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LDA: Maximum Likelihood for K=2

» Dataset: input X = (x1,...,xy)", binary targets ¢t = (t1,...,txy)"
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Use Maximum likelihood to estimate Mk, X2 and priors p(Ck)
Denote p(C1) =¢q and p(C2) =1 —gq
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For xn with th = 1: P(Xp, C1) = p(x,|C1)p(C1) = C] NV X Mf‘ 1 Z)

 For xo with tn = 0: p(Xn, Ca) = p(x,|Ca)p(Ca) = (19 N/ (x, | e =)
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LDA: Maximum Likelihood for K=2

» (Gaussian conditional densmes

PXICN) = s s Pl O )=k )

» Use Maximum likelihood to estimate tty, , 3 and priors p(C})

» Denote p(C1) =q and p(Cy) =1 —gq
»  Likelihood
p(t. X |q,py, o, 2) = Hp(xn ) = Hp(x | 2,)p(1,)
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LDA: Maximum Likelihood for K=2

» Likelihood
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» Log likelihood N
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» Estimate for q:
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LDA: Maximum Likelihood for K=2

» log likelihood:

N
Inp(t, X|q, py, po,3) = Ztn Ing +t, In N (xp|pq, )+

n=1

+ (1 —ty)In(1 —q) + (1 — t,) In N (x5, | o, )

» Estimate for 4
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LDA: Maximum Likelihood for K=2

» log likelihood: N
Inp(t, X|q, tq, tto, 2) = Ztn Ing+t, In N (x,|p, 2)+
n=1

+ (1 —tp)In(1 —q) + (1 — t,) In N (x| pto, X)
» Estimate for X2

9 o | N 1

o N 4 B T —1 B
o3 lnp(tax%lj’la/&z) o 9 ln‘2| 9 2 tn(X'n 11'1) > (Xn Il'l)
(/»?/"l OV\u/’) 1 = Twv—1
~ ¢ \IVO\J])C/J\NQ 9 Z(l —tn)(Xn — o) X (Xn — o) | =0
Qx\)\% X . n=1 2
1
M1, = N W, Z tn (Xn =ty 1) (Xn = By vn)
n—=1 <

N [T T )
2

| N | N, 712::1(1 —tn)(Xn — Hz,ML)(Xn — Hz,ML)T

Machine Learning 1 §



LDA: Maximum Likelihood for K=2

The ML solutions:
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For the joint probabilities:

px, C) = px|Cpp(C))
=N (X |ﬂ1,ML’ Z‘D dML

px, G) = px| G)p(C,)
=N (X|ﬂ2,MLazﬁb (1 = gmp)
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LDA: prediction for K=2

» For new datapoint x’:

p(Cilx") = o (Wyx' + wo )
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» Assign x’ to G if p(C’ﬂX’) > 5
» Disadvantage of LDA:
» Gaussian distribution is sensitive to outliers
» Linearity/handcrafted features restrict application

»  Maximum likelihood is prone to overtitting
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