
CSE 5523: Lecture Notes 21
Markov Random Fields

Contents
21.1 (Conditional) Markov Random Fields . . . . . . . . . . . . . . . . . . . . . . . . 1
21.2 Message passing for random fields . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Like backprop and Bayes nets, matrix chains can also do inference in structured prediction models.

These include Markov random fields (MRFs), conditional random fields (CRFs), and others.

Generally, these are like Bayes nets but are undirected, defined on overlapping joints over variables.

They assign weights, called potentials, to overlapping tuples of variables, called cliques.

Here cliques are functions f (y, y′, ...)[i] ∈ {0, 1}, potentials are weights w[i] for patterns i of values.

21.1 (Conditional) Markov Random Fields

A common structured prediction models is the linear chain conditional random field.

It consists of a sequence of hidden values yt and observed values xt, for time steps t ∈ {1, ...,T }:
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21.2 Message passing for random fields

The denominator above sums over many hidden sequences, but is tractable via message passing:
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These last two steps can be repeated to define a matrix chain.
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(It’s efficient using forward f>t = 1>M1 ...Mt and backward messages bt = Mt ...MT 1.)

The result is the expected count of feature i at each time step, which we sum to get the numerator.

This generalizes to other (singly-connected) topologies as message passing.
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