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Probabilistic Generative Models: K=2
» Class-conditional densities: p[ DC | CL:.}
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Prior class probabillities: () C CL>
Joint distribution: (/’C X\ Cl@B -V L x| Qt_) & CCM)
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Posterior distribution: K=2
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Logistic Sigmoid Function
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1+ exp(—a)

o(a)

oc(—a) =1-—o0(a)

o'(a) = o(a)(l —o(a))

Figure: Logistic Sigmoid function (red) (Bishop 4.9)

Machine Learning 1 3



Probabilistic Generative Models: general K

» For multiple classes (general K):

p(x|Cr)p(Cr)
S p(x|Ch)p(C;)

, ax = In(p(x|C)p(Ck))

p(Ck[x) =

| | pCCulx) =
»n‘ ar >>a; foral 7 #k : p(CJIX) ~ 0

» Note: for K=2;
p(x|C1)p(Ch) _ 1

(Clx) = _
PLO) = o Cp(Ch) + p(xIC)p(Ca) — 1 EEICRC)

p(x|C1)p(Cr)
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Class Conditional Densities: Continuous
Inputs v aach

» Gaussian Class-conditional densities: /

1 1 1 _
p(X‘Ck) — (27_‘_)1)/2 ‘2k‘1/2 eXp{§(X o I”Lk)Tzk 1(X R ll’k)}

» Assume shared covariance matrix; 2 = Z
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» K=2 classes: p(Ci]x) = = o(a)
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»  Generalized Linear Model: p(C}|x) = o(w’x + wyp)
W= Z_ll(lﬁ — i) | (e cision Ra W)
Wop = — 5”1 2

Machine Learning 1 5




Examgge Linear Dlscrlmlnant Analysis for K=2
QLY o(\Cs)  Ppotenns PCCiIx )=6(a) =4
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Figure: Left: class conditional densities p(x | Ck). Right: posterior
P(C1lx) as sigmoid of linear function of x. (Bishop 4.9)
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Linear Discriminant Analysis: General K

» Gaussian Class- Condltlonal densmes & fixed covariance:

PXICH) = o s P O ) TE T x- m)

Posterior distributions:

v

O lx) — _ SXPlak(x))
PP = S5 expla; ) ,
» ak(X) — W%X + WkO Wik = 2. /Ak

WEgo = - 7 /@kZV\/Ak r L o(C)

v

Decision boundary:

p(Ck|x) = p(Cj|x) —> OtLLCDC)—OLd' Cx )

If all covariance matrices are different 333 == 35, then
ai (x) will also contain quadratic terms in x

v
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Example: LDA and QDA
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Figure: Left: Gaussian class conditional densities p(x | Cx), red
and green have same covariance matrix. Right: posterior P(Ck Ix)
distributions (RGB vectors) and decision boundaries. (Bishop
4.9)
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