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aaéaoe iay (Fisher's Linear Discriminant)
aifeaiay (Arti cial Neural Network)
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Regression to mediocrity

Efificaioei Aiaiioia (voron@forecsys.ru)



Gaaase Tioeiecasee

Francis Galton (1886). Regression Towards Mediocrity in Here ditary Stature
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i0eoi SG (Stochastic Gradient)
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Adélioa-idaaeén (delta-rule) [Aéasio e 0166, 1960]
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15aaest Oyaaa [1949]
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