
Mean Field Asymptotic in Statistical Learning . Mar 17
.

Lecture lb
.

Double descent and generalized linear models.

Spring recess next week① Double descent in linear models
.
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Approach 1 : Spectrum of Wishart matrix .
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Appoach .

2 : Stieltjes transform of Wishart matrix
.
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Approoh 3 : The free energy approach .
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⑦ How to apply ( GMT to generalized linear models
.
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