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Probabilistic Models

e Rating matrix A= UV, let [; be the indicator,

M N p
p(AIU, V) = [T T] (W (431U \/J-T,a‘l))’"

i=1j=1
M

p(Ulaw) = [T N (Uil0, a3t 1)
i=1
N

p(Viav) = [TV (Vj[0. ay')
j=1

o Log-posterior,

log p(U, V|A, a, ay, oy) = log p(A|U, V, &) +log p(U|ay ) +log p(V |y )
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Probabilistic Models

@ The negative log-posterior is equivalent to

AU v
E(U,V) = ZZ/U i = UV + NI+ SIVIR
i=1j=1
and >\U = au/a, and )\V = av/a

o Complexity control done by selecting Ay and Ay using
cross-validation for example

@ Use prior of the hyper-parameters oy, ay, « and jointly optimize all
parameters

@ User evidence function p(R|ay, ay, a)
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Full Bayesian Models

@ Models for user and item profiles,

M

p(Ulnu, Au) = [T N (Uil w, A
i=1

N

p(Vinv. Av) = TTN (Vilnv. AV)
j=1

o Gassian-Wishart priors on hyper-parameters ©y = (uy,Ay) and
Ov = (uv,Av),

p(©ul©0) = p(rulAu)p(Au) = N (puluo, (BoAu) Y)W (Au| W, o)

with ©¢ = (o, Bo, Wo, v0)
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Predictive Distribution

@ Integrate out parameters and hyper-parameters,
p(A11A.€0) = [ p(4;1U. V)dp(U, V. @y, ©V|A, B)

@ Monte Carlo methods,

1 n
p(Aij|R,©0) = - > p(Aj|UX, VK
k=1

(UK, VK ©k,0%) ~ p(U,V,0y,0v|A,0y), k=1,...,n
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Gibbs Sampling

@ Cycle through the variables, sampling each one from its distribution
conditional on the current values of all other variables

p(U, V,0y,0v|A,O0) ~ p(AlU, V,a)p(U[Oy)p(VIOv)x
xp(©u|©0)p(Ov|©o)

o Conditional probability,

N
I
p(UIA, V,0u,0) ~ T] (M(A31 UV} ™))" p(Uilius Av)
j=1
= N(Uilui, (Ngi) ™)
Using the technique of completing the squares,

N
Ny =Ny +ad (V)
j=1
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Gibbs Sampling

@ Using the technique of completing the squares,

N
ui =N+ OéZ(VjVjT)l’j
j=1

= (No) | @D (R V) + Aupy

° p(@U|U7 e0)
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Gibbs Sampling: Algorithm

Gibbs sampling for Bayesian PMF

1. Initialize model parameters {U',V'}

2. For t=1,...,T

e Sample the hyperparameters
(Eq. 14):

(_)%J ~ p(@U‘Ut, @0)
6){/ ~ p((__)v‘vt, @0)

e For each ¢ = 1,..., N sample user features in
parallel (Eq. 11):

U ~p(UilR, V", ©1)

e For each ¢ = 1, ..., M sample movie features in
parallel:

Vit ~p(VilR, U, OY)

k3
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Netflix Results
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Netflix Results
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