Inkreduchon to Generabive Moadels

The wmodels inbtroduced in this covrse <o ch aore so-called discriminatve
mwoolels

— e.g Los\‘s\-\'c regress(on, SYM, Decision trees, Randlom Forests

— The7 are o\esianedl to learn fom date how 1o Pfeo\\'c\: bhe aul—Pu?:
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— 'ﬂ'\ey are alse called conditional wmodels

— They aim ‘o model \9(7\7_()
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. Probabilishe motations 'FGT Senera\'ive odels : P(Z&, v @-> > PG(D‘(’V)

— The models dePend vpon some learnable Pov‘ame{'@‘f' Q
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e Can caenera’riVe modele alse Fred{c’c Yhe output ¥ 8\'ven an \’nPui' 5?

— Yes, we will need to oblmin the condibinal diskribution p(y[x)

feom F(Z,V) Using Pmbabi\i{-y H'\eovy

. We will demenstrate 4his 1dea using %enero’dve Qoavssian mixture

wmodel (GMM) — applicable to both
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Glaussian Mixture Model (\Cor c\ass(%‘cah’on)

Consider o classificabion P’(‘O\olem
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— X s mumervical and N \s a ca’ce%orfco\ variable
GMM a‘c'temPl-s o wodel P(Z,y) s join’c distribution of x and Yy
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SuPez’vised Leavnin% of GMM

e The unknown Fawcxme\-ef‘s 0{: GMM  that ove to be learned &om dato. arve
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It is due ‘o the %eherq{‘\'ve nature of the model that we maximice Yhe Sc,;n-[-

distribution (and vot Hhe conditional distribution p(Yl %) as in discriminative moo\eis)



The \oa- likelihood could

la p (iam, 7(:)}:, \ §>

be wrillen as:
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One could Purther expand the expression for each class value
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* It hwns out that the oabove OPF\mizaHo\r\ P‘rob\em has CLOSED -FORM solution
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Discriminant Analysis

* We have mow learned the GMM p(X,y) 3enerq1-|‘ve madel , where X s numerical

ond Yy is ca{'eaorica\

* How to ID‘red\'C’r the ou{?uf label %'\ven new inFuI'S Usin% GMM ?

— By Usin% condibona) dishibution PCYIE)

e Fvyom Fro\oabilily 'l'heory, we have
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called the
predichve diskibubon

* Thecefore, we get a GMM clacsifier (och‘na now as a disecriminative mode\)




GMM  classifier class probabiliby predichon
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One can gleo oblain the decision boordaries of the GMM clossifier

YT = org mex {10 fio v Ao (27 émiw)}
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leads Yo
{O%OV('\‘hm of Qoavesian Adiskribution > Quadrahe decision beundaries

A (- pn) Zh (x-pw) Therefore, a GMM  classification

is called Quodvatc Discriminant

Quodvabic in natuve Ana\\/sis <QDA>
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Tllusbration oF QDA <GMM c\oxs.si{l\'er> b M=23 classes
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