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Representation Learning using Pseudo-Excitation Emission Matrix
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Catechol |Hydroquinone Indole Tryptophane Tyrosine
EEM | Emb. | EEM | Emb. | EEM | Emb. | EEM | Emb. | EEM | Emb.
Lasso [0.822 |0.839 [0.932 /0.943 |0.792 0.806 [0.872 |0.862 |0.818 [0.868
PLS [0.945/0.961 [0.942 0.968 |0.970 0.959 [0.987 [0.995 (0.896 (0.987
MLP |0.478 |0.933 [0.771 |0.947 |0.839 [0.951 |0.896 0.952 |0.701 [0.976
1 Catechol Hydroquinone Indole Tryptophane Tyrosine
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