Some Conjugate Distributions
(for continuous random variables)
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Let the data be D = (x1,...,xz,).
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Prior:

(e, A) ~ NG (o, ko, v, o)

de _
=2 n(plpo, (koX) 1) Ga(Mag, rate = By)
Posterior:
ﬂ-(:uv >‘|D) = NG([% /\|Mn7 kna O, Bn)7
where ke 4
nT
n — %7 kn:k0+n7 Oén:Oé0+n/2,
and
- 2, Kon(z — po)?
L= o+ 172 (0 — @) 4 Rt OD
Bn=0+1/ Zzl(x z) 20k T 1)
Posterior Predictive: Bk )
n n —|—
p(x|D) = taa, (] fin, W)-

i known, A = 072 unknown
Likelihood:
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Posterior Predictive:
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Multivariate ; unknown, > known

Likelihood: .
p(Dlp, T) o< n(Z|p, ~X)
Prior:
() ~ n( o, Xo)
Posterior:
m(pu| D, ) ~ n(pin, Xn),
where

= Su(nE7'Z 4+ S5 o), Bn = (Sgt + 02

Posterior Predictive:
(x| D) = n(x|pn, X+ X,).

Standard Distributions
Gamma;

/BO&
[(a)
Ga(zx|shape = «a, scale = ) = mx“_lexp{—x/ﬁ}

Using rate parameterization, mean=a/ 3, mode=(a—1)/f for « > 1 and variance=ca/ 3.

Ga(x|shape = a,rate = ) = v texp{—xp},z, 0,8 >0

If X ~ Ga(shape = a,rate = ) and Y = 1/X then Y ~ IG(shape = «, scale =
B), where
IG(x|shape = «, scale = ) = %x_(aﬂ)exp{—ﬁ/x}, x,a, 3 >0,
o

and mean=03/(a—1), a > 1, mode=83/(a+1), variance=£%/[(a—1)*(a —2)], a > 2.

1

IG(shape = a,rate = f) = T (a)

v Weap{—1/(Bz)}, z, 0,8 > 0.




Scaled-Inverse-Chi-Squared distribution:

afno?) = L (Y2 ey 2Ty 4 s
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= IG(shape = v/2, scale = vo?/2).

Generalized t-Distribution:

1 /o— o7 (v+1)/2
1+—< ,u)] . v>0,02>0,

to(z|p, o) =
(z|p,0%) = ¢ - —

where

T(v/2+1/2) 1
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mean=y, v > 1, mode=p and variance=vo?/(v —2), v > 2. If x ~ t,(u,0?) then
(@ —p)fo~ty.

It can be shown that the ¢-distribution is like an infinite sum of Gaussians with
different precisions:

p(x|p, a, B) = /n(me_l)Ga(T\a,rate = B)dr

= too (|, B/x).

Multivariate t-distribution in d-dimensions:

T(v/2 +d/2) |27/ 1 S e
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where mean=g, v > 1, mode=p and covariance(r) = %53, for v > 2.

ty(lp, %) =

If Y ~ t(p, 2, v) then marginals are Y; ~ t(u;, Xy, v) and if Y = (Y7,Y3) then
conditioned distribution is

Yilya ~ t(paj2, Xij, v + di),
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where
fiae = 1 + S12355 (32 — p2),
Y = hip (211 - E1222_212{2) )
and
hyj2 =

v+ dy [l/ + <y2 - MZ)T2521(y2 - N2>] .

We can sample y ~ t(u, ¥, v) by sampling x ~ ¢(0,1,v) and transforming by
y =+ Rz where R = chol(X) such that RTR = ¥..
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