
deterministic (Bishop, 2006). Stochastic techniques such as Markov Chain Monte Carlo
(MCMC) sampling are exact in the limit of infinite runtime, but tend to be too slow for large
problems. By contrast, deterministic variational methods (Jordan, Ghahramani, Jaakkola,
and Saul, 1999), including message-passing such as belief propagation (Minka, 2005), are
inexact but scale up well. They approximate the original intractable distribution with one
that factorizes better or has a specific parametric form (e.g., Gaussian).

Examples of using these techniques to solve difficult machine translation problems in-
clude MCMC sampling for maximum a posterior decoding (and minimum Bayes risk de-
coding as well) (Arun, Dyer, Haddow, Blunsom, Lopez, and Koehn, 2009), and variational
inference for maximum a posterior decoding (Li, Eisner, and Khudanpur, 2009b). We will
describe the variational decoding in Chapter 6. Here we briefly review how to apply the
MCMC sampling for MT. In a nutshell, it uses a sampler (e.g., Gibbs) to draw some sam-
ple derivations from the hypergraph (that defines a probability distribution of derivations),
and then perform inference on the samples (instead of on the original hypergraph). For
example, we can find the Viterbi derivation in the samples, or compute some expectations
on the samples. This is quite similar to the idea of using a k-best to approximate the full
hypothesis space when performing inference (see Section 2.2.3). In particular, the samples
can be thought as a randomized k-best of derivations.

Examples of using approximate inference to solve NLP problems other than MT in-
cludes belief propagation for dependency parsing (Smith and Eisner, 2008) and for mor-
phology analysis (Dreyer and Eisner, 2009).

2.5 Decoding Methods over Hypergraphs
Given an input sentence x, an SMT system usually generates many possible transla-

tions y (along with the derivations d), which are encoded in a compact data structure like
hypergraph. However, an end user may be interested in only a single translation for the
input. So, the question is which one the system should produce to the user. This is the
decoding problem. In general, there are two kinds of decoding rules: maximum a posterior
or minimum Bayes risk, as we will describe below.

2.5.1 Maximum A Posterior (MAP) Decoding
The maximum a posteriori (MAP) decision rule is

y∗ = arg max
y

p(y | x) (2.6)

Under MAP, the goodness of a translation string y is its posterior probability p(y | x),
which we can obtain from p(d | x) by marginalizing out d. Therefore, the MAP decision
rule becomes

y∗ = arg max
y

∑

d∈D(x,y)

p(d | x) (2.7)
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