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Table 1. MM &M M3 g
EAlsh 2835t &
Cross Entropy(CE) RelLU
Negative Log Likelihood(NLL) Tanh
Multi-class Hinge(MM) LeakyRelU
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Table 2. &4AI&4(Loss F.)ot 43} &H=(Act. F.)E oS
Hetx
Loss F. Act. F. - 5 Seis ¥d
train_acc | val_acc | test_acc
RelLU 0.8590 0.8492 0.8467
CE Tanh 0.8522 0.8450 0.8427
LeakyRelLU | 0.8690 0.8631 0.8601
RelLU 0.5798 0.5811 0.5794
NLL Tanh 0.7384 0.7436 0.7364
LeakyRelLU | 0.7159 0.7198 0.7135
RelU 0.8551 0.8506 0.8456
MM Tanh 0.8443 0.8371 0.8345
LeakyRelLU | 0.8664 0.8578 0.8552
Table 32 &4 it oE =8 Yehd Flofth
Table 3. &4&+E A o F Mg
Loss F. | train_acc_mean | val_acc_mean | test_acc_mean
CE 0.860067 0.852433 0.849833
NLL 0.855267 0.848500 0.845100
MM 0.678033 0.681500 0.676433
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