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Bayes Best others

consistency v v
convergence rates optimal optimal
model selection ? v’ (disagreement remains )
use of prior knowledge v ?
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Bayes Best others

model selection ? today
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Bayesian model selection for finitely
parameterizable distributions

P(z) 2% X = {21 2}

_ |
unknown A or B?

e I

" Model family A A " Model family B A
Qa(z|a) Qp(z|B)
dima = K4 dim3 = Kp

\PA(O(), Pr(A) y - Pr(3), Pr(B) )
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Solution

For example, for model A:

P(X|A)Pr(A)
P(X) — P(X|A)Pr(A)+ P(X|B)Pr(B) = Z

P(A|X) =

P(X‘A) — /dOéPA(Oé) P(X‘Ot) ~ P(X’(XML) H(SO(MLH
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(See: Bayes factors, Occam factors; Jaynes 1968, 1979)
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Large /N expansion

Saddle point (large N) expansion is almost always valid.

(See: Schwartz 1978, MacKay 1992, Balasubramanian 1996)
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Conclusions

Bayesian inference penalizes for complexity (large K)

Fight between the goodness of fit and the complexity
selects an optimal model family.

This is a Bayesian analogue of the MDL principle.

Does this generalize to
infinite—dimensional models?
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Estimating density
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10

Estimating density

Standard setting Fisher—Wald setting
(solving IE) (minimizing risk)
= /.. Qz Q) = — [ log Q(a)dF ()

NZ%@ ﬂfz—t f Qz Rempi | = —2_;,1og Q(z:)

Both settings hypersensitive to fluctuations in F'(1).
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Finite Infinite
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8277_1
Pla) | PQlocexp|——— [du(@e)® |
smoothness penalty
spline prior of order 2n — 1

{A, KA} {é, 77(7)} — index continuum of families

Pr(A) Pr(¢,ne)

(See: Bialek, Callan, Strong, 1996)
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Quantum Field Theory analogy
Fix £ and n:

(Q(z)Q(z1) - - Q(an))°
Q1) -~ Qan))’

A —

Correlation function in a QFT

defined by P[Q]
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Explicit form of correlation functions

N
c.v. = [lPIT[ Q)
=l
B 1 s { 1 4 }
= /[dqb] %Ve ) /dwzge 1
€2 —1
Sl = - [ Aoy Y ol
action Tetic,term_/ 7

random potential
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