Chapter 21: Variational inference



THAT WAS SURPRISINGLY
EASY. HOW COME THE
ROBOTIC UPRISING LUSED
SPEARS AND ROCKS
INSTEAD OF MISSILES
AND LASERS”

IF YOU LOOK TO
HISTORICAL DATA,
THE VAST MAJORITY
OF BATTLE-WINNERS
VSED PRE-MODERN
WEAPONRY.

Thanks to machine-learning algorithms,
the robot apocalypse was short-lived.
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Variational inference objective function

J(q) = KL(q||p)

= ) q(x)log atx)

p(x)

S
N
R
A —

|

X

q(x)
> q(x)log 70 ()

X

Z q(x) log q*(x) log Z

- p*(x)
= KL (q||p*) —logZ




Exercise

Show how to apply Gibbs sampling to a univariate
mixture of Gaussians.



Exercise

Suppose x; € {—1,+1}
and o(xs, ) = exp(Jxsxy)

Derive an expression for p(x;|z_;)
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Forwards vs reverse KL




Interpreting the variational objective

J(q) = KL (q|[p*) —log Z > —log Z = —log p(D)

J(q) = Eq[logq(x)—logp(x)p(D|x)]
log q(x) — log p(x) — log p(D|x)]
—log p(D|x)| + KL (¢(x)||p(x))
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Mean field inference

p*(X) :P*(wlaiﬁ'%l‘s)
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Mean field update
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Example: Mean field inference for the Ising
model
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p(y|x) = Hp (yilzi)



Example: Mean field inference for the Ising

model
1 D
p(x) = ZGXP(—EO(X)) Ey(x) = —Y: S: Wijxix;
1=1 jEnbr;

p(ylx) = Hp (yilzi) = eXp(Z —Li(x;))

1

p(xly) = Eexp(—E(X)) E(x) = Eo(x)—ZLz'(fcz')

logp(x) = x; Z Wijx; + Li(x;) + const
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qi(x;) o< exp (CBz Z Wi + Lz’(fb‘i))
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Example: Mean field inference for the Ising
model
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Review: belief propagation




Loopy belief propagation for pairwise MRFs

Algorithm 22.1: Loopy beliet propagation for a pairwise MRF

1 Input: node potentials 1/s(xs), edge potentials 1s¢ (s, x¢);
2 Initialize messages ms_,+(z¢) = 1 for all edges s — t;

3 Initialize beliefs belg(xs) = 1 for all nodes s;

4 repeat

5 Send message on each edge

Maost(@) = o, (Vo(@)but (@0,00) Tucabe, e Muss(@s) )

6 Update belief of each node bels(zs) oc ¥s(zs) [ [;cnpe. mt—s(Ts);

7 until beliefs don’t change significantly;
8 Return marginal beliefs bel,(z);




Loopy belief propagation for pairwise MRFs



Factor graphs




Factor graphs

@ @ plz1) p(x2)
hoy

@ p(xs|Ty, 22)
P\T5|T;




Loopy belief propagation for factor graphs

mx%f(x) = H Mh—s2(T)
henbr(z)\{f}

misa(z)=> fl@,y)  J[  mysr®)

y yenbr(f)\{z}




Exercise: Convert the following probabillistic
models to factor graphs



Loopy belief propagation: practical notes



