ 
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ʢʦʤʦʶ. ʉʧʦʯʘʪʢʫ ʤʦʜʝʣʴ ʊʨʘʥʩʬʦʨʤʝʨ ʙʫʣʘ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʜʣʷ ʦʙʨʦʙʢʠ ʪʝʢʩʪʦʚʠʭ 

ʜʘʥʠʭ [30]. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʨʝʢʫʨʝʥʪʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʊʨʘʥʩʬʦʨʤʝʨ ʦʙʨʦʙʣʷʻ 

ʚʩʝ ʨʝʯʝʥʥʷ/ʚʝʩʴ ʢʦʥʪʝʢʩʪ ʦʜʨʘʟʫ. ɺʙʫʜʦʚʘʥʠʡ ʫ ʥʴʦʤʫ ʤʝʭʘʥʽʟʤ ʫʚʘʛʠ ʬʦʢʫʩʫʻʪʴʩʷ 

ʥʘ ʨʝʣʝʚʘʥʪʥʠʭ ʩʣʦʚʘʭ. ɼʣʷ ʢʦʞʥʦʛʦ ʩʣʦʚʘ ʬʦʨʤʫʻʪʴʩʷ ʟʘʧʠʪ (Q ï ʱʦ ʰʫʢʘʻʪʴʩʷ), 

ʢʣʶʯ (K ï ɦ ʦ ʷʚʣʷʻ ʩʦʙʦʶ ʩʣʦʚʦ), ʟʥʘʯʝʥʥʷ (V ï ̫ ʢʫ ʽʥʬʦʨʤʘʮʽʶ ʥʝʩʝ ʩʣʦʚʦ). ɿʘʧʠʪ 

ʮʴʦʛʦ ʩʣʦʚʘ ʟʽʩʪʘʚʣʷʻʪʴʩʷ ʟ ʢʣʶʯʘʤʠ ʽʥʰʠʭ ʩʣʽʚ, ʯʠʤ ʙʽʣʴʰʠʡ ʟʙʽʛ, ʪʠʤ ʙʽʣʴʰʝ 

ʫʚʘʛʠ (ʚʘʛʠ) ʦʪʨʠʤʫʻ ʮʝ ʩʣʦʚʦ. ʈʝʟʫʣʴʪʫʶʯʘ ʫʚʘʛʘ ʩʣʦʚʘ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ ʟʚʘʞʝʥʘ 

ʩʫʤʘ ʟʥʘʯʝʥʴ ʽʥʰʠʭ ʩʣʽʚ. ʇʨʠ ʦʙʨʦʙʮʽ ʟʦʙʨʘʞʝʥʴ ʚʦʥʦ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʧʘʪʯʽ, 

ʝʢʚʽʚʘʣʝʥʪʠ ʩʣʽʚ ʫ ʨʝʯʝʥʥʽ. ʇʦʪʽʤ ʧʘʪʯʽ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʥʘ ʧʣʦʩʢʽ ʚʝʢʪʦʨʠ (ʘʥʛʣ. 

Linear Projection), ʷʢʽ ʜʘʣʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʚ ʦʙʯʠʩʣʝʥʥʷʭ. ʗʢʱʦ ʜʣʷ ʩʣʽʚ 

ʢʦʜʫʻʪʴʩʷ ʾʭʥʻ ʤʽʩʮʝ ʚ ʨʝʯʝʥʥʽ/ʢʦʥʪʝʢʩʪʽ, ʪʦ ʜʣʷ ʧʘʪʯʽʚ ʢʦʜʫʶʪʴʩʷ ʾʭʥʽ ʢʦʦʨʜʠʥʘʪʠ 

ʥʘ ʟʦʙʨʘʞʝʥʥʽ. ʆʩʦʙʣʠʚʽʩʪʶ ʊʨʘʥʩʬʦʨʤʝʨʽʚ ʻ ʪʝ, ʱʦ ʚʦʥʠ ʜʫʞʝ ʜʦʙʨʝ 

ʤʘʩʰʪʘʙʫʶʪʴʩʷ ʽ ʧʦʪʨʝʙʫʶʪʴ ʤʘʢʩʠʤʘʣʴʥʦ ʤʦʞʣʠʚʦʛʦ ʦʙʩʷʛʫ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ. 

ʊʦʤʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʽʜʝʦ-ʪʨʘʥʩʬʦʨʤʝʨʽʚ ʜʣʷ ʦʙʨʦʙʢʠ ʥʝʚʝʣʠʢʠʭ ʟʦʙʨʘʞʝʥʴ ʽ ʤʘʣʦʾ 

ʚʠʙʽʨʢʠ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʧʦʪʨʝʙʫʻ ʜʦʜʘʪʢʦʚʦʛʦ ʜʦʩʣʽʜʞʝʥʥ ̫ʜʣʷ ʢʦʞʥʦʛʦ 

ʢʦʥʢʨʝʪʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ. 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʩʦʢʦʛʦ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʨʦʟʨʦʙʣʝʥʦ ʥʠʟʢʫ ʩʧʝʮʽʘʣʴʥʠʭ ʤʦʜʠʬʽʢʘʮʽʡ ʤʦʜʝʣʽ ʊʨʘʥʩʬʦʨʤʝʨ. ʋ 

ʨʦʙʦʪʽ [110] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʤʦʜʠʬʽʢʘʮʽʶ ʢʣʘʩʠʯʥʦʛʦ ʪʨʘʥʩʬʦʨʤʝʨʘ, ʚ ʷʢʽʡ ʜʽʣʷʥʢʠ, 

ʥʘ ʷʢʽ ʨʦʟʙʠʚʘʻʪʴʩʷ ʚʠʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ (ʧʘʪʯʽ), ʟʨʦʙʣʝʥʽ ʪʘʢʠʤʠ, ʱʦ 

ʧʝʨʝʢʨʠʚʘʶʪʴʩʷ. ʎʝ ʜʘʻ ʟʤʦʛʫ ʚʨʘʭʦʚʫʚʘʪʠ ʣʦʢʘʣʴʥʽ ʩʪʨʫʢʪʫʨʠ ʟʦʙʨʘʞʝʥʴ, 

ʨʦʟʪʘʰʦʚʘʥʽ ʥʘ ʤʝʞʘʭ ʧʘʪʯʽʚ. ʋ [111] ʧʦʢʨʘʱʝʥʦ ʛʥʫʯʢʽʩʪʴ ʜʦ ʨʦʟʪʘʰʫʚʘʥʥʷ 

ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ ʟʘ ʨʘʭʫʥʦʢ ʚʚʝʜʝʥʥʷ ʚ ʘʨʭʽʪʝʢʪʫʨʫ ʪʨʘʥʩʬʦʨʤʝʨʘ 

ʜʦʜʘʪʢʦʚʦʾ ʧʦʟʠʮʽʡʥʦʾ ʩʘʤʦʫʚʘʛʠ. ʋ [112] ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʙʘʛʘʪʦʨʽʚʥʝʚʠʡ ʤʝʭʘʥʽʟʤ 

ʧʝʨʝʭʨʝʩʥʦʾ ʫʚʘʛʠ, ʱʦ ʚʠʪʷʛʫʻ ʦʟʥʘʢʠ ʥʠʞʯʦʛʦ ʨʽʚʥʷ. ʋ [113] ʣʽʥʽʡʥʽ ʧʨʦʝʢʮʽʾ ʥʘ 

ʝʪʘʧʽ ʪʦʢʝʥʽʟʘʮʽʾ ʟʘʤʽʥʝʥʽ ʥʘ ʟʛʦʨʪʢʦʚʽ ʧʨʦʝʢʮʽʾ. ʋ [25] ʤʝʭʘʥʽʟʤ ʚʥʫʪʨʽʰʥʴʦʾ 

ʩʘʤʦʫʚʘʛʠ, ʱʦ ʤʘʻ ʢʚʘʜʨʘʪʠʯʥʫ ʩʢʣʘʜʥʽʩʪʴ, ʟʘʤʽʥʝʥʦ ʥʘ ʤʝʭʘʥʽʟʤ ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ 

ʟ ʣʽʥʽʡʥʦʶ ʩʢʣʘʜʥʽʩʪʶ. ʊʘʢʠʤ ʯʠʥʦʤ, ʤʦʜʝʣʴ ʪʨʘʥʩʬʦʨʤʝʨʘ ʤʘʻ ʚʝʣʠʢʫ ʛʥʫʯʢʽʩʪʴ ʽ 

ʜʦʧʫʩʢʘʻ ʯʠʩʣʝʥʥʽ ʤʦʜʠʬʽʢʘʮʽʾ. ʆʜʥʘʢ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʠʭ ʯʠ ʽʥʰʠʭ 

ʤʦʜʠʬʽʢʘʮʽʡ ʧʦʪʨʝʙʫʻ ʜʦʩʣʽʜʞʝʥʥʷ ʪʘ ʘʜʘʧʪʘʮʽʾ ʜʣʷ ʢʦʥʢʨʝʪʥʠʭ ʮʽʣʴʦʚʠʭ ʥʘʙʦʨʽʚ 
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ʜʘʥʠʭ. ʋ [19] ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʪʘʢʝ ʜʦʩʣʽʜʞʝʥʥʷ ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ CIFAR-10 [39]. 

ɹʫʣʠ ʨʦʟʛʣʷʥʫʪʽ ʪʘʢʽ ʤʦʜʠʬʽʢʘʮʽʾ ʪʨʘʥʩʬʦʨʤʝʨʽʚ (ʜʠʚ. ʧ. 1.3): 

- CCT [24] ï ʫ ʪʨʘʥʩʬʦʨʤʝʨ ʜʦʜʘʥʦ ʟʛʦʨʪʢʦʚʫ ʥʝʡʨʦʥʥʫ ʤʝʨʝʞʫ ʥʘ ʚʭʦʜʽ ʜʣʷ 

ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʽʚ ʧʘʪʯʽʚ ʽ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʥʘʚʯʘʥʥʷ ʥʘ ʥʝʚʝʣʠʢʠʭ 

ʥʘʙʦʨʘʭ ʜʘʥʠʭ; 

- EATNet [25] ï ʚʠʢʦʨʠʩʪʘʥʦ ʜʦʜʘʪʢʦʚʽ ʙʣʦʢʠ ʙʘʛʘʪʦʰʘʨʦʚʦʛʦ ʧʝʨʮʝʧʪʨʦʥʘ 

(MLP) ʜʣʷ ʨʝʘʣʽʟʘʮʽʾ ʟʦʚʥʽʰʥʴʦʾ ʫʚʘʛʠ; 

- FNet [26] ï ʚʥʫʪʨʽʰʥʽʡ ʙʣʦʢ ʩʘʤʦʫʚʘʛʠ ʟʘʤʽʥʝʥʦ ʥʘ ʧʨʦʩʪʽʰʝ 

ʧʝʨʝʤʽʰʫʚʘʥʥʷ ʪʦʢʝʥʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ ʰʚʠʜʢʦʛʦ ʧʝʨʝʪʚʦʨʝʥʥʷ ʌʫʨôʻ; 

- SwinTr [31] ï ʟʘʙʝʟʧʝʯʝʥʦ ʛʥʫʯʢʽʩʪʴ ʧʨʠ ʦʙʨʦʙʮʽ ʦʙôʻʢʪʽʚ ʽʟ ʨʽʟʥʠʤʠ 

ʤʘʩʰʪʘʙʘʤʠ ʟʘ ʨʘʭʫʥʦʢ ʦʙʯʠʩʣʝʥʥʷ ʩʘʤʦʫʚʘʛʠ ʥʝ ʧʦ ʚʩʴʦʤʫ ʟʦʙʨʘʞʝʥʥʶ, ʘ ʪʽʣʴʢʠ 

ʚʩʝʨʝʜʠʥʽ ʟʩʫʥʫʪʠʭ ʚʽʢʦʥ.  

ʋ [19] ʧʦʢʘʟʘʥʦ, ʱʦ ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ CIFAR-10 ʥʘʡʢʨʘʱʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ 

ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʤʘʻ CCT. ʆʜʥʘʢ ʜʣʷ ʥʘʙʦʨʫ ʟʦʙʨʘʞʝʥʴ ʽʟ 

ʤʽʥʘʤʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ CCT ʧʦʪʨʝʙʫʻ ʦʢʨʝʤʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ. 

ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʘʨʭʽʪʝʢʪʫʨ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʘ, ʷʢʽ ʻ ʯʫʪʣʠʚʠʤʠ ʜʦ ʚʝʣʠʯʠʥʠ 

ʥʘʚʯʘʣʴʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ, ʧʨʦʩʪʽʰʽ ʟʛʦʨʪʢʦʚʽ ʤʝʨʝʞʽ [85] ʤʘʶʪʴ ʤʝʥʰʫ ʯʫʪʣʠʚʽʩʪʴ 

ʜʦ ʦʙʩʷʛʫ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ.  

ɿ ʧʨʦʚʝʜʝʥʦʛʦ ʘʥʘʣʽʟʫ ʣʽʪʝʨʘʪʫʨʠ ʚʠʧʣʠʚʘʻ, ʱʦ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʪʘ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʤʽʥ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʨʝʘʣʽʟʘʮʽʾ ʥʘ ʦʙʯʠʩʣʶʚʘʯʽ, ʚʩʪʘʥʦʚʣʝʥʦʤʫ ʥʘ ɹʇʃɸ, ʜʦʮʽʣʴʥʦ 

ʧʦʨʽʚʥʷʪʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ ʪʠʧʫ CNN ʽ ResNet-18 [85] 

ʽʟ ʤʝʨʝʞʘʤʠ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ ï CCT ʪʘ ʚʘʨʽʘʥʪʘʤʠ ViT ʽʟ ʨʽʟʥʦʶ ʨʦʟʤʽʨʥʽʩʪʶ. 

 

4.3.1 ʂʣʘʩʠʬʽʢʘʪʦʨ ʥʘ ʦʩʥʦʚʽ ʟʛʦʨʪʢʦʚʦ ʾʥʝʡʨʦʥʥʦ ʾʤʝʨʝʞ ̔CNN 

 

ʄʝʨʝʞʘ ʤʽʩʪʠʪʴ ʜʚʘ ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ ʟ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ Relu. ʇʽʩʣʷ ʢʦʞʥʦʛʦ 

ʟ ʥʠʭ ʟʘʩʪʦʩʦʚʘʥʦ ʰʘʨ MaxPool ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ. ʇʽʩʣʷ ʮʴʦʛʦ ï 

ʧʦʚʥʦʟʚ'ʷʟʥʠʡ ʰʘʨ Dense ʟ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ Relu, ʨʦʟʤʽʨʥʽʩʪʶ 64, ʽ ʚʠʭʽʜʥʠʡ ʰʘʨ 

Dense, ʨʦʟʤʽʨʥʽʩʪʶ 1 ʽ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ sigmoid (ʜʠʚ. ʃʽʩʪʠʥʛ 4.1). 
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ʃʽʩʪʠʥʛ 4.1 ï ʌʨʘʛʤʝʥʪ ʢʦʜʫ ʥʘʣʘʰʪʫʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ ʤʦʜʝʣʽ CNN 

# ɹʣʦʢ 1 

    x = layers.Conv2D(32, (3, 3), activation="relu")(x)  

    x = layers.MaxPool2D((2, 2))(x)  

     

    # ɹʣʦʢ 2 

    x = layers.Conv2D(64, (3, 3), activation="relu")(x)  

    x = layers.MaxPool2D((2, 2))(x)  

     

    # ʇʦʚʥʦʟʚôʷʟʢʦʚʽ ʰʘʨʠ 

    x = layers.Flatten()(x)  

    x = layers.Dense(64, activation="relu")(x)  

    x = layers.Dropout(0.5)(x)  

    outputs = layers.Dense(1, activation="sigmoid")(x)  

 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʫ ʮʽʡ ʅʄ 822337. ʂʨʠʚʽ 

ʥʘʚʯʘʥʥʷ ʜʣʷ ʪʦʯʥʦʩʪʽ, ʧʦʤʠʣʢʠ ʪʘ ROC-ʢʨʠʚʽ ʜʣʷ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʪʘ 

ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʦ ʚʽʜʧʦʚʽʜʥʦ ʥʘ ʨʠʩ. 4.4, 4.5 ʽ 4.6. ɸʥʘʣʽʟ ʢʨʠʚʠʭ 

ʥʘʚʯʘʥʥʷ ʧʦʢʘʟʫʻ, ʱʦ ʤʝʨʝʞʘ ʥʘʚʯʠʣʘʩʷ ʧʨʠʙʣʠʟʥʦ ʟʘ 40 ʝʧʦʭ. ʇʣʦʱʘ ʧʽʜ ROC-

ʢʨʠʚʦʶ AUC=0.99, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʜʦʙʨʝ ʨʦʟʨʽʟʥʷʻ ʢʣʘʩʠ 

(ʻ ʤʽʥʘ ʥʘ ʟʦʙʨʘʞʝʥʥʽ / ʥʝʤʘʻ ʤʽʥʠ ʥʘ ʟʦʙʨʘʞʝʥʥʽ). 

 

 

ʈʠʩʫʥʦʢ 4.4 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN 
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ʈʠʩʫʥʦʢ 4.5 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʧʦʤʠʣʢʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN 

 

 

ʈʠʩʫʥʦʢ 4.6 ï ROC ʢʨʠʚʘ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN 

 

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʜʣʷ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 4.7. 

 

ʈʠʩʫʥʦʢ 4.7 ï ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN 
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ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʽʟ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʤʽʥ 

137 ʜʚʘ ʙʫʣʠ ʥʝʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʽ, ʪʦʙʪʦ ʜʚʽ ʤʽʥʠ ʙʫʣʠ ʧʨʦʧʫʱʝʥʽ. ʍʠʙʥʠʭ 

ʚʢʘʟʽʚʦʢ ʙʫʣʦ 5.  

ʈʦʟʧʦʜʽʣ ʫʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.8. 

 

 

ʈʠʩʫʥʦʢ 4.8 ï ʈʦʟʧʦʜʽʣ ʚʧʝʚʥʝʥʦʩʪʽ ʜʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CNN 

 

ɿ ʨʦʟʧʦʜʽʣʫ ʚʧʝʚʥʝʥʦʩʪʽ ʚʠʜʥʦ, ʱʦ ʢʣʘʩʠ ʜʦʩʠʪʴ ʜʦʙʨʝ ʨʦʟʜʽʣʷʶʪʴʩʷ, 

ʚʛʘʜʫʚʘʥʥʷ ʧʨʘʢʪʠʯʥʦ ʚʽʜʩʫʪʥʽ, ʦʜʥʘʢ ʥʝʚʝʣʠʢʘ ʾʭ ʢʽʣʴʢʽʩʪʴ ʤʘʻ ʤʽʩʮʝ. ʅʝʦʙʭʽʜʥʦ 

ʪʘʢʦʞ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʢʨʘʾ ʨʦʟʧʦʜʽʣʫ ʪʨʦʭʠ ʨʦʟʤʠʪʽ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʩʭʠʣʴʥʽʩʪʴ ʜʦ 

ʧʦʤʠʣʦʢ ʧʨʠ ʧʦʛʽʨʰʝʥʥʽ ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ.  

ɿʦʙʨʘʞʝʥʥʷ, ʥʘ ʷʢʠʭ ʙʫʣʠ ʟʨʦʙʣʝʥʽ ʧʦʤʠʣʢʠ, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.9. 

 

 

ʈʠʩʫʥʦʢ 4.9 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥ,ɹ ʥʘ ʷʢʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨ CNN ʟʨʦʙʠʚ ʧʦʤʠʣʢʠ  

(T ï True, P ï Predicted) 
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ɿ ʨʠʩ. 4.9 ʚʠʜʥʦ, ʱʦ ʦʜʠʥ ʧʨʦʧʫʩʢ ʤʽʥʠ ʙʫʚ ʟʨʦʙʣʝʥʠʡ ʥʘ ʟʦʙʨʘʞʝʥʥʽ ʟ 

ʨʽʜʢʽʩʥʠʤ ʨʦʟʧʦʜʽʣʦʤ ʦʩʚʽʪʣʝʥʦʩʪʽ ï ʚʽʜ ʤʽʥʠ ʙʫʣʠ ʚʽʜʙʣʠʩʢʠ, ʜʨʫʛʠʡ ʧʨʦʧʫʩʢ ï 

ʤʽʥʘ ʩʠʣʴʥʦ ʟʣʠʚʘʣʘʩʷ ʟ ʬʦʥʦʤ. 

 

4.3.2  ʂʣʘʩʠʬʽʢʘʪʦʨ ʥʘ ʦʩʥʦʚʽ ʟʛʦʨʪʢʦʚʦ ʾʥʝʡʨʦʥʥʦ ʾʤʝʨʝʞ ̔ResNet-18  

 

ʅʘ ʚʭʦʜʽ ʟʛʦʨʪʢʦʚʦʾ ʤʝʨʝʞʽ ResNet-18 ʩʪʦʾʪʴ ʚʭʽʜʥʠʡ ʟʛʦʨʪʢʦʚʠʡ ʰʘʨ, ʥʘ ʷʢʠʡ 

ʥʘʜʭʦʜʠʪʴ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ. ɼʘʣʽ ʩʪʦʷʪʴ 8 ʙʣʦʢʽʚ, ʢʦʞʝʥ ʽʟ ʷʢʠʭ ʤʽʩʪʠʪʴ 2 

ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ. ʌʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ï Relu. ɺʠʭʽʜʥʠʡ ʩʠʛʥʘʣ ʜʨʫʛʦʾ ʟʛʦʨʪʢʦʚʦʾ 

ʤʝʨʝʞʽ ʧʽʜʩʫʤʦʚʫʻʪʴʩʷ ʟ ʚʭʽʜʥʠʤ ʩʠʛʥʘʣʦʤ ʧʝʨʰʦʾ ʟʛʦʨʪʢʦʚʦʾ ʤʝʨʝʞʽ (skip-

connections) (ʜʠʚ. ʣʽʩʪʠʥʛ 4.2).  

 

ʃʽʩʪʠʥʛ 4.2 ï ʂʦʜ ʥʘʣʘʰʪʫʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ ʤʦʜʝʣʽ ResNet-18 

def residual_block(x, filters, kernel_size=3, stride=1, 

downsample=False):  

    shortcut = x  

    if downsample:  

        shortcut = layers.Conv2D(filters, 1, strides=stride, 

padding="same")(shortcut)  

        shortcut = layers.BatchNormalization()(shortcut)  

 

    x = layers.Conv2D(filters, kernel_size, strides=stride, 

padding="same", use_bias=False)(x)  

    x = layers.BatchNormalization()(x)  

    x = layers.Activation("relu")(x)  

 

    x = layers.Conv2D(filters, kernel_size, strides=1, padding="same", 

use_bias=False)(x)  

    x = layers.BatchNormalization()(x)  

 

    x = layers.Add()([x, shortcut])  

    x = layers.Activation("relu")(x)  

    return x  

 

ʅʘ ʚʠʭʦʜʽ ʩʪʦʾʪʴ ʧʦʚʥʦʟʚ'ʷʟʥʠʡ ʰʘʨ Dense ʟ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ sigmoid. ʋ 

ʩʫʤʽ ʅʄ ResNet-18 ʤʽʩʪʠʪʴ 18 ʰʘʨʽʚ ʽʟ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ. 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʫ ʮʽʡ ʅʄ 11177921. ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ 

ʜʣʷ ʪʦʯʥʦʩʪʽ, ʧʦʤʠʣʢʠ ʪʘ ROC-ʢʨʠʚʽ ʜʣʷ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ ʪʘ ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ 
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ʥʘʚʝʜʝʥʦ ʚʽʜʧʦʚʽʜʥʦ ʥʘ ʨʠʩ. 4.10, 4.11 ʽ 4.12. ɸʥʘʣʽʟ ʢʨʠʚʠʭ ʥʘʚʯʘʥʥʷ ʧʦʢʘʟʫʻ, ʱʦ 

ʤʝʨʝʞʘ ʥʘʚʯʠʣʘʩʷ ʧʨʠʙʣʠʟʥʦ ʟʘ 100 ʝʧʦʭ. ʇʣʦʱʘ ʧʽʜ ROC-ʢʨʠʚʦʶ AUC=0.99, ʱʦ 

ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʅʄ ʜʦʙʨʝ ʨʦʟʨʽʟʥʷʻ ʢʣʘʩʠ (ʻ ʤʽʥʘ ʥʘ ʟʦʙʨʘʞʝʥʥʽ / ʥʝʤʘʻ ʤʽʥʠ 

ʥʘ ʟʦʙʨʘʞʝʥʥʽ). 

ʄʘʪʨʠʮʽ ʧʦʤʠʣʦʢ ʜʣʷ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.13. 

 

 

ʈʠʩʫʥʦʢ 4.10 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ResNet-18 

 

 

ʈʠʩʫʥʦʢ 4.11 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʧʦʤʠʣʢʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ResNet-18 
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ʈʠʩʫʥʦʢ 4.12 ï ROC ʢʨʠʚʘ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ResNet-18 

 

 

ʈʠʩʫʥʦʢ 4.13 ï ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘ  ResNet-18 

 

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʽʟ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʤʽʥ 

137 ʪʨʠ ʙʫʣʠ ʥʝʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʽ. ʍʠʙʥʠʭ ʚʢʘʟʽʚʦʢ ʙʫʣʦ 3. ʅʝʟʚʘʞʘʶʯʠ ʥʘ 

ʪʝ, ʱʦ ResNet-18 ʤʘʻ ʙʽʣʴʰ ʥʽʞ ʥʘ ʧʦʨʷʜʦʢ ʙʽʣʴʰʝ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʽ ʪʦʯʥʽʩʪʴ 

Accuracy=97,81% (ʟʨʦʙʣʝʥʦ 6 ʧʦʤʠʣʦʢ), ʥʽʞ ʧʨʦʩʪʘ CNN, ʧʨʦʧʫʱʝʥʦ 3 ʤʽʥʠ. ʋ 

CNN ʧʨʦʧʫʱʝʥʦ ʪʽʣʴʢʠ 2 ʤʽʥʠ.  

ʈʦʟʧʦʜʽʣ ʫʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ.4.14. 
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ʈʠʩʫʥʦʢ 4.14 ï ʈʦʟʧʦʜʽʣ ʚʧʝʚʥʝʥʦʩʪʽ ʜʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ResNet-18 

 

ɿ ʨʦʟʧʦʜʽʣʫ ʚʧʝʚʥʝʥʦʩʪʽ ʚʠʜʥʦ, ʱʦ ʢʣʘʩʠ ʜʦʩʠʪʴ ʜʦʙʨʝ ʨʦʟʜʽʣʷʶʪʴʩʷ, 

ʚʛʘʜʫʚʘʥʥʷ ʚʽʜʩʫʪʥʽ. ʅʝʦʙʭʽʜʥʦ ʪʘʢʦʞ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʢʨʘʾ ʨʦʟʧʦʜʽʣʫ ʩʫʪʪʻʚʦ ʤʝʥʰʝ 

ʨʦʟʤʠʪʽ, ʥʽʞ ʫ CNN.  

ɿʦʙʨʘʞʝʥʥʷ, ʥʘ ʷʢʠʭ ʙʫʣʠ ʟʨʦʙʣʝʥʽ ʧʦʤʠʣʢʠ, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.15. 

 

 

T ïTrue, P ï Predicted 

ʈʠʩʫʥʦʢ 4.15 ï ɿʦʙʨʘʞʝʥʥʷ, ʥʘ ʷʢʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨ ResNet-18 ʟʨʦʙʠʚ ʧʦʤʠʣʢʠ 

 

ɿ ʨʠʩ. 4.15 ʚʠʜʥʦ, ʱʦ ResNet-18 ʧʨʦʧʫʩʪʠʣʘ ʤʽʥʠ ʥʘ ʪʠʭ ʩʘʤʠʭ ʜʚʦʭ 

ʟʦʙʨʘʞʝʥʥʷʭ, ʱʦ ʡ CNN. ʂʨʽʤ ʮʴʦʛʦ, ResNet-18 ʧʨʦʧʫʩʪʠʣʘ ʤʽʥʫ ʥʘ ʟʦʙʨʘʞʝʥʥʽ, ʜʝ 

ʤʽʥʘ ʙʫʣʘ ʨʦʟʪʘʰʦʚʘʥʘ ʟʘ ʦʛʦʨʦʞʝʶ. ɼʚʽ ʟ ʪʨʴʦʭ ʭʠʙʥʠʭ ʚʢʘʟʽʚʦʢ ʥʘ ʤʽʥʠ ʟʨʦʙʣʝʥʽ 

ʥʘ ʪʠʭ ʩʘʤʠʭ ʟʦʙʨʘʞʝʥʥʷʭ, ʱʦ ʡ ʫ CNN. 
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4.3.3 ʂʣʘʩʠʬʽʢʘʪʦʨ ʥʘ ʦʩʥʦʚʽ ʢʣʘʩʠʯʥʦʛʦ ʪʨʘʥʩʬʦʨʤʝʨʫ ViT  

 

ʋ ʟʚôʷʟʢʫ ʟ ʪʠʤ, ʱʦ ʢʣʘʩʠʯʥʠʡ ViT ʧʦʪʨʝʙʫʻ ʚʝʣʠʢʦʛʦ ʦʙʩʷʛʫ ʜʘʥʠʭ ʜʣʷ 

ʥʘʚʯʘʥʥʷ, ʘ ʜʘʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʚʦʜʠʪʴʩʷ ʥʘ ʜʫʞʝ ʤʘʣʦʤʫ ʦʙʩʷʟʽ ʜʘʥʠʭ, ʙʫʣʠ 

ʜʦʩʣʽʜʞʝʥʽ ʢʽʣʴʢʘ ʚʘʨʽʘʥʪʽʚ ViT ʽʟ ʥʝʚʝʣʠʢʠʤʠ ʦʙʩʷʛʘʤʠ ʦʙʯʠʩʣʝʥʴ. ɿ ʦʛʣʷʜʫ ʥʘ 

ʥʝʚʝʣʠʢʠʡ ʨʦʟʤʽʨ ʟʦʙʨʘʞʝʥʴ 64³64 ʧʽʢʩʝʣʽʚ, ʙʫʣʠ ʚʠʢʦʨʠʩʪʘʥʽ ʥʝʚʝʣʠʢʽ ʨʦʟʤʽʨʠ 

ʧʘʪʯʽʚ 8³8 ʽ 4³4. ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 4.1. 

ɿ ʪʘʙʣ. 4.1 ʚʠʜʥʦ, ʱʦ ʥʘʡʢʨʘʱʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʜʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ 

ʤʘʻ ʚʘʨʽʘʥʪ ViT-Tiny, ʦʜʥʘʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʚʽʥ ʧʨʦʧʫʩʪʠʚ 6 ʤʽʥ. ɼʨʫʛʠʤ ʟʘ 

ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ ʪʦʯʥʦʩʪʽ ʜʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʻ ViT-Lite. ʂʽʣʴʢʽʩʪʴ ʧʨʦʧʫʱʝʥʠʭ 

ʤʽʥ ï 4. ʈʝʰʪʘ ʜʚʘ ʚʘʨʽʘʥʪʠ ViT-Robust ʽ ViT-Deep ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʱʫ ʪʦʯʥʽʩʪʴ, 

ʤʝʥʰʫ ʢʽʣʴʢʽʩʪʴ ʧʨʦʧʫʱʝʥʠʭ ʤʽʥ, ʘʣʝ ʡ ʤʘʶʪʴ ʩʫʪʪʻʚʦ ʙʽʣʴʰʠʡ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ. 

ʊʦʤʫ, ʟʘ ʩʫʢʫʧʥʽʩʪʶ ʧʘʨʘʤʝʪʨʽʚ, ʥʘʡʢʨʘʱʠʤ ʨʝʟʫʣʴʪʘʪʦʤ, ʷʢʠʡ ʤʦʞʥʘ ʦʯʽʢʫʚʘʪʠ 

ʚʽʜ ʢʣʘʩʠʯʥʦʛʦ ViT ʜʣʷ ʜʦʩʣʽʜʞʫʚʘʥʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ, ʻ ViT-Lite. 

ɿʘʛʘʣʴʥʘ ʟʘʢʦʥʦʤʽʨʥʽʩʪʴ ʤʽʞ ʧʘʨʘʤʝʪʨʘʤʠ ʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʚʠʜʥʘ ʟ ʪʘʙʣ. 

4.1. ɿʙʽʣʴʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ViT ʜʦʩʷʛʘʻʪʴʩʷ: 

- ʟʙʽʣʴʰʝʥʥʷʤ ʨʦʟʤʽʨʥʦʩʪʽ ʧʨʦʝʢʮʽʾ (ʜʦʚʞʠʥʦʶ ʚʝʢʪʦʨʘ, ʥʘ ʷʢʠʡ 

ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʧʘʪʯ); 

- ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʛʦʣʽʚ; 

- ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʰʘʨʽʚ ʊʨʘʥʩʬʦʨʤʝʨʘ; 

- ʟʤʝʥʰʝʥʥʷʤ ʨʦʟʤʽʨʥʦʩʪʽ ʧʘʪʯʽʚ.  

ʆʜʥʘʢ ʥʝʦʙʭʽʜʥʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʧʘʨʘʤʝʪʨʠ ʊʨʘʥʩʬʦʨʤʝʨʽʚ ʥʝ ʟʤʽʥʶʶʪʴʩʷ 

ʜʦʚʽʣʴʥʦ, ʘ ʟ ʧʝʚʥʠʤʠ ʢʨʦʢʘʤʠ. ʅʘʧʨʠʢʣʘʜ, ʨʦʟʤʽʨʥʦʩʪʽ ʚʝʢʪʦʨʽʚ, ʥʘ ʷʢʽ 

ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʧʘʪʯʽ, ʧʦʚʠʥʥʽ ʥʘʮʽʣʦ ʜʽʣʠʪʠʩʷ ʥʘ ʢʽʣʴʢʽʩʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ 

ʛʦʣʽʚ. 

ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ViT-Lite ʜʣʷ ʪʦʯʥʦʩʪʽ, ʧʦʤʠʣʢʠ ʪʘ ROC-ʢʨʠʚʽ ʜʣʷ ʜʘʥʠʭ ʜʣʷ 

ʥʘʚʯʘʥʥʷ ʪʘ ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʦ ʚʽʜʧʦʚʽʜʥʦ ʥʘ ʨʠʩ. 4.16, 4.17 ʽ 4.18. ɸʥʘʣʽʟ 

ʢʨʠʚʠʭ ʥʘʚʯʘʥʥʷ ʧʦʢʘʟʫʻ, ʱʦ ʤʝʨʝʞʘ ʥʘʚʯʠʣʘʩʷ ʧʨʠʙʣʠʟʥʦ ʟʘ 110 ʝʧʦʭ. ʇʣʦʱʘ ʧʽʜ 
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ROC-ʢʨʠʚʦʶ AUC=0.98, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʅʄ ʜʦʙʨʝ ʨʦʟʨʽʟʥʷʻ ʢʣʘʩʠ (ʻ ʤʽʥʘ 

ʥʘ ʟʦʙʨʘʞʝʥʥʽ / ʥʝʤʘʻ ʤʽʥʠ ʥʘ ʟʦʙʨʘʞʝʥʥʽ). 

 

ʊʘʙʣʠʮʷ 4.1 ï ʇʘʨʘʤʝʪʨʠ ʤʦʜʠʬʽʢʘʮʽʡ ʤʦʜʝʣʽ ViT 

ʇʘʨʘʤʝʪʨ ViT-Tiny 

(ʙʘʟʦʚʠʡ) 

ViT-Lite ViT-Robust 

(ʧʦʩʠʣʝʥʠʡ) 

ViT-Deep 

(ʛʣʠʙʦʢʠʡ) 

Projection Dim 64 128 192 128 

Heads 4 4 6 8 

Transformer 

Layers 

2 4 6 12 

Patch Size 8³8 8³8 8³8 4³4 

Label Smoothing 0.05 0.1 0.15 0.1 

ʇʝʨʝʚʘʛʘ ɼʫʞʝ ʰʚʠʜʢʠʡ, 

ʥʝ ʧʝʨʝʥʘʚʯʘʻʪʴʩʷ 

ʥʘ ʤʘʣʠʭ ʜʘʥʠʭ 

ɿʙʘʣʘʥʩʦʚʘʥʠʡ 

ʟʘ ʰʚʠʜʢʽʩʪʶ 

ʪʘ ʪʦʯʥʽʩʪʶ 

ʅʘʡʢʨʘʱʘ 

ʩʪʽʡʢʽʩʪʴ ʜʦ 

ʰʫʤʫ ʪʘ ʪʫʤʘʥʫ 

ʄʘʢʩʠʤʘʣʴʥʝ 

ʚʠʣʫʯʝʥʥʷ 

ʜʨʽʙʥʠʭ ʦʟʥʘʢ 

ʈʠʟʠʢ ʄʦʞʝ ʥʝ ʚʣʦʚʠʪʠ 

ʩʢʣʘʜʥʽ ʪʝʢʩʪʫʨʠ 

ʤʽʥʠ 

ʉʪʘʥʜʘʨʪʥʠʡ 

ʚʘʨʽʘʥʪ 

ʇʦʪʨʝʙʫʻ 

ʙʽʣʴʰʝ ʧʘʤôʷʪʽ 

ʪʘ ʯʘʩʫ ʥʘʚʯʘʥʥʷ 

ɺʠʩʦʢʠʡ ʨʠʟʠʢ 

ʧʝʨʝʥʘʚʯʘʥʥʷ 

(overfitting) 

Trainable 

Parameters 

328705 563201 1856705 3667521 

Accuracy 0.9635 0.9416 0.9526 0.9708 

Recall 0.9562 0.9708 0.9854 0.9854 

FN 6 4 2 2 

Accuracy / 

Trainable 

Parameters 

2.93³10-6 1.67³10-6 0.51³10-6 0.26³10-6 
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ʈʠʩʫʥʦʢ 4.16 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ViT-Lite 

 

 

ʈʠʩʫʥʦʢ 4.17 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʧʦʤʠʣʢʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ViT-Lite 
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ʈʠʩʫʥʦʢ 4.18 ï ROC ʢʨʠʚʘ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ViT-Lite 

 

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʜʣʷ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 4.19. 

 

 

ʈʠʩʫʥʦʢ 4.19 ï ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ViT-Lite 

 

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʽʟ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʤʽʥ 

137 ʯʦʪʠʨʠ ʙʫʣʠ ʥʝʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʽ. ʍʠʙʥʠʭ ʚʢʘʟʽʚʦʢ ʙʫʣʦ 12. ʈʦʟʧʦʜʽʣ 

ʚʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.20. 
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ʈʠʩʫʥʦʢ 4.20 ï ʈʦʟʧʦʜʽʣ ʚʧʝʚʥʝʥʦʩʪʽ ʜʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ViT-Lite 

 

ɿ ʨʦʟʧʦʜʽʣʫ ʚʧʝʚʥʝʥʦʩʪʽ ʚʠʜʥʦ, ʱʦ ʢʣʘʩʠ ʜʦʩʠʪʴ ʜʦʙʨʝ ʨʦʟʜʽʣʷʶʪʴʩʷ, ʦʜʥʘʢ 

ʥʝʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʚʛʘʜʫʚʘʥʴ ʤʘʻ ʤʽʩʮʝ. ʅʝʦʙʭʽʜʥʦ ʪʘʢʦʞ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʤʝʞʽ 

ʨʦʟʧʦʜʽʣʫ ʪʨʦʭʠ ʨʦʟʤʠʪʽ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʩʭʠʣʴʥʽʩʪʴ ʜʦ ʧʦʤʠʣʦʢ ʧʨʠ ʧʦʛʽʨʰʝʥʥʽ 

ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ.  

15 ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʙʫʣʠ ʟʨʦʙʣʝʥʽ ʧʦʤʠʣʢʠ, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.21. 

 

 

ʈʠʩʫʥʦʢ 4.21 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ViT-Lite ʧʨʠʧʫʩʪʠʚʩʷ ʧʦʤʠʣʢʠ 

(T ï True, P ï Predicted) 
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4.3.4 ʂʣʘʩʠʬʽʢʘʪʦʨ ʥʘ ʦʩʥʦʚʽ CCT  

 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʚʠʱʦʾ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʨʠ ʦʜʥʦʯʘʩʥʦʤʫ ʟʤʝʥʰʝʥʥʽ 

ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʚ ʤʦʜʝʣʴ CCT ʚʥʝʩʝʥʦ ʪʘʢʽ ʟʤʽʥʠ ʧʦʨʽʚʥʷʥʦ ʟ ʢʣʘʩʠʯʥʠʤ ViT: 

- ʨʦʟʙʠʪʪʷ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʧʘʪʯʽ, ʱʦ ʥʝ ʧʝʨʝʢʨʠʚʘʶʪʴʩʷ (Patch-ʝʤʙʝʜʜʽʥʛ), 

ʟʘʤʽʥʝʥʦ ʥʘ ʟʛʦʨʪʢʦʚʠʡ ʪʦʢʝʥʽʟʘʪʦʨ. ʊʦʢʝʥʽʟʘʪʦʨ ʚʠʢʦʨʠʩʪʦʚʫʻ ʜʚʘ ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ 

ʟ ʬʽʣʴʪʨʘʤʠ, ʱʦ ʧʝʨʝʢʨʠʚʘʶʪʴʩʷ, ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ GELU ʽ ʥʦʨʤʘʣʽʟʘʮʽʻʶ 

BatchNormalization. ʎʝ ʜʘʻ ʟʤʦʛʫ ʝʬʝʢʪʠʚʥʽʰʝ ʚʠʣʫʯʘʪʠ ʥʠʟʴʢʦʨʽʚʥʝʚʽ ʦʟʥʘʢʠ ʪʘ 

ʚʨʘʭʦʚʫʚʘʪʠ ʣʦʢʘʣʴʥʽ ʟʚ'ʷʟʢʠ ʤʽʞ ʧʽʢʩʝʣʷʤʠ; 

- ʤʝʭʘʥʽʟʤ Global Average Pooling ʟʘʤʽʥʝʥʦ ʥʘ Sequence Pooling. ʋ ViT ʫʩʽ 

ʪʦʢʝʥʠ ʤʘʶʪʴ ʦʜʥʘʢʦʚʫ ʚʘʛʫ. CCT, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʫʚʘʛʫ (Attention), ʩʘʤ 

ʥʘʚʯʘʻʪʴʩʷ ʚʠʟʥʘʯʘʪʠ, ʷʢʽ ʩʘʤʝ ʯʘʩʪʠʥʠ ʟʦʙʨʘʞʝʥʥʷ (ʪʦʢʝʥʠ) ʥʘʡʚʘʞʣʠʚʽʰʽ ʜʣʷ 

ʢʣʘʩʠʬʽʢʘʮʽʾ (ʥʘʧʨʠʢʣʘʜ, ʜʝ ʩʘʤʝ ʟʥʘʭʦʜʠʪʴʩʷ ʤʽʥʘ), ʽ ʥʘʜʘʻ ʾʤ ʙʽʣʴʰʦʾ ʚʘʛʠ; 

- ʟʙʽʣʴʰʝʥʦ ʢʦʝʬʽʮʽʻʥʪ ʨʦʟʰʠʨʝʥʥʷ MLP-ʙʣʦʢʫ ʟ 2 ʜʦ 3. ʎʝ ʟʙʽʣʴʰʫʻ 

ʢʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ ʫ ʢʦʞʥʦʤʫ ʰʘʨʽ, ʱʦ ʦʙʨʦʙʣʷʻ ʦʟʥʘʢʠ, ʚʠʣʫʯʝʥʽ 

ʪʦʢʝʥʽʟʘʪʦʨʦʤ; 

- ʚʚʝʜʝʥʦ ʧʣʘʚʥʠʡ ʨʦʟʽʛʨʽʚ (Warmup) ï ʧʣʘʚʥʝ ʟʙʽʣʴʰʝʥʥʷ ʰʚʠʜʢʦʩʪʽ 

ʥʘʚʯʘʥʥʷ ʽ ʧʦʜʘʣʴʰʝ ʾʾ ʟʤʝʥʰʝʥʥʷ ʟʘ ʢʦʩʠʥʫʩʦʤ (Cosine Decay). ʎʝ ʜʘʻ ʟʤʦʛʫ ʤʦʜʝʣʽ 

ʢʨʘʱʝ ʥʘʚʯʘʪʠʩʷ ʥʘ ʤʘʣʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ. 

ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʜʣʷ ʪʦʯʥʦʩʪʽ, ʧʦʤʠʣʢʠ ʪʘ ROC-ʢʨʠʚʽ ʜʣʷ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ 

ʪʘ ʚʘʣʽʜʘʮʽʡʥʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʦ ʚʽʜʧʦʚʽʜʥʦ ʥʘ ʨʠʩ. 4.22, 4.23 ʽ 4.24. ɸʥʘʣʽʟ ʢʨʠʚʠʭ 

ʥʘʚʯʘʥʥʷ ʧʦʢʘʟʫʻ, ʱʦ ʤʝʨʝʞʘ ʥʘʚʯʠʣʘʩʷ ʧʨʠʙʣʠʟʥʦ ʟʘ 90 ʝʧʦʭ. ʇʣʦʱʘ ʧʽʜ ROC-

ʢʨʠʚʦʶ AUC=0.98, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʜʦʙʨʝ ʨʦʟʨʽʟʥʷʻ ʢʣʘʩʠ 

(ʻ ʤʽʥʘ ʥʘ ʟʦʙʨʘʞʝʥʥʽ / ʥʝʤʘʻ ʤʽʥʠ ʥʘ ʟʦʙʨʘʞʝʥʥʽ). ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʜʣʷ ʪʝʩʪʦʚʠʭ 

ʜʘʥʠʭ ʥʘʚʝʜʝʥʘ ʥʘ ʨʠʩ. 4.25. 



 

 

127 

 

ʈʠʩʫʥʦʢ 4.22 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT 

 

 

ʈʠʩʫʥʦʢ 4.23 ï ʂʨʠʚʽ ʥʘʚʯʘʥʥʷ ʧʦʤʠʣʦʢ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT 
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ʈʠʩʫʥʦʢ 4.24 ï ROC ʢʨʠʚʘ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT 

 

 

ʈʠʩʫʥʦʢ 4.25 ï ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT 

 

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʽʟ ʟʘʛʘʣʴʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʦʙʨʘʞʝʥʴ ʤʽʥ 

137 ʪʨʠ ʙʫʣʠ ʥʝʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʽ. ʍʠʙʥʠʭ ʚʢʘʟʽʚʦʢ ʙʫʣʦ 4.  

ʈʦʟʧʦʜʽʣ ʫʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ CCT ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.26. 
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ʈʠʩʫʥʦʢ 4.26 ï ʈʦʟʧʦʜʽʣ ʚʧʝʚʥʝʥʦʩʪʽ ʜʣʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT 

 

ɿ ʨʦʟʧʦʜʽʣʫ ʚʧʝʚʥʝʥʦʩʪʽ ʚʠʜʥʦ, ʱʦ ʢʣʘʩʠ ʜʦʩʠʪʴ ʜʦʙʨʝ ʨʦʟʜʽʣʷʶʪʴʩʷ, ʦʜʥʘʢ 

ʥʝʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʚʛʘʜʫʚʘʥʴ ʤʘʻ ʤʽʩʮʝ. ʅʝʦʙʭʽʜʥʦ ʪʘʢʦʞ ʚʽʜʟʥʘʯʠʪʠ, ʱʦ ʢʨʘʾ 

ʨʦʟʧʦʜʽʣʫ ʜʣʷ CCT ʩʫʪʪʻʚʦ ʤʝʥʰ ʨʦʟʤʠʪʽ, ʥʽʞ ʫ ViT-Lite.  

7 ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʙʫʣʠ ʟʨʦʙʣʝʥʽ ʧʦʤʠʣʢʠ, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.27. 

 

 

ʈʠʩʫʥʦʢ 4.27 ï ɿʦʙʨʘʞʝʥʥʷ, ʥʘ ʷʢʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨ CCT ʧʨʠʧʫʩʪʠʚʩʷ ʧʦʤʠʣʢʠ 

(T ï True; P ï Predicted) 

 

ɼʚʽ ʟ ʪʨʴʦʭ ʧʦʤʠʣʦʢ ʱʦʜʦ ʧʨʦʧʫʩʢʫ ʤʽʥ ʟʨʦʙʣʝʥʽ ʥʘ ʪʠʭ ʩʘʤʠʭ ʟʦʙʨʘʞʝʥʥʷʭ, 

ʥʘ ʷʢʠʭ ʨʦʙʠʣʠ ʧʦʤʠʣʢʠ ʡ ʽʥʰʽ ʅʄ.  
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ɼʣʷ ʽʣʶʩʪʨʘʮʽʾ ʨʦʙʦʪʠ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT ʥʘ ʨʠʩ. 4.28 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ 

ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʟ ʤʽʥʦʶ ʪʘ ʢʘʨʪʠ ʫʚʘʛʠ ʜʣʷ ʮʴʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʚ ʧʝʨʰʦʤʫ ʰʘʨʽ 

CCT. ʅʘ ʨʠʩ. 4.29 ʥʘʚʝʜʝʥʦ ʪʝ ʩʘʤʝ, ʪʽʣʴʢʠ ʥʘ ʚʭʽʜʥʦʤʫ ʟʦʙʨʘʞʝʥʥʽ ʟʘʤʽʩʪʴ ʤʽʥ 

ʧʨʠʩʫʪʥʻ ʢʘʤʽʥʥʷ. 

 

                              ʘ                                                                       ʙ 

ʈʠʩʫʥʦʢ 4.28 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ: ʘ ï ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʟ ʤʽʥʦʶ; ʙ ï ʢʘʨʪʘ 

ʫʚʘʛʠ ʚ ʧʝʨʰʦʤʫ ʰʘʨʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʉʉʊ 

 

 

                                ʘ                                                                        ʙ 

ʈʠʩʫʥʦʢ 4.29 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ: ʘ ï ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʟ ʢʘʤʽʥʥʷʤ; ʙ ï ʢʘʨʪʘ 

ʫʚʘʛʠ ʚ ʧʝʨʰʦʤʫ ʰʘʨʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʉʉʊ 

 

ʉʚʽʪʣʠʤ ʢʦʣʴʦʨʦʤ ʥʘ ʢʘʨʪʽ ʫʚʘʛʠ ʚʢʘʟʘʥʽ ʤʽʩʮʷ ʥʘ ʟʦʙʨʘʞʝʥʥʽ, ʜʝ ʥʘʡʙʽʣʴʰ 

ʽʤʦʚʽʨʥʝ ʨʦʟʪʘʰʫʚʘʥʥʷ ʤʽʥʠ. ʏʠʤ ʩʚʽʪʣʽʰʠʡ ʢʦʣʽʨ, ʪʠʤ ʙʽʣʴʰʘ ʡʤʦʚʽʨʥʽʩʪʴ. 

ɺʽʜʧʦʚʽʜʥʦ, ʮʽ ʤʽʩʮʷ ʦʙʨʦʙʣʷʶʪʴʩʷ ʟ ʙʽʣʴʰʠʤʠ ʚʘʛʦʚʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ, ʥʽʞ ʽʥʰʽ. 
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4.3.5 ɸʥʘʣʽʟ ʩʪʽʡʢʦʩʪʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ 

ʟʦʙʨʘʞʝʥʴ  

 

ɼʣʷ ʧʝʨʝʚʽʨʢʠ ʩʪʽʡʢʦʩʪʽ ʅʄ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ ʟʦʙʨʘʞʝʥʴ ʜʣʷ 

ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʙʫʣʠ ʟʤʦʜʝʣʴʦʚʘʥʽ: 

- ʰʫʤ ʽʟ ʨʽʚʥʝʤ 15 %; 

- ʧʦʭʤʫʨʠʡ ʜʝʥʴ (ʟʤʝʥʰʝʥʥʷ ʷʩʢʨʘʚʦʩʪʽ ʥʘ 40 %); 

- ʪʫʤʘʥ (ʣʝʛʢʠʡ ʩʝʨʧʘʥʦʢ, ʯʘʩʪʢʘ ʙʽʣʦʛʦ ʢʦʣʴʦʨʫ ʟʤʝʥʰʝʥʘ ʜʦ 20 %). 

ʇʨʠʢʣʘʜ ʽʟ ʚʠʭʽʜʥʠʤ ʟʦʙʨʘʞʝʥʥʷʤ ʽ ʧʦʛʽʨʰʝʥʠʤʠ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 4.30, 

ʟʥʘʯʝʥʥʷ ʪʦʯʥʦʩʪʽ ʥʘ ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 4.2. 

 

 

ʈʠʩʫʥʦʢ 4.30 ï ʇʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ: ʘ ï ʧʦʯʘʪʢʦʚʝ ʟʦʙʨʘʞʝʥʥʷ; ʙ ï ʟʦʙʨʘʞʝʥʥʷ ʟ 

ʰʫʤʦʤ; ʚ ï ʟʦʙʨʘʞʝʥʥʷ ʟ ʰʫʤʦʤ «ʧʦʭʤʫʨʠʡ ʜʝʥʴè; ʛ ï ʟʦʙʨʘʞʝʥʥʷ  ʟ ʰʫʤʦʤ 

«ʪʫʤʘʥ» 

 

ʊʘʙʣʠʮʷ 4.2 ï ʈʝʟʫʣʴʪʘʪ ʦʮʽʥʶʚʘʥʥʷ ʪʦʯʥʦʩʪ̔ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʽʥ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ ʜʣʷ ʤʦʜʝʣʝʡ ʙʘʟʦʚʠʭ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ  

ʋʤʦʚʠ ʝʢʩʧʝʨʠʤʝʥʪʫ ʥʘ 

ʟʦʙʨʘʞʝʥʥʷʭ 

ʊʦʯʥ̔ʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʽ (Accuracy) 

CNN ResNet-18 ViT-Lite CCT 

ʙʝʟ ʧʦʛʽʨʰʝʥʥʷ 0,9745 0,978 0,9416 0,9745 

ʟ ʜʦʜʘʚʘʥʥʷʤ ʰʫʤʫ 0,960 0,971 0,920 0,909 

ʟ ʜʦʜʘʚʘʥʥʷʤ ʰʫʤʫ 

çʧʦʭʤʫʨʠʡ ʜʝʥʴè 

0,832 0,898 0,803 0,832 

ʟ ʜʦʜʘʚʘʥʥʷʤ ʰʫʤʫ 

çʪʫʤʘʥè 

0,916 0,942 0,843 0,836 
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ɿ ʜʘʥʠʭ ʪʘʙʣʠʮʽ 4.2 ʚʠʜʥʦ, ʱʦ ʟʛʦʨʪʢʦʚʽ ʤʝʨʝʞʽ ʤʘʶʪʴ ʚʠʱʫ ʩʪʽʡʢʽʩʪʴ, 

ʧʦʨʽʚʥʷʥʦ ʟ ʤʝʨʝʞʘʤʠ ʥʘ ʙʘʟʽ ʊʨʘʥʩʬʦʨʤʝʨʘ. ʎʝ ʤʦʞʥʘ ʧʦʷʩʥʠʪʠ ʚʝʣʠʢʦʶ 

ʢʽʣʴʢʽʩʪʶ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ. ʆʜʥʘʢ ʥʝʦʙʭʽʜʥʦ ʟʘʫʚʘʞʠʪʠ, ʱʦ 

ʨʦʙʦʪʘ ʚ ʧʦʛʽʨʰʝʥʠʭ ʫʤʦʚʘʭ ʥʝ ʻ ʦʩʥʦʚʥʠʤ ʨʝʞʠʤʦʤ, ʦʩʢʽʣʴʢʠ ʡʤʦʚʽʨʥʦʩʪʽ 

ʧʨʦʧʫʩʢʫ ʤʽʥ ʩʫʪʪʻʚʦ ʟʙʽʣʴʰʫʶʪʴʩʷ. 

 

4.3.6 ʈʝʟʫʣʴʪʫʶʯʝ ʧʦʨʽʚʥʷʥʥʷ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ  

 

ʈʝʟʫʣʴʪʫʶʯʽ ʧʘʨʘʤʝʪʨʠ ʧʦʨʽʚʥʶʚʘʥʠʭ ʅʄ ʥʘ ʪʝʩʪʦʚʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ 

ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 4.3. 

 

ʊʘʙʣʠʮʷ 4.3 ï ʈʝʟʫʣʴʪʘʪʠ ʦʮʽʥʶʚʘʥʥʷ ʧʘʨʘʤʝʪʨʽʚ ʙʘʟʦʚʠʭ ʅʄ ʧʨʠ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʽʥ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ 

ʇʘʨʘʤʝʪʨʠ ʅʄ CNN ResNet-18 ViT-Lite CCT 

ʊʦʯʥʽʩʪʴ (Accuracy) 0,9745 

 

0,978 0,9416 0,9745 

ʂʽʣʴʢʽʩʪʴ ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ 

ʥʘʚʯʘʶʪʴʩʷ 

822337 11177921 563201 737858 

ɺʽʜʥʦʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʪʘ 

ʢʽʣʴʢʦʩʪʽ ʥʘʚʯʘʣʴʥʠʭ ʚʘʛ 
1,18³10-6 0,087³10-6 1,67³10-6 1,32³10-6 

ʂʽʣʴʢʽʩʪʴ ʧʨʦʧʫʱʝʥʠʭ 

ʤʽʥ (FN) 

2 3 4 3 

ɺʧʝʚʥʝʥʽʩʪʴ ʫ ʧʨʠʡʥʷʪʠʭ 

ʨʽʰʝʥʥʷʭ 

ʟʥʠʞʝʥʘ, 

ʤʦʞʣʠʚʽ 

ʚʛʘʜʫʚʘʥʥʷ 

ʧʽʜʚʠʱʝʥʘ ʟʥʠʞʝʥʘ ʧʽʜʚʠʱʝʥʘ 

ʉʪʽʡʢʽʩʪʴ ʜʦ ʧʦʛʽʨʰʝʥʥʷ 

ʷʢʦʩʪʽ ʟʦʙʨʘʞʝʥʥʷ 

ʧʽʜʚʠʱʝʥʘ ʧʽʜʚʠʱʝʥʘ ʟʥʠʞʝʥʘ ʟʥʠʞʝʥʘ 

 

ɿ ʜʘʥʠʭ ʪʘʙʣ. 4.3 ʚʠʜʥʦ, ʱʦ ʚʠʱʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʜʦ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʤʘʶʪʴ ʅʄ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ. ɺʠʭʦʜʷʯʠ ʟ ʪʦʛʦ, ʱʦ ViT-Lite ʤʘʻ 

ʟʥʠʞʝʥʫ ʪʦʯʥʽʩʪʴ ʽ ʙʽʣʴʰʫ ʢʽʣʴʢʽʩʪʴ ʧʨʦʧʫʱʝʥʠʭ ʤʽʥ, ʥʘʡʢʨʘʱʠʤ ʚʘʨʽʘʥʪʦʤ ʻ 

ʚʠʢʦʨʠʩʪʘʥʥʷ CCT. ʇʦʨʽʚʥʷʥʥʷ ʧʦʢʘʟʥʠʢʽʚ CNN ʽ ResNet-18 ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ 
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ʧʦʪʝʥʮʽʘʣ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ ʫ ʮʴʦʤʫ ʟʘʩʪʦʩʫʚʘʥʥʽ ʦʙʤʝʞʝʥʠʡ, ʦʩʢʽʣʴʢʠ ʨʘʜʠʢʘʣʴʥʝ 

ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʱʦ ʥʘʚʯʘʶʪʴʩʷ, ʥʝ ʧʨʠʟʚʝʣʦ ʜʦ 

ʩʫʪʪʻʚʦʛʦ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ, ʘ ʪʽʣʴʢʠ ʜʦ ʧʽʜʚʠʱʝʥʥʷ ʚʧʝʚʥʝʥʦʩʪʽ ʚ ʧʨʠʡʥʷʪʠʭ 

ʨʽʰʝʥʥʷʭ. 

 

4.4 ʆʙʛʦʚʦʨʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʜʦʩʣʽʜʞʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʨʽʟʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʤʽʥ ʜʨʦʥʦʤ 

 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʘʣʦ, ʱʦ ʧʦʪʝʥʮʽʡʥʽ ʤʦʞʣʠʚʦʩʪʽ ʧʨʦʩʪʠʭ 

ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ ʦʙʤʝʞʝʥʽ. ʉʫʪʪʻʚʝ ʟʙʽʣʴʰʝʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ ʰʘʨʽʚ ʥʝ 

ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʚʝʣʠʢʦʛʦ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʚ ʩʪʨʫʢʪʫʨʽ 

ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʟʘʢʣʘʜʝʥʦ ʤʝʭʘʥʽʟʤ ʧʦʰʫʢʫ ʜʝʪʘʣʝʡ ʥʘ ʟʦʙʨʘʞʝʥʥʽ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʥʝʚʝʣʠʢʠʭ ʬʽʣʴʪʨʽʚ. ʊʘʢʠʡ ʤʝʭʘʥʽʟʤ ʜʘʻ ʾʤ ʟʤʦʛʫ ʰʚʠʜʢʦ ʥʘʚʯʘʪʠʩʷ ʥʘ 

ʥʝʚʝʣʠʢʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ. ʎʝ ʜʦʙʨʝ ʚʠʜʥʦ ʟ ʦʪʨʠʤʘʥʠʭ ʢʨʠʚʠʭ ʥʘʚʯʘʥʥʷ. ɸʣʝ ʢʦʣʠ 

ʧʦʪʝʥʮʽʡʥʘ ʤʝʞʘ ʙʣʠʟʴʢʘ, ʪʦ ʜʦʜʘʚʘʥʥʷ ʜʦʜʘʪʢʦʚʠʭ ʰʘʨʽʚ, ʥʘʧʨʠʢʣʘʜ ʫ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ResNet-18 ʧʦʨʽʚʥʷʥʦ ʟ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ CNN, ʷʢʠʡ ʟʜʽʡʩʥʶ ̒ʧʦʰʫʢ 

ʱʝ ʙʽʣʴʰʠʭ ʜʝʪʘʣʝʡ, ʥʝ ʜʘʻ ʩʫʪʪʻʚʦʛʦ ʧʨʠʨʦʩʪʫ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʅʄ, ʧʦʙʫʜʦʚʘʥʽ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ, ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʚʽʜ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ 

ʪʠʤ, ʱʦ ʦʙʨʦʙʣʷʶʪʴ ʦʜʨʘʟʫ ʚʩʽ ʧʘʪʯʽ ʟʦʙʨʘʞʝʥʥʷ ʽ ʥʘʤʘʛʘʶʪʴʩʷ ʟʥʘʡʪʠ ʟʚ'ʷʟʢʠ ʤʽʞ 

ʥʠʤʠ ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʪʦʛʦ, ʯʠ ʩʪʦʷʪʴ ʮʽ ʧʘʪʯʽ ʧʦʨʫʯ ʥʘ ʟʦʙʨʘʞʝʥʥʽ, ʯʠ ʟʥʘʭʦʜʷʪʴʩʷ ʥʘ 

ʨʽʟʥʠʭ ʩʪʦʨʦʥʘʭ. ʊʘʢʘ ʧʦʙʫʜʦʚʘ ʘʨʭʽʪʝʢʪʫʨʠ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʪʦʛʦ, ʱʦ ʪʘʢʽ ʅʄ 

ʥʘʚʯʘʶʪʴʩʷ ʧʦʚʽʣʴʥʽʰʝ ʽ ʧʦʪʨʝʙʫʶʪʴ ʚʝʣʠʢʦʛʦ ʦʙʩʷʛʫ ʜʘʥʠʭ ʜʣʷ ʥʘʚʯʘʥʥʷ. ʗʢʱʦ 

CNN ʚʠʚʯʘʻ ʚʩʽ ʢʦʤʧʦʥʝʥʪʠ ʟʦʙʨʘʞʝʥʥʷ ʙʝʟ ʧʨʽʦʨʠʪʝʪʽʚ ʙʫʜʴ-ʷʢʠʤ ʦʙʣʘʩʪʷʤ, ʪʦ 

ʊʨʘʥʩʬʦʨʤʝʨʠ ʬʦʨʤʫʶʪʴ ʢʘʨʪʠ ʫʚʘʛʠ, ʜʦʟʚʦʣʷʶʯʠ ʚʠʜʽʣʷʪʠ ʦʙʣʘʩʪʽ ʥʘʡʙʽʣʴʰ 

ʽʤʦʚʽʨʥʦʛʦ ʨʦʟʪʘʰʫʚʘʥʥʷ ʦʙ'ʻʢʪʽʚ. 

ʇʽʜ ʯʘʩ ʦʙʨʦʙʢʠ ʥʝʚʝʣʠʢʠʭ ʥʘʙʦʨʽʚ ʜʘʥʠʭ ʮʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʪʦʛʦ, ʱʦ ʷʢ CNN, 

ʪʘʢ ʽ ʊʨʘʥʩʬʦʨʤʝʨʠ ʥʝ ʟʘʙʝʟʧʝʯʫʶʪʴ ʜʦʩʪʘʪʥʴʦ ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʆʜʥʘʢ, ʷʢʱʦ ʚ CNN, ʟʜʝʙʽʣʴʰʦʛʦ, ʤʦʞʥʘ ʪʽʣʴʢʠ 

ʟʙʽʣʴʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʥʠʭ ʰʘʨʽʚ, ʪʦ ʚ ʊʨʘʥʩʬʦʨʤʝʨʘʭ ʤʦʞʣʠʚʦʩʪʝʡ 

ʤʦʜʠʬʽʢʘʮʽʾ ʤʦʜʝʣʽ ʟʥʘʯʥʦ ʙʽʣʴʰʝ. ʎʝ ʚʠʜʥʦ ʟ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʥʘ 
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ʦʩʥʦʚʽ CCT. ɺʚʝʜʝʥʥʷ ʜʚʦʭ ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʽʚ ʫ ʪʦʢʝʥʽʟʘʪʦʨ ʽ ʜʽʣʝʥʥʷ ʥʘ ʧʘʪʯʽ, ʱʦ 

ʧʝʨʝʢʨʠʚʘʶʪʴʩʷ, ʜʘʣʦ ʟʤʦʛʫ ʟʘʙʝʟʧʝʯʠʪʠ ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ʚʠʩʦʢʦʤʫ ʨʽʚʥʽ ʪʦʯʥʦʩʪʽ. 

ɸʥʘʣʽʟ ʟʦʙʨʘʞʝʥʴ, ʥʘ ʷʢʠʭ ʅʄ ʨʦʙʠʣʠ ʧʦʤʠʣʢʠ, ʧʦʢʘʟʫʻ, ʱʦ ʜʝʷʢ ̔

ʟʦʙʨʘʞʝʥʥʷ ʙʫʣʠ ʧʦʤʠʣʢʦʚʦ ʢʣʘʩʠʬʽʢʦʚʘʥʽ ʫʩʤ̔ʘ ʅʄ. ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʪʝ, ʱʦ ʚ 

ʥʘʙʦʨʽ ʜʘʥʠʭ ʥʝ ʚʩʽ ʤʦʞʣʠʚʽ ʚʘʨʽʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʤʽʥ ʥʘ ʨʽʟʥʦʤʫ ʬʦʥʽ ʧʨʝʜʩʪʘʚʣʝʥʽ 

ʜʦʩʠʪʴ ʧʦʚʥʦ. ʈʦʟʰʠʨʝʥʥʷ ʥʘʙʦʨʫ ʜʘʥʠʭ ʧʦʜʽʙʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ ʤʘʻ ʧʨʠʟʚʝʩʪʠ 

ʜʦ ʟʙʽʣʴʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʤʽʥ.  

ɸʥʘʣʽʟ ʩʪʽʡʢʦʩʪʽ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʧʦʢʘʟʫʻ ʚʠʱʫ 

ʟʘʣʝʞʥʽʩʪʴ ʊʨʘʥʩʬʦʨʤʝʨʽʚ ʚʽʜ ʥʘʙʦʨʫ ʜʘʥʠʭ, ʥʘ ʷʢʦʤʫ ʚʦʥʠ ʥʘʚʯʘʣʠʩʷ. ɿʛʦʨʪʢʦʚʽ 

ʤʝʨʝʞʽ ʤʝʥʰ ʯʫʪʣʠʚʽ ʜʦ ʰʫʤʫ, ʦʩʚʽʪʣʝʥʦʩʪʽ ʪʘ ʪʫʤʘʥʫ ʟʘʚʜʷʢʠ ʘʨʭʽʪʝʢʪʫʨʽ, ʱʦ 

ʚʠʜʽʣʷʻ ʦʢʨʝʤʽ ʦʟʥʘʢʠ. ʇʨʠ ʨʦʟʰʠʨʝʥʥʽ ʥʘʙʦʨʫ ʜʘʥʠʭ ʟʘ ʨʘʭʫʥʦʢ ʚʢʣʶʯʝʥʥʷ ʪʫʜʠ 

ʟʦʙʨʘʞʝʥʴ ʽʟ ʧʦʛʽʨʰʝʥʦʶ ʷʢʽʩʪʶ ʤʦʞʥʘ ʦʯʽʢʫʚʘʪʠ ʥʘ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʫ ʚʩʽʭ 

ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. 

ʆʙʤʝʞʝʥʥʷʤ ʧʨʦʚʝʜʝʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʤʘʣʝʥʴʢʘ ʚʝʣʠʯʠʥʘ ʚʠʢʦʨʠʩʪʘʥʦʛʦ 

ʥʘʙʦʨʫ ʜʘʥʠʭ. ʇʨʦʪʝ, ʮʝ ʜʦʟʚʦʣʠʣʦ ʚʠʷʚʠʪʠ ʥʘʡʧʝʨʩʧʝʢʪʠʚʥʽʰʫ ʤʦʜʝʣʴ ʜʣʷ 

ʩʪʚʦʨʝʥʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ï CCT. ɺʘʨʽʶʶʯʠ ʥʦʤʝʥʢʣʘʪʫʨʫ ʪʘ ʢʽʣʴʢʽʩʪʴ ʜʦʜʘʪʢʦʚʠʭ 

ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʝʣʝʤʝʥʪʽʚ, ʱʦ ʚʚʦʜʷʪʴʩʷ ʚ ʊʨʘʥʩʬʦʨʤʝʨ, ʤʦʞʥʘ ʩʫʪʪʻʚʦ 

ʧʽʜʚʠʱʫʚʘʪʠ ʷʢ ʪʦʯʥʽʩʪʴ, ʪʘʢ ʽ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ 

ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ. ʈʘʟʦʤ ʽʟ ʨʦʟʰʠʨʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʪʘ ʨʽʟʥʦʤʘʥʽʪʥʦʩʪʽ 

ʟʦʙʨʘʞʝʥʴ ʤʽʥ ʥʘ ʨʽʟʥʦʤʫ ʪʣʽ ʮʝ ʜʦʟʚʦʣʠʪʴ ʦʪʨʠʤʘʪʠ ʤʘʢʩʠʤʘʣʴʥʦ ʚʠʩʦʢʽ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʚ ʪʘʢʽʡ ʚʘʞʣʠʚʽʡ ʛʘʣʫʟʽ, ʷʢ ʛʫʤʘʥʽʪʘʨʥʝ ʨʦʟʤʽʥʫʚʘʥʥʷ. 

 

4.5 ɼʦʩʣʽʜʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʥʘ ʥʘʷʚʥʽʩʪʴ ʤʽʥ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ  

 

ʗʢ ʧʦʢʘʟʘʣʠ ʨʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥ,̫ ʥʘʡʢʨʘʱʠʤ ʙʘʟʦʚʠʤ ʢʣʘʩʠʬʽʢʘʪʦʨʦʤ ʻ 

CCT. ʆʜʥʘʢ ʫ ʥʴʦʛʦ ʥʘ ʘʥʘʣʽʟʦʚʘʥʦʤʫ ʥʘʙʦʨʽ ʜʘʥʠʭ 3 ʤʽʥʠ ʧʨʦʧʫʱʝʥʦ ʽ ʜʘʥʦ 4 

ʧʦʤʠʣʢʦʚʽ ʚʢʘʟʽʚʢʠ ʥʘ ʤʽʥʠ. ʊʦʤʫ ʧʨʝʜʩʪʘʚʣʷʻ ʽʥʪʝʨʝʩ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʅʄ ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʫ, ʟʘʧʨʦʧʦʥʦʚʘʥʠʭ ʚ 
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ʨʦʟʜʽʣʘʭ 2 ʽ 3. ʎʝʡ ʢʣʘʩʠʬʽʢʘʪʦʨ ʚʠʢʦʨʠʩʪʦʚʫʻ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʙʘʟʦʚʠʡ 

ʢʣʘʩʠʬʽʢʘʪʦʨ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʠ (ʜʠʚ. ʨʠʩ. 2.4), ɦ ʦ ʙʫʣʠ ʦʪʨʠʤʘʥʽ ʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ 

ʦʧʝʨʘʪʦʨʫ ʮʠʢʣʽʯʥʦʛʦ ʟʩʫʚʫ, ʘ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ï ʤʦʜʝʣ ɹMLP-KAN (ʜʠʚ. ʨʠʩ. 

3.9). ʈʝʟʫʣʴʪʘʪʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘʚʝʜʝʥʦ ʫ ʪʘʙʣ. 4.4.  

ɿ ʪʘʙʣ. 4.4 ʚʠʜʥʦ, ʱʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʘʤʽʩʪʴ 

ʟʚʠʯʘʡʥʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʜʦʟʚʦʣʷʻ ʩʫʪʪʻʚʦ ʟʙʽʣʴʰʠʪʠ ʪʦʯʥʽʩʪʴ. ʉʣʽʜ ʟʘʟʥʘʯʠʪʠ, 

ʱʦ ʚʠʢʦʨʠʩʪʘʥʠʡ ʥʘʙʽʨ ʜʘʥʠʭ ʟ ʤʽʥʘʤʠ ʤʽʩʪʠʚ ʥʝʟʘʤʘʩʢʦʚʘʥʽ ʦʙ'ʻʢʪʠ, ʪʦʤʫ ʥʘʚʽʪʴ 

ʦʜʠʥʦʯʥʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʧʦʢʘʟʘʣʘ ʚʠʩʦʢʽ ʨʝʟʫʣʴʪʘʪʠ. ʋ ʚʠʧʘʜʢʫ, ʢʦʣʠ ʤʽʥʠ ʙʫʣʠ 

ʙ ʟʥʘʯʥʦʶ ʤʽʨʦʶ ʟʘʤʘʩʢʦʚʘʥʽ, ʪʦ ʨʝʟʫʣʴʪʘʪʠ ʦʜʠʥʦʯʥʦʾ ʅʄ ʙʫʣʠ ʙ ʽʩʪʦʪʥʦ 

ʥʠʞʯʠʤʠ, ʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʜʘʚʘʣʦ ʙ ʙʽʣʴʰʠʡ ʧʨʠʨʽʩʪ 

ʪʦʯʥʦʩʪʽ. 

 

ʊʘʙʣʠʮ ̫ 4.4 ï ʈʝʟʫʣʴʪʘʪʠ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʥʘ ʦʩʥʦʚʽ ʢʣʦʥʽʚ ʉʉT ʽ ʤʦʜʝʣʽ MLP-KAN ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ ʟ ʤʽʥʘʤʠ 

ʂʣʘʩʠʬʽʢʘʪʦʨʠ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

Accuracy Recall 

 

FN FP 

CCT+1 ʢʣʦʥ 0,9854 0,9854 2 2 

CCT+2ʢʣʦʥʘ 0,9890 0,9927 1 2 

CCT+3 ʢʣʦʥʘ 0,9964 1,00 0 1 

 

 

4.6 ɼʦʩʣʽʜʞʝʥʥʷ ʰʚʠʜʢʦʜʽʾ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʦʙʨʘʞʝʥʴ ʧʨʠ ʦʙʨʦʙʮʽ ʚʽʜʝʦʧʦʩʣʽʜʦʚʥʦʩʪʽ 

 

ʇʨʠ ʧʨʘʢʪʠʯʥʽʡ ʨʝʘʣʽʟʘʮʽʾ ʦʢʨʽʤ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʦʙôʻʢʪʽʚ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ, 

ʚʘʞʣʠʚʝ ʟʥʘʯʝʥʥʷ ʤʘʻ ʦʙʩʷʛ ʦʙʯʠʩʣʝʥʴ ʘʙʦ ʝʢʚʽʚʘʣʝʥʪʥʠʡ ʽʥʪʝʨʚʘʣ ʯʘʩʫ, 

ʥʝʦʙʭʽʜʥʠʡ ʜʣʷ ʦʙʯʠʩʣʝʥʥʷ ʚʠʭʽʜʥʦʛʦ ʩʠʛʥʘʣʫ ʥʘʚʯʝʥʥʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ [7], [8]. 

ʆʜʥʠʤ ʽʟ ʚʘʨʽʘʥʪʽʚ ʧʨʦʮʝʩʦʨʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʥʘ ʜʨʦʥʽ ʘʙʦ 

ʽʥʰʦʤʫ ʨʦʙʦʪʠʟʦʚʘʥʦʤʫ ʢʦʤʧʣʝʢʩʽ, ʻ ʧʨʦʮʝʩʦʨ STM32MP157 [114]. ɺʽʥ ʤʘʻ ʜʚʘ 
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ʷʜʨʘ Cortex-A7 ʟ ʪʘʢʪʦʚʦʶ ʯʘʩʪʦʪʦʶ 650 ʘʙʦ 800 ʄɻʮ ʽ ʤʽʢʨʦʧʨʦʮʝʩʦʨʥʝ ʷʜʨʦ 

Cortex-M4 ʟ ʪʘʢʪʦʚʦʶ ʯʘʩʪʦʪʦʶ 209 ʄɻʮ. ʗʜʨʘ Cortex-A7 ʧʨʘʮʶʶʪʴ ʧʽʜ 

ʢʝʨʫʚʘʥʥʷʤ ʦʧʝʨʘʮʽʡʥʦʾ ʩʠʩʪʝʤʠ Linux ʽ ʤʘʶʪʴ ʙʣʦʢ ʜʣʷ ʦʧʝʨʘʮʽʡ ʥʘʜ 32- ʪʘ 64-

ʨʦʟʨʷʜʥʠʤʠ ʯʠʩʣʘʤʠ ʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ VFPv4. ʏʠʩʪʽ ʦʧʝʨʘʮʽʾ ʜʦʜʘʚʘʥʥʷ ʪʘ 

ʤʥʦʞʝʥʥʷ ʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ ʟ 32-ʨʦʟʨʷʜʥʦʶ ʪʦʯʥʽʩʪʶ ʚʠʢʦʥʫʶʪʴʩʷ ʟʘ 1 ʪʘʢʪ 

ʨʦʙʦʪʠ ʷʜʨʘ. ʆʧʝʨʘʮʽʾ ʜʦʜʘʚʘʥʥʷ ʪʘ ʤʥʦʞʝʥʥʷ ʚʠʢʦʥʫʶʪʴʩʷ ʦʜʥʦʯʘʩʥʦ ʥʘ ʨʽʟʥʠʭ 

ʚʫʟʣʘʭ. ɺʚʘʞʘʻʤʦ, ʱʦ ʚ ʢʦʞʥʦʤʫ ʧʨʦʮʝʩʦʨʽ ʦʙʨʦʙʢʦʶ ʢʘʜʨʽʚ ʽʟ ʢʘʤʝʨʠ ʟʘʡʤʘʻʪʴʩʷ 

ʣʠʰʝ ʦʜʥʝ ʷʜʨʦ Cortex-A7 (800 ʤʣʥ ʦʧʝʨʘʮʽʡ ʜʦʜʘʚʘʥʥʷ ʽ ʩʪʽʣʴʢʠ ʞ ʦʧʝʨʘʮʽʡ 

ʤʥʦʞʝʥʥʷ ʟ ʨʫʭʦʤʦʶ ʢʦʤʦʶ ʟʘ ʩʝʢʫʥʜʫ). ɼʨʫʛʝ ʷʜʨʦ Cortex-A7 ʽ ʷʜʨʦ Cortex-M4 

ʟʘʡʤʘʶʪʴʩʷ ʦʙʨʦʙʢʦʶ ʩʠʛʥʘʣʽʚ ʽʥʰʠʭ ʜʘʪʯʠʢʽʚ ʪʘ ʢʝʨʫʚʘʥʥʷʤ ʜʨʦʥʫ 

ʨʦʙʦʪʠʟʦʚʘʥʦʛʦ ʢʦʤʧʣʝʢʩʫ. ʋ ʪʘʙʣ. 4.5 ʥʘʚʝʜʝʥʦ ʯʘʩ ʦʙʨʦʙʢʠ ʦʜʥʦʛʦ ʢʘʜʨʫ ʪʘ 

ʚʠʜʘʯʽ ʨʝʟʫʣʴʪʘʪʫ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʘ ʥʘʙʦʨʽ ʟ ʟʦʙʨʘʞʝʥʥʷʤʠ ʤʽʥ ʜʣʷ ʜʚʦʭ ʚʘʨʽʘʥʪʽʚ 

ʨʝʘʣʽʟʘʮʽʾ: 

1) ʫʚʝʩʴ ʢʣʘʩʠʬʽʢʘʪʦʨ ʨʝʘʣʽʟʦʚʘʥʦ ʥʘ ʦʜʥʦʤʫ ʷʜʨʽ; 

2) ʢʽʣʴʢʽʩʪʴ ʷʜʝʨ Cortex-A7 ʜʦʨʽʚʥʶʻ ʢʽʣʴʢʦʩʪʽ ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ.  

ʋ ʜʨʫʛʦʤʫ ʚʘʨʽʘʥʪʽ ʢʦʞʥʘ ʅʄ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʦʙʨʦʙʣʷʻʪʴʩʷ ʥʘ ʩʚʦʻʤʫ ʷʜʨʽ, 

ʘ ʟʘʛʘʣʴʥʠʡ ʯʘʩ ʦʙʯʠʩʣʝʥʥʷ ʜʣʷ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ 

ʩʪʝʢʽʥʛʦʤ ʅʄ ʜʦʨʽʚʥʶʻ ʯʘʩʫ ʦʙʨʦʙʢʠ ʅʄ ʟ ʤʘʢʩʠʤʘʣʴʥʦʶ ʢʽʣʴʢʽʩʪʶ ʚʘʛʦʚʠʭ 

ʢʦʝʬʽʮʽʻʥʪʽʚ. 

ɿ ʪʘʙʣ. 4.5 ʚʠʜʥʦ, ʱʦ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ ʨʽʟʥʠʭ ʙʘʟʦʚʠʭ ʅʄ ʯʘʩ ʦʙʨʦʙʢʠ ʦʜʥʦʛʦ ʢʘʜʨʫ ʧʨʠ 

ʚʠʢʦʨʠʩʪʘʥʥʽ ʦʜʥʦʛʦ ʷʜʨʘ Cortex-A7 ʤʦʞʝ ʙʫʪʠ ʜʝʱʦ ʙʽʣʴʰʠʤ ʘʙʦ ʤʝʥʰʠʤ ʟʘ ʯʘʩ 

ʦʙʨʦʙʢʠ ʦʜʥʦʛʦ ʢʘʜʨʫ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ. ʇʨʦʪʝ ʚʽʜʤʽʥʥʦʩʪʽ 

ʩʪʘʥʦʚʣʷʪʴ ʥʝ ʙʽʣʴʰʝ ʥʽʞ 26%. ʆʜʥʘʢ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʜʣʷ ʢʦʞʥʦʾ ʅʄ ʧʝʨʰʦʛʦ 

ʩʪʫʧʝʥʷ ʦʢʨʝʤʦʛʦ ʷʜʨʘ Cortex-A7 ʟʘʩʪʦʩʫʚʘʥʥʷ ʢʣʘʩʠʬʽʢʘʪʦʨʫ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ 

ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʽ ʧʦʢʘʟʥʠʢʠ, ʧʦʯʠʥʘʶʯʠ ʟ 4 ʤʝʨʝʞ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ. ʎʝ 

ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʧʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʦʢʨʝʤʦʛʦ ʷʜʨʘ ʜʣʷ ʢʦʞʥʦʾ ʅʄ ʟʘʛʘʣʴʥʠʡ 

ʯʘʩ ʚʠʟʥʘʯʘʻʪʴʩʷ ʅʄ ʟ ʥʘʡʙʽʣʴʰʦʶ ʢʽʣʴʢʽʩʪʶ ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ. 
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ʊʘʙʣʠʮʷ 4.5 ï ʇʦʨʽʚʥʷʥʥʷ ʯʘʩʫ ʦʙʨʦʙʢʠ ʦʜʥʦʛʦ ʢʘʜʨʫ ʧʨʠ ʢʣʘʩʠʬʽʢʘʮʽʾ  

 

 

ʊʘʢʠʤ ʯʠʥʦʤ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʫ ʟʽ ʩʪʝʢʽʥʛʦʤ ʤʦʜʝʣʽ CCT ʪʘ ʡʦʛʦ ʢʣʦʥʽʚ ʧʨʠ ʨʝʘʣʽʟʘʮʽʾ ʥʘ ʚʝʣʠʢʽʡ 

ʢʽʣʴʢʦʩʪʽ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʷʜʝʨ ʟʘʙʝʟʧʝʯʫʻ ʷʢ ʚʠʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʪʘʢ ʽ 

ʤʝʥʰʠʡ ʯʘʩ ʦʙʯʠʩʣʝʥʥʷ ʚʠʭʽʜʥʦʛʦ ʩʠʛʥʘʣʫ ʚʩʴʦʛʦ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ. 

 

ɺʠʩʥʦʚʢʠ ʜʦ ʨʦʟʜʽʣʫ 4 

 

1. ʇʦʨʽʚʥʷʥʥʷ ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʽ ʤʝʨʝʞ ʥʘ ʙʘʟʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ 

ʧʦʢʘʟʘʣʦ, ʱʦ ʥʘʡʧʝʨʩʧʝʢʪʠʚʥʽʰʦʶ ʘʨʭʽʪʝʢʪʫʨʦʶ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʜʨʦʥʘʭ-

ʈʽʟʥʽ ʘʣʛʦʨʠʪʤʠ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʉʉʊ ʪʘ ʡʦʛʦ ʢʣʦʥʠ ʥʘ ʧʝʨʰʦʤʫ 

ʩʪʫʧʝʥʽ 

ɸʣʛʦʨʠʪʤʠ ʥʘ ʧʝʨʰʦʤʫ 

ʩʪʫʧʝʥʽ 

(ɿʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ) 

ʏʘʩ ʥʘ 1 

ʢʘʜʨ(ʤʩ) 

(ʢʽʣʴʢʽʩʪʴ 

ʷʜʝʨ Cortex 

A7) 

ɸʣʛʦʨʠʪʤʠ ʥʘ 

ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

(ɿʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ 

ʚʘʛʦʚʠʭ ʢʦʝʬʽʮʽʻʥʪʽʚ) 

ʏʘʩ ʥʘ 1 ʢʘʜʨ 

(ʤʩ) 

(ʢʽʣʴʢʽʩʪʴ ʷʜʝʨ 

Cortex A7) 

CCT+EATNet 

(764299) 

0.96 

(1) 

0.51 

(2) 

CCT+CL(0.24) 

(828908) 

1.04 

(1) 

0.51 

(2) 

CCT+EATNet 

+MLP-Mixer 

(984157) 

1.23 

(1) 

0.51 

(3) 

CCT 

+CL(0.24)+CL(-024) 

(1249247) 

1.56 

(1) 

0.51 

(3) 

CCT+EATNet 

+MLP-Mixer+FNet 

(1567277) 

1.96 

(1) 

0.73 

(4) 

CCT 

+CL(0.24)+CL(-0.24) 

+CL(0.48) 

(1670096) 

2.09 

(1) 

0.51 

(4) 

CCT+EATNet 

+MLP-Mixer+FNet 

+gMLP 

(2430405) 

3.04 

(1) 

1.08 

(5) 

CCT 

+CL(0.24)+CL(-0.24) 

+CL(0.48)+CL(-0.48) 

(2091145) 

2.61 

(1) 

0.51 

(5) 

CCT+EATNet 

+MLP-Mixer+FNet 

+gMLP+SwinTr 

(2582901) 

3.23 

(1) 

1.08 

(6) 

CCT 

+CL(0.24)+CL(-0.24) 

+CL(0.48)+CL(-0.48) 

+CL(0.72) 

(2512394) 

3.14 

(1) 

0.51 

(6) 
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ʤʽʥʦʰʫʢʘʯʘʭ ʻ ʘʨʭʽʪʝʢʪʫʨʘ CCT. ɺʦʥʘ ʜʦʟʚʦʣʷʻ ʟʘʙʝʟʧʝʯʫʚʘʪʠ ʷʢ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʽʥ, ʪʘʢ ʽ ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʪʦʯʥʦʩʪʽ ʜʦ ʥʝʦʙʭʽʜʥʦʛʦ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ. ʎʝ ʻ ʥʘʩʣʽʜʢʦʤ ʚʠʢʦʨʠʩʪʘʥʥʷ ʷʢ ʩʘʤʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʊʨʘʥʩʬʦʨʤʝʨʘ, ʪʘʢ ʽ 

ʜʦʜʘʪʢʦʚʠʭ ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ. 

2. ɸʥʘʣʽʟ ʩʪʽʡʢʦʩʪʽ ʜʦ ʧʦʛʽʨʰʝʥʥʷ ʷʢʦʩʪʽ ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʧʦʢʘʟʘʚ 

ʧʝʨʝʚʘʛʫ ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ʎʝ ʚʠʩʫʚʘʻ ʚʠʤʦʛʫ ʜʦ ʥʘʙʦʨʫ ʜʘʥʠʭ 

ʟʙʽʣʴʰʠʪʠ ʢʽʣʴʢʽʩʪʴ ʽ ʥʦʤʝʥʢʣʘʪʫʨʫ ʟʦʙʨʘʞʝʥʴ ʜʣʷ ʥʘʚʯʘʥʥʷ, ʱʦ ʤʘʻ ʧʨʠʚʝʩʪʠ ʜʦ 

ʧʽʜʚʠʱʝʥʥʷ ʩʪʽʡʢʦʩʪʽ ʚʩʽʭ ʜʦʩʣʽʜʞʫʚʘʥʠʭ ʅʄ. 

3. ʅʘ ʥʘʙʦʨʽ ʜʘʥʠʭ ʟ ʤʽʥʘʤʠ ʢʣʘʩʠʬʽʢʘʪʦʨ CCT ʟʘʙʝʟʧʝʯʠʚ ʷʢʽʩʪʴ ʙʽʥʘʨʥʦʾ 

ʢʣʘʩʠʬʽʢʘʮʽʾ (ʻ ʤʽʥʘ ʥʘ ʟʦʙʨʘʞʝʥʥʽ/ʥʝʤʘʻ ʤʽʥʠ) 0,9745. 

4. ɸʥʩʘʤʙʣʝʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ, ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻ ʷʢ ʙʘʟʦʚʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ CCT ʽ ʜʚʘ ʡʦʛʦ ʢʣʦʥʠ, ʜʦʟʚʦʣʠʚ ʟʙʽʣʴʰʠʪʠ ʪʦʯʥʽʩʪʴ ʜʦ 0,9964 

ʘ ʧʦʚʥʦʪʫ ʜʦ 1,00 (ʚʩʽ ʤʽʥʠ ʙʫʣʠ ʚʠʷʚʣʝʥʽ, ʙʫʣʘ ʦʜʥʘ ʧʦʤʠʣʢʦʚʘ ʚʢʘʟʽʚʢʘ ʥʘ ʤʽʥʫ). 

5. ɸʨʭʽʪʝʢʪʫʨʘ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ ʜʦʟʚʦʣʷʻ 

ʝʬʝʢʪʠʚʥʦ ʨʦʟʧʘʨʘʣʝʣʶʚʘʪʠ ʦʙʯʠʩʣʝʥʥʷ. ʇʨʠ ʚʠʢʦʨʠʩʪʘʥʥʽ ʧʦ ʦʜʥʦʤʫ ʷʜʨʫ 

ʧʨʦʮʝʩʦʨʘ ʜʣʷ ʨʝʘʣʽʟʘʮʽʾ ʢʦʞʥʦʛʦ ʟ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʝʨʰʦʛʦ ʩʪʫʧʝʥʷ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʢʣʘʩʠʬʽʢʘʪʦʨʘ CCT ʽ 5 ʽ ʙʽʣʴʰʝ ʡʦʛʦ ʢʣʦʥʽʚ ʟʘʙʝʟʧʝʯʫʻ 

ʰʚʠʜʢʦʜʽʶ 0,51 ʤʩ ʜʣʷ ʦʙʨʦʙʢʠ ʦʜʥʦʛʦ ʢʦʣʴʦʨʦʚʦʛʦ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʨʦʟʤʽʨʦʤ 

32³32 ʧʽʢʩʝʣʽʚ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ ʙʘʟʦʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʱʦ ʚʠʤʘʛʘʶʪʴ 

1,08 ʤʩ. ʊʦʙʪʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʥʽʞ ʫ 2 ʨʘʟʠ ʚʠʱʫ 

ʰʚʠʜʢʦʜʽʶ. 
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ɺʀʉʅʆɺʂʀ 

 

ɼʠʩʝʨʪʘʮʽʡʥʘ ʨʦʙʦʪʘ ʤʽʩʪʠʪʴ ʥʦʚʽ ʥʘʫʢʦʚʽ ʨʝʟʫʣʴʪʘʪʠ, ʱʦ ʻ ʥʘʩʣʽʜʢʦʤ 

ʨʦʟʚôʷʟʘʥʥʷ ʘʢʪʫʘʣʴʥʦʛʦ ʥʘʫʢʦʚʦʛʦ ʟʘʚʜʘʥʥʷ: 

- ʨʦʟʚʠʪʢʫ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʽ ʤʝʪʦʜʫ, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʟʙʽʣʴʰʫʚʘʪʠ ʢʽʣʴʢʽʩʪʴ 

ʅʄ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʘʭ ʟʽ ʩʪʝʢʽʥʛʦʤ; 

- ʨʦʟʚʠʪʢʫ ʥʦʚʠʭ ʤʦʜʝʣʝʡ ʜʣʷ ʦʙôʻʜʥʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʝʨʚʠʥʥʠʭ ʅʄ ʥʘ 

ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ. 

ʋ ʭʦʜʽ ʜʦʩʣʽʜʞʝʥʥʷ ʦʪʨʠʤʘʥʦ ʪʘʢʽ ʥʘʫʢʦʚʽ ʪʘ ʧʨʘʢʪʠʯʥʽ ʨʝʟʫʣʴʪʘʪʠ. 

1. ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʘʨʭʽʪʝʢʪʫʨ ʘʥʩʘʤʙʣʝʚʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʧʦʢʘʟʘʚ, ʱʦ 

ʜʣʷ ʦʙʨʦʙʣʝʥʥʷ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʜʘʥʠʭ, ʷʢʠʤʠ ʻ ʟʦʙʨʘʞʝʥʥʷ, ʥʘʡʚʠʱʠʤʠ 

ʧʦʪʝʥʮʽʡʥʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥ ɹʚʦʣʦʜʽʶʪʴ ʘʥʩʘʤʙʣʝʚʽ 

ʢʣʘʩʠʬʽʢʘʪʦʨʠ ʟʽ ʩʪʝʢʽʥʛʦʤ. ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʪʘʢʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ ʻ 

ʟʘʙʝʟʧʝʯʝʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʧʝʨʚʠʥʥʠʭ ʢʣʘʩʠʬʽʢʘʪʦʨʽʚ, ʱʦ 

ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʦʜʠʥ ʚʽʜ ʦʜʥʦʛʦ ʨʽʟʥʠʤ ʩʪʫʧʝʥʝʤ ʩʪʨʫʢʪʫʨʦʚʘʥʦʩʪʽ ʦʙʨʦʙʣʝʥʥʷ 

ʚʭʽʜʥʠʭ ʩʠʛʥʘʣʽʚ ʽ ʤʘʶʪʴ ʚʠʩʦʢʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ. ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʣʽʪʝʨʘʪʫʨʠ ʜʦʟʚʦʣʠʚ ʚʠʷʚʠʪʠ ʣʠʰʝ ʩʽʤ ʚʽʜʦʤʠʭ ʅʄ, 

ʷʢʽ ʟʘ ʩʚʦʾʤʠ ʧʘʨʘʤʝʪʨʘʤʠ ʧʽʜʭʦʜʷʪʴ ʜʣʷ ʚʠʢʦʨʠʩʪʘʥʥʷ ʥʘ ʧʝʨʰʦʤʫ ʩʪʫʧʝʥʽ 

ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ. 

2. ʇʨʦʚʝʜʝʥʠʡ ʘʥʘʣʽʟ ʧʽʜʭʦʜʽʚ, ʱʦ ʻ ʧʝʨʩʧʝʢʪʠʚʥʠʤʠ ʜʣʷ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ 

ʦʙʯʠʩʣʝʥʴ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʟʽ ʩʪʝʢʽʥʛʦʤ, ʜʦʟʚʦʣʠʚ 

ʚʠʟʥʘʯʠʪʠ ʜʚʘ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʠ: ʽʪʝʨʘʮʽʡʥʝ ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʪʘ ʚʠʢʦʨʠʩʪʘʥʥʷ ʅʄ 

KAN. ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʜʣʷ ʧʝʨʰʦʛʦ ʥʘʧʨʷʤʫ ʻ ʚʽʜʩʫʪʥʽʩʪʴ ʢʦʥʩʪʨʫʢʪʠʚʥʦʾ 

ʤʝʪʦʜʠʢʠ, ʷʢʘ ʙ ʚʨʘʭʦʚʫʚʘʣʘ ʚʟʘʻʤʦʟʚôʷʟʦʢ ʰʚʠʜʢʦʩʪʽ ʥʘʚʯʘʥʥʷ ʅʄ, ʯʘʩʪʦʪʠ 

ʧʨʦʨʽʜʞʫʚʘʥʥʷ ʪʘ ʦʙʩʷʛʫ ʦʜʥʦʯʘʩʥʦ ʚʠʜʘʣʝʥʠʭ ʟʚôʷʟʢʽʚ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ 

ʤʘʢʩʠʤʘʣʴʥʠʭ ʨʝʟʫʣʴʪʫʶʯʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʜʣʷ ʜʨʫʛʦʛʦ 

ʥʘʧʨʷʤʫ ʻ ʚʽʜʩʫʪʥʽʩʪʴ ʨʦʟʨʦʙʣʝʥʠʭ ʘʨʭʽʪʝʢʪʫʨ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʢʦʤʧʣʝʢʩʫʚʘʥʥʷ 

MLP ʽ KAN ʟ ʤʝʪʦʶ ʟʤʝʥʰʝʥʥʷ ʦʙʩʷʛʫ ʦʙʯʠʩʣʝʥʴ ʥʘ ʜʨʫʛʦʤʫ ʩʪʫʧʝʥʽ ʘʥʩʘʤʙʣʝʚʦʛʦ 

ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʧʨʠ ʟʙʝʨʝʞʝʥʥʽ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʋ ʷʢʦʩʪʽ ʥʘʡʙʽʣʴʰ 

ʧʝʨʩʧʝʢʪʠʚʥʦʛʦ ʙʫʣʦ ʦʙʨʘʥʦ ʢʦʤʧʣʝʢʩʫʚʘʥʥʷ MLP ʽ KAN. 




