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So far in FoML

e What is ML and the learning paradigms

e Probability refresher

e MLE, MAP, and fully Bayesian treatment

e Linear Regression with basis functions - regularization & model
selection

e Bios-Variance Decomposition/Tradeoff (Bayesian Regression)

e Decision Theory - three broad classification strategies
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Probabilistic Generative Models
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Probabilistic Generative Models (K=2)

e Goalis to recover

(@)

Class conditional densities -
Prior densities -
— Joint distribution -

— Posterior distribution

p(Cilx) =

YRG! |y 2evmEe
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Probabilistic Generative Models (K=2)

p(x|C1)p(Cy)
PG = SRR + p(xIC)p(Ca)
1
= — O _ p(x|C1)p(C1)
1 + exp(—a) (@) a=ln p(x|C2)p(C2)

Logit function (log odds)

@ )°

[ 2rS80H 30385 dapd %0y TrETERE I. I L
TR senfiast <ver tevmEe Data-driven Intelligence

| | Indian Institute of Technology Hyderabad & Learning Lab




Logistic Sigmoid

=

/
-6 -4 A o0 2 4 6
e S-shaped o(—a)=1-—o0(a)

e Squashing function
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Probabilistic Generative Models (K>2)

e For multiple classes

p(Cklx) =

Normalized exponential (multiclass generalization of sigmoid)

Also, known as ‘softmax’ jo L
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et's choose specific forms for the
class conditional densities
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Class conditional densities: Continuous i/p

e Gaussian class conditional densities

1 1

p(x|Cx) = (27)D/2 [Z[1/2 €Xp {—%(x — )BT (x - Mk)}

e Assume shared covariance matrix
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Class conditional densities: Continuous i/p

e 2 classes case

p(C1/x) =
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Class conditional densities: Continuous i/p

e 2 classes case
e Shared covariance — Linear Discriminant and Generalized linear

model

wo= Iy — py)

_ l ra-1 |, P(Cl)
Wy = 2/"’1 Z ”’1 T 2/“’22 ”’2 5 111 p(c2)
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Class conditional densities: Continuous i/p

0.8 -
0.6 4

0.4 -

| B 0

Left: Gaussian class conditional densities Right: Posterior Probability for the Red class (logistic sigmoid of a linear function
of i/p x)
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Class conditional densities: Continuous i/p

e General case (K>2)

wy = X 'u,

1

Wgo = —Qﬂgz_lﬂk'an(Ck)
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Class conditional densities: Continuous i/p

General case (K>2)
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Left: Gaussian class conditional densities (G and R have same covariance but B different) Right: Posterior Probabilities for
the all the classes (corresponding RGB vector components)
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Maximum Likelihood
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LDA: MLE for K=2

e Datasetiinput X = {xl, " ,XN}

Binary targets ¢t = {tl, -+ YN }
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LDA: MLE for K=2

e Gaussian conditional densities &) = 55557 exp{%(x—uk)Tﬁ_l(x—ﬂk)}
e Use MLE to estimate

o u,X,and priors p(C,)
e Denote the priors with  and 1-x

Forx witht =1 P(Xn, Cl) —

For x_ witht =0: p(Xp, C3) =

o]
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LDA: MLE for K=2

The likelihood is given by (assuming iid datq)

X N
P(t|, pa1, 1, B) = [ PN el D)) [(1 = m)N (12, B)) 0
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LDA: MLE for K=2

Consider the log likelihood

N
Inp(t, X/, u1, po, X) = Z tolnm 4+ t, InN(x,/p1, X)+

n=1

(1—ty)In(1—7)+ (1 —t,) InN(x,/ 12, %)
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LDA: MLE for K=2
Inp(t,X/m, p1, p2, X) = Ztn In7 +t, In N (x,,/p1, )+

Estimate for x a1
(1—t,)In(1—7)+ (1 —t,) InN(xp/ /12, %)
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LDA: MLE for K=2
Inp(t,X/m, p1, p2, X) = Ztn In7 +t, In N (x,,/p1, )+

Estimate for u -
1 (1—t,)In(1—7)+ (1 —t,) InN(xp/ /12, %)

1 N
" = Fl 2:1 tnXn
n=
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LDA: MLE for K=2
Inp(t,X/m, p1, p2, X) = Ztn In7 +t, In N (x,,/p1, )+

Estimate for u -
‘ (1—t,)In(1—7)+ (1 —t,) InN(xp/ /12, %)

1 N
2_FZ (1—ty)
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LDA: MLE for K=2
Inp(t,X/m, p1, p2, X) = Ztn In7 +t, In N (x,,/p1, )+

Estimaote for © —
(1—t,)In(1—7)+ (1 —t,) InN(xp/ /12, %)

+

N 1
XML = Wl [EZN 1tn (%n — pa, ML) (Xn — p1,mn)”

N.
N2 [N SN (1 —tn)(Xp — p2mrn) (%n — pomL)”

Weighted average of the sample covariances
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LDA: MLE for K=2

The ML solutions
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LDA: MLE for K=2

The posterior for a new data point X

p(C1/x") = o(wy X' +wo ML)

WML = EJ_\JlL (Hl,ML — ,U2,ML)

TML

_ 1, T -1 1.T -1
Wo,ML = _5#1,MLZML/~L1,ML + 5#2,MLZML/”L2,ML +In 1—7mr
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Next
PGM for discrete data
Discriminant Functions
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