Naive Bayes Recap...

Optimal Classifier:  f"(z) = arg max P(y|z)
d
NB Assumption:  P(X1..X4Y) = [[ P(X;]Y)
1=1

NB Classifier: 1

fnp(xz) = arg m,,?XH P(zi|ly) P(y)
Y=t

Assume parametric form for P(X.|Y) and P(Y)
— Estimate parameters using MLE/MAP and plug in



Gaussian Naive Bayes — An example

« Consider Boolean Y = Plays Basketball
« Consider continuous X

« X, = Height

« X,=Age

Y argrr;z:x P(Y = yk)HP(Xi|Y = Yk)
i

 Assume P(Y=0)=P(Y=1)=0.5



Naive Bayes to Logistic Regression

ldea:

* Nalve Bayes allows computing P(Y|X) by
learning P(Y) and P(X]Y)

 Why not learn P(Y|X) directly?



» Consider learning f: X 2 Y, where
X is a vector of real-valued features, < X, ... X_ >
* Y is boolean
« assume all X, are conditionally independent given Y
* model P(X; | Y =y,) as Gaussian N(u,,0;)
» model P(Y) as Bernoulli (i)

* What does that imply about the form of P(Y|X)?

1

P(Y =1\ X =< Xq...X,, >) =
( | 1y Xn >) 1 + exp(wo + >2; w; X;)



Derive form for P(Y | X) for continuous X

P(Y = 1)P(X|Y = 1)
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P(X;|Y =0)
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Very convenient!

1

P(Y =1|X =< X1,..Xp >) =
| ! 1 + exp(wo + X ; w; X;)

implies

P(Y =0|X =< Xq1,..X;, >) =

implies
P(Y =0|X) -
P(Y =1|X)
implies

P(Y = 0|X)
n —
P(Y = 1/X)




Very convenient!

1
1+ exp(wo + > w; X;)

PlY =1|X =< Xq1,..Xp, >) =

implies

P(Y =0|X =< Xq1,...X, >) = exp(wo + >; w;i X;)

1+ exp(wo + 3; w;i X;)
implies
igj - g:ii et z’: o linear
/ classification
implies P(Y = 0|X) rule!
"Py=1x) 0T Zi:“’ixi



Logistic Function
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Logistic Regression — General Case

 Logistic regression when Y not boolean (but
still discrete-valued).

* Now y E{y, ...y} : learn R-1 sets of weights
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Training Logistic Regression : MCLE

* we have L training examples: {(Xl, Yl), . (XL, YL)}

« maximum likelihood estimate for parameters W
WL = arg max P(< XLyls < XEYES W)

—argmaxHP < X', Yl > |W)

e maximum condltlonal likelihood estimate

WucLe = arg max P(Y'|W, X')



Expressing Conditional Log Likelihood

(W) =InT[PY XL W) =
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Expressing Conditional Log Likelihood

1

P(Y=0/X.W) =
( l ) 1 4 exp(wo 4+ X, w; X;)

exp(wo + X; wi X;)

P(Y =1|X,W) =
( | ) 1 4+ exp(wo + 5, w; X;)
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Good news: [(W) is concave function of W
Bad news: no closed-form solution to maximize (W)



