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1 Energy Minimization

In computer vision, the term energy minimization is popularly used to describe approaches in which the solution
to the problem is determined by minimizing a function, the "energy". The energy function is defined for all
feasible solutions and measures the quality of a solution. Recall the Markov Random Fields, we define the joint
probability as
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which is a product of potential function ¥e(x¢) over the maximal cliques C' of the graph. It is important
to understand that for a general undirected graph the potential functions ¢¢c need not have any obvious or
direct relation to marginal or conditional distribution defined over the graph cliques. This property should be
contrasted with the directed factorization, where the factors correspond to conditional probabilities over the
child-parent sets.
Because we are restricted to potential functions which are strictly positive it is convenient to express them
as exponential, so that
Ve(xc) = exp{—E(xc)} (2)

where E(x¢) is called an energy function, and the exponential representation is called the Boltzmann distri-
bution. The joint distribution is defined as the product of potentials, and so the total energy is obtained by
adding the energies of each of the maximal cliques. Finding the state z € X with the highest probability can
now be seen as an energy minimization problem:
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Hence, the probability p(x) is completely determined by E(x) = > - E(x¢). Energy minimization can be
interpreted as solving for the most likely state of some factor graph model.

2 Parameterization
Parameterization means introducing parameters on a probability such that the member of probability family

can be specified or identified by the parameter values. Factor graphs define a family of distributions, so we can
parameterize the factor graph.
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Figure 1: Increasing the number of parameters and features enlarges the realizable subset of distributions;
decreasing the number of parameters by parameter sharing makes the set smaller.

Parameters are typically introduced into the energy functions. Why ?

3 Inference and Learning Tasks

Once a factor graph model has been fully specified and parameterized, there are two tasks left to do:
e to learn its parameters from training instances

e to use the model for solving inference tasks on future data instance

3.1 Inference

We need a metric to measure the prediction quality, which can be formalized in the framework of statistical
decision theory. Let d(X,Y’) denote the probability distribution of the data for the problem we try to solve,
which we factor into the conditional probability distribution of the label d(y|x), and a data prior d(x). That is,
we want to maximize the d(Y, X). Furthermore, we define the loss function

A:YxY R, (3)

and we can measure the quality of prediction f(z) € Y by the expected loss of this decision:

Ry (@) =Y dlyle) Ay, f(2)) (4)
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The most common loss function for classification is 0/1 loss, A(y,y’) = 0 for y = 3’ and A(y,y’) = 1
otherwise. Computing the expected loss we obtain

RYNx) = d(y # f(2)|z) = 1 —p(Y = f(x)|z,w) (5)

we assume the parameterized p(y = f(z)|z,w) reflects d(y|z). We can minimize the expected loss by minimizing
the posterior p(Y = f(x)|z,w). Thus,we use Maximum A Posteriori (MAP) Inference to make the prediction.
Another popular loss function for structured prediction is the Hamming loss:

1
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and expected loss is
1
Rf(z) =1~ Gl > plYi = f(a)ilz, w) (7)
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which is minimized by predicting with f(z); = argmaxy,cy, p(Y; = y;|z,w). This should be done by the
probabilistic inference. Given a factor graph, parameterization, and weight vector w, and given the observation
x, probabilstic inference is to find the value of the log partition function and the marginal distributions for each
factor,

log Z(z,w) = log Z exp(—E(y; z,w)) (8)
yeY
nr(yr) = p(Yr = yrlz,w), VE € F,Vyp € Vp 9)

where F' denotes the factor.



3.2 Learning

Learning graphical models from training data is to find the best model among a large class of possible models.
In most applications, we assume that the model structure and parameterization are specified manually, and
learning is to finding a vector of real-valued parameters.

Probabilistic Parameter Learning Let d(y|z) be the unknown conditional distribution of labels for
a problem to be solved. For a parameterized conditional distribution p(y|r,w) with parameters w € RP,
probabilistic parameter learning is the task of finding a point estimate of the parameter w* that makes p(y|x, w*)
closest to d(y|x) for every z € X.

Loss-Minimizing Parameter Learning Let d(z,y) be the unknown distribution of data in labels, and
let A:Y x )Y — R be a loss function. Loss minimizing parameter learning is the task of finding a parameter
value w* such that the expected prediction risk

Elay)~d(a.y) (DY [p(x))] (10)
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