Logistic Regression
A brief tutorial
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@ Counterpart of Linear Regression

@ Basic model for Classification

@ Logistic: Uses the logit function

@ Regression: Predicts the probability of an outcome
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Parameters
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Logistic Regression Model

Modeling of log of odds ratio
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Training

Cost function

==> y'In(P(y' =1x")) + (1 = y)In(1 = P(y' = 0|x"))

I
o lfyl =1

In(P(y' = 1]x')) 2ItH3t5ts w
o lfy/=0

In(1 — P(y' =0|x))2 z|tj3l5t= w
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Gradient Descent (because not strictly convex)
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o P(y! =11x) = ;&5

OP(yIZO|XI):1+e:/7TX+b
Example:

()
@ X = 1
o w= 3
-\ 7

e b=1

e P(y'=1|x) = 1+63_00474

e P(y'=0/x) = 1+63—0953

Thus, x; is classified as y/ = 0
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Maximum Likelihood

Bayes’ formula

Posterior = likelihood x prior

evidence (1)
(xly) = PP % PKY)
P(y)
Assuming i.i.d
likelihood(w H P(Y' = yilx', w)

I(w) = —'nHP ' = yilx', w)
!

2
= InPy' = ylx') @
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Maximum Entropy

°
P(y = scissors) = 33%
P(y = rock) = 33%
P(y = paper) = 33%
°

P(y = scissors) = 98%
P(y = rock) = 1%
P(y = paper) = 1%

Entropy : H = —>_; pilog, pi
Conditional Entropy : H(y|x) = —3>_, , b(x)p(y|x) log p(y|x)
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Maximum Entropy Model

Logistic Regression is equivalent to the basic Maximum
Entropy model

(P, A7) (Zp x)p(y|x)log p(V!X))
(ZA > PPy X)X, y) = Blx, y)fi(x, y))
+7 (1 - ZP(}/M)
y
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Maximum Entropy Model

Primal Function

p(yIx) = exp (Z_ A,-f,-(x,y)) exp (—pgx) - 1)
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Naive Bayes

Naive Bayes (Generative) vs Logistic Regression
(Discriminative)
@ Discriminative:
argmaxyp(y|x)

@ Generative:
argmaxyp(x|y)p(y)

P(x1, %, ... xaly) = [ ] P(xly)
i
y + argmaxy (P(Y = y) [ POlY = Yk)>



Maximum Entropy Model
Naive Bayes

Derivatives CRF

Naive Bayes

Assuming a Gaussian Naive Bayes with parameters p, oﬁ(, Tk

P(Y = 1)P(X]Y = 1)

P(Y =1|X) = P(Y =1)P(X|Y = 1)+ P(Y = 0)P(X|Y = 0)

1
1+exp<|n( )+ Y (x“'o it +“”U“'°))

Equivalent model assuming
@ Infinite i.i.d data
@ Naive bayes assumption

P(Y =1]X) =
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Basic equation

Definition of psi

Wa(Xa,Ya) =exp (Z 0 Ak Fak (X A, .VA)>
P

HMM implementation of CRF

Py x)=exp{ 5, (X1 jes g =iy NPV -1+ Eies Soco Txp=oTy=iInpxily)) }
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