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Congratulations

Congratulations toLuc and Tom for two exciting talks that
give us all a lot to think about Objective Bayesian methods in
mathematically tractablebut scienti�cally fascinatingproblems.

Allotted discussion time (10 min) is too short for a full
discussion of what they did with focused questions and jokes,
so you get lists instead.

Let's start with Luc Demortier,
Search Procedures in High Energy Physics.
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Search Procedures, byLuc Demortier

Linear regression: Observe Yi � No
�
Xi � + �; � 2�

, i 2 I .

Linear-linkPoisson regression: Ni � Po
�

Xi � + �
�

, i 2 I .

Q: How many locationsjI j? One!

Leading to the nonidenti�ableSingle Count Model:

N � Po
�
� � + �

�

where we: observe count N
infer cross section �
prior info e�ective luminosity �

background contamination �
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Single-Count Model

N � Po
�

� � + �
�

Reference Priorfor � (conditional on� , � ) ambiguous!
And possiblyimproper!

Goal ofproper posteriornot ambitious enough!

+ LD: Je�reys' (also Info) invariant under:� 7! � c, � 7! � =c

Any way to apply this insight more generally?

� AssumptionPrior Indepfor � , � seemsdangerous:

Units? Evidently� , � are / 1=t in units of

+ Correlatedf � i ; � i g| AR(1)? Spatial models?
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Conclusions

Wonderful talk, great example| thinking harder about
Po

�
� � + �

�
can help advance Reference O.B. agenda.

+ Relax about \possible objection" to conditional
approach| loss `(�; � 0) alwaysdepends on�

+ Very nice characterization of distinctions among
ZBRC, ZHPD , ZPP measures of evidence.

Thanks, Luc Demortier!

Now for Tom Loredo,
Bayesian Adaptive Exploration.
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Bayesian Adaptive Exploration, byTom Loredo

+ Great talk| fun ideas, interesting statistics

+ Refreshinglyliterate, clear, understated, & open

+ Cool idea:Interim analysisusinginterim priors

� Uhoh idea:\Good" starting valuesfor MCMC

+ Cool idea:Bayesian Designto optimize resource allocation

+ Cool idea:Mixture of Skewedt 's to �t data ( LARK)

; ) \ Smorgasbord" e�ect|
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Questions...

- Moons| any chance/need to detect (eventually)?

- Selection e�ectsare hideous| any hope?

Pose inverse problem? Small-area exhaustive survey?

- Who decideswhat instruments & satellites to build?
Any role forO-Bayesian contribution?

- Can youcouplei = 0 and i = 1 (and maybei = 2)?
Population MCwith cloud of marked(sub-pop) points?

- Some claim our stellar & planetary evol models are na•�ve,
based onn = 1 datum| any statistical issues?

- Much of analysis based onK-L (entropy), not real loss.
Does it matter? Can you quantify?
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Thanks!

Thanks to|

Luc Demortier& Tom Loredo(for great talks);

Organizers(for inviting me!);

You (for your attention and interest).

Confession...
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