
Chapter 4

Minimum Imputed Risk Training

In this chapter, we describe an unsupervised method for discriminative training. Our
method assumes that we are given some output data ỹ (e.g., English sentences), but not
the corresponding input data x (e.g., Chinese sentences). It also assumes that we have a
reasonably good reverse conditional model pφ(x | ỹ) parameterized by φ. Our goal is to
learn a good forward conditional model pθ(y | x) by tuning θ.

Specific to an MT task, our method works as follows. First guess x probabilistically
from the observed ỹ using a reverse (English-to-Chinese) model. Then train the discrimi-
native Chinese-to-English system to do a “good job” at translating this imputed x back to
ỹ, in the sense of optimizing the given performance metric.

Our method is theoretically sound and can be explained as minimizing imputed risk.
Our method is also intuitive: it tries to ensure that probabilistic “round-trip” translation
(from the target-language sentence to the source language and back again) will have low
expected loss.

We perform experiments by using the open-source MT toolkit Joshua (Li et al., 2009a).
Our experiments show that unsupervised discriminative training performs similarly to (and
often better) the supervised case. Also, adding unsupervised data into the supervised train-
ing improves the performance.

4.1 Minimum Empirical Risk (for Supervised Discrimina-
tive Training)

Let us first review discriminative training in the supervised setting—as used in MERT
(Och, 2003) and those discussed in Section 2.6 on page 31.

One wishes to tune the parameters θ of some complex translation system δθ(x). The
function δθ, which translates Chinese x to English y, may have any form and need not
be probabilistic. For example, the parameters θ may define a scoring function along with
pruning and decoding heuristics for extracting a high-scoring translation y.
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loss

where pφ is a “reverse prediction model” that attempts to impute the missing xi data. The
resulting variant of (4.2), what we called minimum imputed empirical risk (abbreviated
as minimum imputed-risk), is4

θ∗ = arg min
θ

1

N

N∑

i=1

∑

x

pφ(x | ỹi)L(δθ(x), ỹi)

(4.4)

Our minimum imputed-risk objective of (4.4) could be evaluated by brute force as fol-
lows.

1. For each unsupervised example ỹi, use the reverse model pφ to impute its possible
reverse translations {xi1, xi2, . . .}, and add each (xij, ỹi) pair (weighted by pφ(xij |
ỹi) ≤ 1) to an imputed training set .

2. Now do ordinary supervised training (as of (4.2)) on the (weighted) imputed training
data.

The second step means that we must use δθ to forward-translate each imputed xij , evalu-
ate the loss of the translations against the corresponding true translation ỹi, and choose the θ
that minimizes the weighted sum of these losses (i.e., the empirical risk when the empirical
distribution p̃(x, y) is derived from the imputed training set). Specific to our MT task,5 this
tries to ensure that probabilistic “round-trip” translation (from the target-language sentence
to the source language and back again) will have a low (expected) loss.

The trouble is that a typical reverse model pφ will generate a weighted lattice or hyper-
graph Xi encoding exponentially many translations of ỹi. It is computationally infeasible
to forward-translate each of the xij ∈ Xi. We will present several approximations in Sec-
tion 4.2.4.

4.2.2 The Reverse Prediction Model pφ

The crucial ingredient here is pφ, a “reverse prediction model” that attempts to impute
the missing xi data. We will train this pφ model in advance (before we tune θ), doing the
best job we can from available data—including our bilingual (xi, ỹi) data as well as any
available monolingual x data.6 Note that φ is fixed when we tune θ.

4 We can also exploit both supervised and unsupervised data to perform semi-supervised training by using
an interpolated version of (4.2) and (4.4). We will do this in our experiments.

5Our method may be used for other tasks as well. For example, in a speech recognition task, δθ is a speech
recognizer that produces text, whereas pφ is a kind of speech synthesizer that must produce a distribution over
audio (or at least over acoustic features or phone sequences).

6In a translation task from x to y, one usually does not make use of monolingual x data. But, in our case,
we can use x data to train a language model that will be useful for the reverse system. In particular, it will
make the imputed xi look more like true Chinese inputs.
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to forward-translate each of the xij ∈ Xi. We will present several approximations in Sec-
tion 4.2.4.

4.2.2 The Reverse Prediction Model pφ

The crucial ingredient here is pφ, a “reverse prediction model” that attempts to impute
the missing xi data. We will train this pφ model in advance (before we tune θ), doing the
best job we can from available data—including our bilingual (xi, ỹi) data as well as any
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