
The goal of discriminative training is to minimize the expected loss of this function, as
defined by a given task-specific loss function L(y, ỹ) that measures how bad it would be to
output y when the correct output is ỹ. (For example, for an MT system that will be judged
by the BLEU metric (Papineni et al., 2001), the loss might be a negated BLEU score.) To be
precise, we hope to find θ with low Bayes risk, that is,1

θ∗ = arg min
θ

∑

x,y

p(x, y)L(δθ(x), y) (4.1)

where p(x, y) is the true distribution over (input,output) pairs.2
Of course p(x, y) is not known. In practice, one typically does empirical risk mini-

mization. This means replacing p(x, y) above with the empirical distribution p̃(x, y) given
by the supervised training set. Therefore,

θ∗ = arg min
θ

∑

x,y

p̃(x, y)L(δθ(x), y)

= arg min
θ

1

N

N∑

i=1

L(δθ(xi), ỹi) (4.2)

where i ∈ [1, N ] indexes the supervised training examples (xi, ỹi). The optimal θ∗ can be
obtained using numerical methods.3

4.2 Discriminative Training with Missing Input

4.2.1 Minimum Imputed-Risk
We now turn to the question of how to make use of unsupervised data—specifically,

training examples i for which we know only ỹi but not xi. For such i, we cannot compute
the summand L(δθ(xi), ỹi) in (4.2). Instead we propose to replace L(δθ(xi), ỹi) with the
expectation (

∑

x

pφ(x | ỹi)L(δθ(x), ỹi)

)
(4.3)

1One should not confuse this with the minimum risk training described in Section 2.6.5 on page 34. In
both cases, the term risk means expected loss, but the expectation is taken under different distributions.

2In the terminology of statistical decision theory, p(x, y) is a distribution over states of nature. We seek a
decision rule δθ(x) that will incur low expected loss on observations x that are generated from unseen states
of nature.

3To compensate for the shortcut of using the unsmoothed empirical distribution rather than a posterior
estimate of p(x, y) (Minka, 2000), it is common to add a regularization term ||θ||22 in the objective of (4.2).
The added regularization term can prevent overfitting to a training set that is not large enough to learn all
parameters. A recent alternative regularizes θ more indirectly, by minimizing the empirical risk subject to
constraints that ensure that δθ not only outputs low-loss translations on the training set, but internally prefers
them to high-loss translations by a comfortable margin (Taskar et al., 2005; Crammer et al., 2006).
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