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parameterization it may be very informative

in another

Jeffreys principle



Ma plot plot My

0 in f plant

plolxi.nl pC 1x.in

Freysiprier Let be a random

variable that parameterizes another random

variable X Xn where Xi Xn
are iid The Jeffreys prior is

given by

p 012TH
I 101 E to



Claim The Jeffreys prior satisfies Jeffreys
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plugging I 10 back to our change of

variables we have
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which is the desired result

Calibrate a Prior using Moment Matching

The idea of moment matching is to calibrate

a prior distributions theoretical moments to
The moments provided by the domain expert
Solving a system of equations

Prior has its own parameters and
we want to estimate them
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Moment matching for only two moments
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The higher order terms will diminish in
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