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Alpha 0 0.01 0.07 0.1 0.5 1
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<i{ 3> 7leadE 2 A5 A3 Ay v
Alpha 0 0.01 0.07 0.1 0.5 1
Ridge | 0.0145 | 0.0174 | 0.0227 | 0.0234 | 0.0325 | 0.0483
Lasso | 0.0145 | 0.0770 | 0.552 0.583 0.583 0.583
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0.6 subsample | 0.0875 | 0.0756 | 0.1065 | 0.1026
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1 layer 2 layer 4 layer 6 layer
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