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2. EH2{'d (Deep learning) 22 A0

2.1 Convolutional Neural Network (CNN)

CNN2 4 2 S0 A3} (forward and backward
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o2 IdH 5 (convolutional layer), Bz 3}
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Z (fully-connected layer) 2.2 7%t} (LeCun et
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2.3 Attention
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2.4 Transformer

Transformer+= attention HAY S &#13] oj&
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T2 1. CNNS 83t 49 05 21}, (A)= B 3hs 23y, (B)= B EIAE Zjo|C (Baek et al., 2020).
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(Selvaraju et al., 2017).
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