
Figure 1: The loss surface for a machine translation sys-
tem: while other parameters are held constant, we vary the
weights on the distortion and word penalty features. Note the
piecewise constant regions with several local maxima.

some other model; or only a random sample of
size Ki.) Each analysis has a vector of real-valued
features (i.e., factors, or experts) denoted fi,k. The
score of the analysis yi,k is θ · fi,k, the dot prod-
uct of its features with a parameter vector θ. For
each sentence, we obtain a normalized probability
distribution over the Ki analyses as

pθ(yi,k | xi) =
exp θ · fi,k∑Ki

k′=1 exp θ · fi,k′
(1)

We wish to adjust this model’s parameters θ
to minimize the severity of the errors we make
when using it to choose among analyses. A loss
function Ly∗(y) assesses a penalty for choosing
y when y∗ is correct. We will usually write this
simply as L(y) since y∗ is fixed and clear from
context. For clearer exposition, we assume below
that the total loss over some test corpus is the sum
of the losses on individual sentences, although we
will revisit that assumption in §5.

2.1 Minimizing Loss or Expected Loss
One training criterion directly mimics test condi-
tions. It looks at the loss incurred if we choose the
best analysis of each xi according to the model:

min
θ

∑

i

L(argmax
yi

pθ(yi | xi)) (2)

Since small changes in θ either do not change
the best analysis or else push a different analy-
sis to the top, this objective function is piecewise

constant, hence not amenable to gradient descent.
Och (2003) observed, however, that the piecewise-
constant property could be exploited to character-
ize the function exhaustively along any line in pa-
rameter space, and hence to minimize it globally
along that line. By calling this global line mini-
mization as a subroutine of multidimensional opti-
mization, he was able to minimize (2) well enough
to improve over likelihood maximization for train-
ing factored machine translation systems.

Instead of considering only the best hypothesis
for any θ, we can minimize risk, i.e., the expected
loss under pθ across all analyses yi:

min
θ

EpθL(yi,k)
def= min

θ

∑

i

∑

k

L(yi,k)pθ(yi,k | xi)

(3)
This “smoothed” objective is now continuous and
differentiable. However, it no longer exactly mim-
ics test conditions, and it typically remains non-
convex, so that gradient descent is still not guaran-
teed to find a global minimum. Och (2003) found
that such smoothing during training “gives almost
identical results” on translation metrics.

The simplest possible loss function is 0/1 loss,
where L(y) is 0 if y is the true analysis y∗i and
1 otherwise. This loss function does not at-
tempt to give partial credit. Even in this sim-
ple case, assuming P != NP, there exists no gen-
eral polynomial-time algorithm for even approx-
imating (2) to within any constant factor, even
for Ki = 2 (Hoffgen et al., 1995, from Theo-
rem 4.10.4).1 The same is true for for (3), since
for Ki = 2 it can be easily shown that the min 0/1
risk is between 50% and 100% of the min 0/1 loss.

2.2 Maximizing Likelihood
Rather than minimizing a loss function suited to
the task, many systems (especially for language
modeling) choose simply to maximize the prob-
ability of the gold standard. The log of this likeli-
hood is a convex function of the parameters θ:

max
θ

∑

i

log pθ(y∗i | xi) (4)

where y∗i is the true analysis of sentence xi. The
only wrinkle is that pθ(y∗i | xi) may be left unde-
fined by equation (1) if y∗i is not in our set of Ki

hypotheses. When maximizing likelihood, there-
fore, we will replace y∗i with the min-loss analy-
sis in the hypothesis set; if multiple analyses tie

1Known algorithms are exponential but only in the dimen-
sionality of the feature space (Johnson and Preparata, 1978).


