CPNC54HO

Importance sampling &
Markov chain Monte Carlo (MCMQ)

Nando de Freitas
March, 2013
University of British Columbia




Outline of the lecture

Thisis about Monte Carlo methods.

d We will revise importance sampling.
 Revise how Google works (Markov chains).
4 Introduce Markov chain Monte Carlo (MCMC)



Bayesian logistic regression

The logistic regression model specifies the probability of a binary output
y; € {0,1} given the input x; as follows:
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mportance sampling
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/é lmpaortance sampling
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|mportance sampling
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Example: Logistic Regression
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Un-normalized importance sampling
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Markov Chain Monte Carlo
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Markov Chain Monte Carlo

1 (LS <« §~tOCLoas\[;C Ma‘tvt‘x . As (omj
as +he graPh (s{ade space> <

APEY. - .
)

U‘@C‘OY‘ 01[
Probabil: Lie s Y

2' ﬁ‘n-' as +—> aO

Wheve T s the LVlJo.v(avfé °r

SJcaJrioma()/ distribudion of +he Chain . I+
(s WV“ﬁ,MQ_



Markov Chain Monte Carlo
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Markov Chain Monte Carlo
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Markov Chan Monte Carlo
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Markov Chain Monte Carlo
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Markov Chain Monte Carlo
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Markov Chain Monte Carlo
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Metropolis-Hasti rlgs for log stl C regression
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MCMC: Metropolis-Hastings
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MCMC: Metropolis-Hastings
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MCMC: Choosing the Right Proposal
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MCMC: Theory
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MCMC: Theory
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Variations of Metropolis-Hastings
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Extending MH to directed probabilistic
__graphical models
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Bayesian graphical models and Gibbs
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Gibbs Sampling

Choose the following proposal:

x| (1) N ()
Q(x*bfm) — p(Ji;]- |x_f) Ifx—f =X
0 Otherwise.
where x_; = {X1, ..., Xj_1,X41, ..., %),

Then the acceptance 1s:
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Gibbs Sampling

nitialise x!")
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Gibbs Sampling For Graphical models

A large-dimensional joint distribution 1s factored into a
directed graph that encodes the conditional independencies in
the model. In particular, 1f x,,(;, denotes the parent nodes of
node x;, we have
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It follows that the full conditionals simplify as follows
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where c/(j) denotes the children nodes of x;.



Auxiliary Variable Samplers

» 1t is often easier to sample from an augmented
distribution p(x, ), where u 1s an auxiliary variable, than
from p(x).

» It is possible to obtain marginal samples x'” by sampling
(x4 according to p(x, u) and, then, ignoring the
samples u'".

» This very useful idea was proposed in the physics
literature (Swendsen and Wang, 1987).



Hybrid (Hamiltonian) Monte Carlo

» The idea is to exploit gradient information.

» Define the extended target distribution:
plx,u) =pX)N(u; 0, 1,,).

» Introduce the gradient vector: A(x) = d logp(x)/dx
» Introduce the parameters p and L.

» Next we “leapfrog”.



Hybrid Monte Carlo

» Sample v ~ U 1y and u* ~ N(0, 1,,.).
» Letxo=x" and uy = u* + pA(xg)/2.
» For/=1,...,L,take steps
X] = X]—1 + pUj—]
Uy = uj—1 + prAxy)
where pj = pfor/ < L and p; = p/2.

» If v < 4 =min {1 a “’f))) exp (—5(ufug — zfz*Tu*))}

else (D Dy = (@ %)



Next lecture

In the next lecture, we look at constrained optimization and sparse
methods in learning.



