
Summary of conjugate Priors
-

Assume Xi ly , or n NCM ,
T) are i. i. d .

Priorfo MI o' - N(p, 29 where 22 possibly function of Tpo-mlxr.xn.oi-Nfaknz.IE?5-,Yn-#steriorforp:q
Prior for T : SotngM ly r XI (no possibly o)T.Exi-DZ-so-n.CM/x....xa.y-X#steriorf+n



Posterior form and T : plan N(p,%) -

E.- x: /⇒7sI! - tie.sotnjn.IE/pnXIotip.,.e.,..g..,an,....q...x,.qgq.
K e n t ko

p
'
=

noB thx
Ino S . Ski -I)

'

pl = No t n

s
'
= St So + hop

'

+ next
- rip ' '



The Beta density :

-
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what is an appropriate prior on p ?

" times

consider Bayes rule .
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A density of the form
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The Beta density is appropriate for modeling prior on probability
By changing a and p , we can achieve different shapes .
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Example : Given a bin with red and black balls
,

-

the prob . of red is p , but p is unknown -

we repeatedly pick balls with replacement -
Assume uniform prior on p .

What is the posterior density of p after observing at reds
and p - t blacks ? [n= a- Itp - I - atp -2)
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Posetenor for p is Beta (x , p)



observation posterior
-

4=1 f- I f-(p) -- I

4=2 f- I f-(p)- ep

2=2 f-2 f-(p) -- 6pA -p)

4=3 feel Ffp) - 3102
x= 3 f- 2 Ffp)= 121041-p)
2=3 f- 3 Ffp) -- 301024 - p)

'

When both x and p are large , ffp) will look like ,
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what :::::i÷:::"nwill rise tomorrow ?

How to model this ?
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Interpretations since we have k successes , we think

p = In . In fact this is the maximum likelihood
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•
But what if Ken , then pet is not a satisfying
answer. Typically , we add a pseudocovnt to avoid Zero .

K ← K t a

n - K ← n - k t b ¥ p= nkI÷,n ← n t at b

• The pseudo courts reflect some ''

prior
"

belief . For
instance if we believe peas, we can make a-b large .

Then k and he will not be able to skew this belief .

• Laplace 's approach is somewhat equivalent to a
pseudo count of a -- b- I , but it's conceptually cleaner .
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