
Lecture6113 : Generative Models so far

train P(X) = density/curre(paran] fit te datax. (Sepfor)
P(Y)- P()

predict p(s(X) = P(X)

· For eachY P(y) =W(X(m)= Gaups DA

· For each y P(X(Y) = P(ct2 --1)
= P(x1(4) · P(x*Y) ... - P(t"() =>NaiveBayes
T Belief Network

· Not-So-Naive : group features that
are very dependent
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= P(x) · " E) · PEAEY, x) · P(XPAY)
Zaim

1-dim zdimEr



MIXT Of GAUSSIANS CGMML

-

n



GMM = wim() +waWall +WiN k=3
-

I Il

⑳ generative process 8 assume that datapoint& is generated-
Il other datapoints , in 2 steps.#indep of a

1) select one comp(gauss) with fix probab Welwelws-
generator Nr (Mr ,Ein)

Xi from Nr density (D-dim).2)sam
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· Think of K-means (hard) and soft-kneams mechanis
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= generated by Nr
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Rapfor intuition : Kmeansestenup algorithm.
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- Estep Mater (same) proportion
Score = probability ! Mr=it
-dist

reg output
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E · Mr
O Ne NK= EC#points)

- in duster kxi) disti d(xi , Mr)
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As normalized
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fix datapoint Xi dist Hikdistribution
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· parts of Xi distributed -Xi . Hir which generater Mr
· which duster/group isin produced datap Xi
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Iobserved datap Xi (model thelik = probab of source/generator K for- evidence)
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Wyz prob of source/gen K in general (pror) given Xi

M Step
Estep zob of Xi -I generated calculate param /Mr,Sin ,WK)calculate Fin given

8 by comp-k
memberships Tik

k=1:
params (Mr ,Ein,NK)k=1: given

CTikT=
Hir = pr/K source generated) · Loglikelihood (data)=(((x)
=pr(k(xi) = ) ·Fok) ↑

&- ·take expectation Writtik

NilEin)· ECLL(A] [IL(X)constrain
I 6 · take differentials Withfirst
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-



Likelihood /datax)=()=(ii) ·Te-

i= 1 Ruinc filter↳liklikolik)) +(w)

TOO HARD To optimize! [EogLikelihood] w . r .t . Hin

LpNM)
↓

Nr(XilNuEin) = Rexp-z(-MrEin (im]
D-dim gauss
①wire for Mr : log (N(xilMa,Ein))=
↓
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Glog (Nu))
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⑮ Opoint
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Zim only k term
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=> Mr= Aug .
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③ diff wirt WK = mixture coef constrat w ,twiths=-
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