Probabilistic Graphical Models
Lectures 23,24

Learning MRFs
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MRF Log-likelihood ° ° °
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MRF log-likelihood - Exponential form
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MRF log-likelihood - Exponential form
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Positive and Negative forces
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Log-linear models
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log-linear models ° ° e
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log-linear models ° G G




Example: Pairwise MRFs
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Example: Pairwise MRFs
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Example: Pairwise MRFs
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Example: Pairwise MRFs
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Optimize Log-linear models
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Learning MRFs, log-linear models
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Learning MRFs, log-linear models
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Learning MRFs - General Case
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Recap

F(X,0) = 6k fi(Xe,) X, C X
k

0 = %,
—00) =Y —F(X,0)—m> pe(X) =—F(X,0)
30,10 = GrF0) —m S pal) g

0 0
= mEp {8—QJF(X, 9)} —m Epyx) {a—ejF(X’ 9)}

= m Ep {fi(Xg)} = m Epyx) {fi(X5)}

pAC)



Gradient Ascent




Gradient Ascent
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Learning By Sampling
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Positive and Negative Forces
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MCMC-based learning

while not converged do
Sample a minibatch of m examples {x (1)
g oL 5T . Vo log p(xV); 9).

x(m‘)} from the training set

m 1=
Initialize a set of m samples {x(1),

a uniform or normal distribution, or possibly a distribution with marginals
matched to the model’s marginals).
for =1 to k do

for j =1tom do

x() « gibbs update(x)).

end for
end for
g+ g— 13" Vologp(x;0).
0« 0+ eg.

end while

Goodfellow et al. "Deep Learning," MIT Press, 2016, Chapter
18

%M1} to random values (e.g., from
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Contrastive Divergence

while not converged do
Sample a mlnlbatch of m examples {x (1) (m, } from the training set
g L™, Vologp(x;0).
for 1 = 1 to m do
x(1)  x(1)
end for
fori=1to k do

for 7 =1tom do |
xU) « gibbs update(x{7)).
end for

end for
g g— E ™ . Vo log p(x(); 9).
0 — 0+ eg.

end while

Goodfellow et al. "Deep Learning," MIT Press, 2016, Chapter
18
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Persistent Contrastive Diver'gence

Initialize a set of m samples {x(!) (m)1 to random values (e.g., from a
uniform or normal distribution, or posslbl) a distribution with marginals ma.tc:hed
to the model’s marginals).
while not converged do
Sample a minibatch of m examples {x(!) (m)1 from the training set
g« L1 3™ Vologp(x®;0).

m

forz-ltokdo

for 7=1tomdo
%) « gibbs update(x\7)).
end for

end for
g(—g—ﬁll ™ . Vo log p(x1); ).
0 < 0+ eg.

end while

Goodfellow et al. "Deep Learning," MIT Press, 2016, Chapter
18
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Learning CRFs - Conditional Likelihood
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Learning CRFs
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Learning CRFs
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Learning with Shared Parameters
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