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| 0ss function example

0 ifd=6¢€{0,1}
€(0,0) =96 ifé=1,0=0
by ifo=0,0=1
What act is appropriate?

e Given multiple priors of sufficient evidence, agreement with the data

e \Vith or without confidence sets



Adeqguate models have
sufficient evidence

fu(x) ) fur (2]0) mar (6) dO

B(M;m) B fﬂM( ) ffl\/[ $|9 ﬁM( )d(g

w (M) =log B (M:;x)

M(a)={M eM:w(M) > a}



Assessing multiple models

" All models ™

/ Models in conflict with the data

Adequate models
(models of sufficient
evidential support)



Decisions under robust

Bayes rules

applied to models of sufficient evidence

. 1 Adequate 1§
i posteriors ] ™y

Adequate

models
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{ Robust Bayes acts: |

> { Bayes act }




Bayesian model assessment

‘ Does the prior or parametric family conflict with the data? |
L e Yes, if it has low evidential support compared to alternatives |
¢ o Measures of support satistying the criteria of Bickel, {
: International Statistical Review 81, 188-206:
‘ e | ikelihood ratio (limited to comparing two simple models) i
! e Bayes factor

/ e Penalized likelihood ratio

NoO Yes

: Change the model |
. [0 an adequate model, a %
{ model of sufficient support |

'_{ Use the model to take Bayes act ‘ 
| (minimize posterior expected loss) §
§ even if other models are adequate §




Decisions under the entropy-maximizing
Bayesian model of sufficient evidence
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& posteriors §
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Bickel, International Journal of Approximate Reasoning 66, 53-72
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Posterior distributions of the parameter
e Set P of adequate posterior distributions on (0, A)

o Subjective interpretation: interval levels of belief

o Objective interpretation: physical constraints

e Set P of confidence distributions

o Confidence distribution P on (0, A)



Information theory

e Information divergence of P with respect to @) on (0, A):
P<Q = I(P||Q)= [dPlog (%)
P&£Q = I(P||Q) =00

e Inferential gain of Q relative to P given P:

(PP~ Q) =1(PIIP)—1(PlQ)

e Subset P (P) = {P cP:1 (P||P) < oo} of Bayes posteriors



Game theory
e The inferential gain of ) is 1 (P||P ~ Q) =1 (P||P) —1 (P||Q)

e The blended posterior distribution P is defined by this game:

A

infpep(p) I (P||P ~ P) = SUpPgep infpep(p) I (P||P " Q).

o If/ (P||P> < oo for some P € P and if P (P) is convex,
then / (f’HP) = infpe,p(jj) / (P||P>

o F. Topsoe, Kybernetika 15 (1979), 8-27; P. Harremoés and F.
Topsee, Entropy 3 (2001), 191-226; F. Topsee, in Entropy,

Search, Complexity (Springer, 2007), 179-207



Decisions under the entropy-maximizing
Bayesian model of sufficient evidence
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Decisions under entropy-based pool

Ng of

Bayesian model of sufficient evider
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Bickel, International Journal of Approximate Reasoning 66, 53-72




I'he three players

e Combiner is you, the statistician who combines
the candidate distributions

e Goal 1: minimize error; Goal 2: beat Chooser

e Chooser is the imaginary statistician who instead
chooses a single candidate distribution

e Goal 1: minimize error; Goal 2: beat Combiner

e Nature picks the true distribution among those
that are plausible in order to help Chooser




Information game

e [nformation divergence and inferential gain:
dP
D (PHQ) — fdP (5) log dQEg
D (P'||P" — Q) =D (P"||P") — D (P")|Q)
e Utility paid to Statistician 2 (Combiner or Chooser):

U (P,Pl,PQ) - (—D (P||P2) Ky (PHP1 5 Pg))

e Reduction to game of Combiner v. Nature-Chooser Coalition:

P* = arginfgsupp D (P'||Q)

Ho " ewp




{ Robust Bayes acts: |

{ Adequate §p~d S\ }° E-admissible
& posteriors {3 o}
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models
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i * M-minimax  }
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