Noda _
4 F\égn-%wm\k Model (e Bineny 442)
_ (((Q\I\\QJV MoJet ({w muuidass C(GS}B

o No"qﬁ Qc\ae% C(a&si{}ev

'QL om - é \C lS‘V\ \M?Dy gg S

L SPam

P \ ‘\ *) .
‘\F\A Ml\‘)g ’\&ae( —_— >{9.! 0 o) \ S ?S

Cop
Leds meed 5“@ dbes, ° 2) Cu‘&&'j O? [e\\x"ao( éxamp\eg
(b\,cl\, (bz,cz\ - - - (bn C.,.\

= (WL
mee 1

\f‘& \ e""\lf\‘ _:Lbaa o% QQVAS'

?D new e,\,\a'\\ Fb

:B D(&P“:\- = AISL\ ouey C(bx



the Beta distribution

Beta distribution
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Beta-Bernoulli prior and updates

e data D ={Xq,X,...,X,} € {0,1}", contains N; ones and Ny zeros
model M: X; are generated i.i.d. from a Ber(6) distribution

prior parameters: (hyperparameters)

then via Bayesian update we get P[G\b\ = ) (81D P(SB



the Beta distribution: getting familiar

Beta(a, 3) distribution
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the Beta distribution: mean and mode

Beta(a, 3) distribution
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Beta-Bernoulli model: what should we report?

e data D = {X1,X,...,X,} € {0,1}", contains N; ones and Ny zeros
e model M: X; are generated i.i.d. from a Ber(#) distribution

e prior: @, [ posterior: p(6|D) ~ Beta(a+ Ny, 5+ Nop)
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decision theory
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decision theory in a nutshell

Bayesian decision theory in learning

given prior F on 6, choose ‘action’ 0 to

examples

given prior F on X, choose ‘action’ a € A to minimize loss, i.e.



Beta-Bernoulli model: posterior mean

e data D = {X1,X,...,X,} € {0,1}", contains N; ones and Ny zeros
e model M: X; are generated i.i.d. from a Ber(#) distribution
e prior: posterior: p(6|D) ~ Beta(a+ Ny, 5+ Nop)
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Beta-Bernoulli model: posterior mode ( )

e data D = {X1,X,...,X,} € {0,1}", contains N; ones and Ny zeros
e model M: X; are generated i.i.d. from a Ber(#) distribution
e prior: posterior: p(6|D) ~ Beta(a+ Ny, 5+ Nop)
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Beta-Bernoulli model: posterior prediction (

e data D = {X1,X,...,X,} € {0,1}", contains N; ones and Ny zeros
e model M: X; are generated i.i.d. from a Ber(#) distribution
e prior: posterior: p(6|D) ~ Beta(a+ Ny, 5+ Nop)

posterior prediction: P[X = 1/D] = j P(@‘b\ @ c‘@
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the black swan
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summarizing the posterior

model M+ prior p(©)+ data D =
summarizing p(©|D)

e posterior mean
e posterior mode (or estimate)
e posterior median

. . given § > 0, want (Yo, ug) s.t.
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marginal likelihood (evidence)

e data D = {X1,X,...,X,} € {0,1}", contains N; ones and Ny zeros
e model M: X; are generated i.i.d. from a Ber(#) distribution

marginal likelihood

p(0)p(D|0)  prior x likelihood
p(D) = = .
p(0|D) posterior
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multiclass data

e data D ={X1,Xs,..., Xy} € {1,2,...,K}"
e for i € [K], data D contains N; copies of type i
e model M: X; generated i.i.d. from Multinomial(61,02,...,0k) distn



