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BAYES RULE (y‘ ) P(CU) P(y = k|x) ...probability of class k given x
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CIaSS score log P(y = k|z) = —%log!Ek‘ %(x — ,Lbk>T2k_1(33 — )|+ logP(y = k) + const
4 O Mahalanobis Distance
Predicted class argmax log P(y = k|z)
SEN
Discrimination log P(y = k|x) = log P(y = k'|x) k vs. K
R Surfaces v,
= [%w%ﬂ)x (s — e+ cj
Linear S—
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Analysis —> hyperplanes

Zk — Ek’ with: Crrr = M;{Z,;l,uk - ,u;‘g,E,;,l,uk/ + %log}Zk} - %log}Zk/‘ +log P(y = k') — log P(y = k)



