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2 cases for approximate inference
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Case 1: containing continuous-var, nonlinear though low induced-width
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2 cases for approximate inference
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Example: Image de-noising
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Introduction - sampling
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Sampling approximation

MCMC: MH sampling, Gibbs sampling

el 15 25 T Case 2: High induced-width w(G)

Importance sampling, Particle filtering
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Case 1: containing continuous-var, nonlinear
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MCMC example:
Metropolis—Hastings algorithm

We want to Draw samples from the target distribution p(x) ?

Solution: Construct a Markov chain that has p(x) as the stationary
distribution.

1. Random initialize x,

2.Fort=1,--
Generates x* from proposal/transition kernel q(x*|x;_; ),
Accept x; = x* with probability min {1, p(x)a(Xe—q|x )},

] p(xt-1)q(x*|x¢—1)
otherwise set x; = x;_;
Burn-in : first few samples are discarded.

 For an irreducible & ergodic Markov chain, there exist a stationary
distribution m (i.e. satisfying equation m=nP).
A sufficient condition: satisfy the detailed balance equation

m; Py = mj By



Metropolis—Hastings example
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Hamiltonian Monte Carlo (HMC) vs MH

HMC sampler, Multi Peak Gaussian 16 MH sampler, Multi Peak Gaussian

0.1, L=10, 1000 samples o=0.1, 1000 samples

21 2

GIF demo for sampling from a 2-dim 3-component GMM
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J.W. Gibbs, 1839-1903
Gibbs sampling

%5 5. Markov Chain Monte Carlo (MCMC)
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1. Initialize {z(l) zV,z¢, z(l)
2. A sweep generates a sample of Z() —{ 20,280, 2, 2"}
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— Sample z? ~ p(z,12?,2?,2{Y
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Sampling approximation

Gibbs sampling

SIFESTE Case 2: High induced-width w(G)

Importance sampling, Particle filtering
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Case 1: containing continuous-var, nonlinear
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Importance Sampling (unnormalized)
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Importance Sampling (normalized)
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Particle filter— BEXIA 1R
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Particle filter— BEXIA 1R
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Semantics (DGM, UGM)
HMM, CRF

variable-elimination cluster-tree triangulate
Kalman
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