
Maximum likelihood estimation of Markov Chains

We use MLE to estimate the transition matrix  from data .

Likelihood of any particular sentence  of length 

Log-likelihood of  (all sentences treated as independent)

where we define the counts

The MLE is given as

Gibbs sampler for RBMs

Model for  (c.f. Tutorial 3)
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We can easily generate new samples from the learned distribution.

with  called the sigmoid function.

Gibbs sampling for the Ising model

The previous example generalizes to the Ising model.
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