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Classification Strategies

» Discriminant functions

F- ylx, w)

Direct mapping of input to target

»  Probabillistic discriminative models

Posterior class probabilities: PC C 18

» Probabilistic generative models © (X, o )

Class-conditional densities: \D( X ‘ Ek ) w

Prior class probabillities: P ( CLC >
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Logistic Regression for Two Classes

» Given: Dataset X = (xl,...,xN)T with binary targets
t = (t1,....tn)"  with ¢, € {C1,C} = {1,0}

» Basis functions ¢ = ¢(x) = (d.(x) , - , PmCE)
Po(x) =1

»  Probabilistic Discriminative Linear Models: posteriors p(Ck|®)
are nonlinear functions with a linear function of ¢ as input.

(eaes akse SHT MJ

» Logistic regression (K=2) ocC, 1) =l e

p(Cilp, w) = y(¢p) = o(w' @) }
p(Calpw) = 1~y(d) = ( —oC w )

p(tip, w) = g(gé)t(:-/gqﬁ))"b
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Logistic Regression for Two Classes

M
W, § e
» Logistic Regression: -

p(Cilp,w) =a(w' @)  p(C2lp,w)=1-0c(w" ¢)
# parameters: W /M /&\vw/t«q (/L/]/M/\ /V\

» (Gaussian conditional densities:

1 1 1 _
p(x|Cx) = (27)D/2 |2, [1/2 eXP{§(X — Mk)TZ 1(X — M)}

class priors p(C)

# parameters: /4 , 2 M

AAW\""C‘”LL& M/ZH/\ M
S ovemt 1
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Logistic Regression for Two Classes

» Given: Dataset X = (x7, ...,XN)T with binary targets
t = (t1,....tn)"1 with t, € {C1,C} = {1,0}

»  Conditional likelihood function:

N,
p(t| X, w) = jf}l_p(bm]&,lﬂjjf g (1=gx)

N >

= p(Cilg,) = SCwTh ) = Blxa)

Maximizing the conditional Ilkellhood/mlnlmlzmg the cross-entropy

5
W " Bw) =~ Inp(X, w) = - 2b lngn #1462 buliga)
&\N (w): convex, but no closed form solution!

&

Yn, = O(WTqbn) is nonlinear in w
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The cross-entropy l0ss £, =10 + (1 = fin( -

\-1n(y) / -In(1 —y)

-In(1 — o(w! ¢hy))

0.4 0.6

y=ow'¢p) >
Mﬁ!b'ﬂaw boundt wx
Least squares outlier problem T

does not take place with 2|
logistic regression of SE X

o
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Classification with Logistic Regression
» Dataset: X = (xl,...,xN)T with targets
t = (ti,.,tn)" with t, € {C1,Co} = {1,0}
» Basis functions ¢(x) = (¢o(x), ..., drr—1(x))"
» Posterior distributions: p(C1|x, w) = o(w' ¢(x))

N
» Minimize E(w) =—Inp(t|X,w) = — Z tn Iny, + (1 —t,) In(1 —y,)

n=1
with stochastic gradient descent or iterative reweighted least
squares, to find w* (|, b Gloless )

» New datapoint x’ is assigned to class Ci if .

Pl W) =a(w)Tex) > L w0 >

»  Decision boundaries: —~
w * q‘» Lx) = o
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