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Abstract. Whenever the quality provided by a machine translation system is not
enough, a human expert is required to correct the sentences provided by the machine translation system. In this environment, the human translator is generating
bilingual data after each translation has been marked as correct, and expects the
system to be able to learn from the errors made. In this paper, we analyse the appropriateness of discriminative ridge regression for adapting the scaling factors of
a state-of-the-art machine translation system within a conventional post-editing
scenario and also within an interactive machine translation setup. Results show
that the strategies applied in the former setup cannot be directly applied in the latter framework. Hence, the discriminative ridge regression is revised and adapted
for the interactive machine translation framework, with encouraging results.
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Introduction

Machine translation is not only needed in fields where the amount of data is overwhelming, but also in fields where bilingual data is less abundant, but translation quality is
critical. In these scenarios, machine translation systems need to collaborate closely with
human experts, with the purpose of achieving high quality translations efficiently, giving rise to the popularisation of the computer assisted translation (CAT) [1] paradigm.
In such paradigm, the statistical machine translation (SMT) [2] system proposes a hypothesis to a human translator, who amends the hypothesis to obtain an acceptable target
sentence. Two different user interaction schemes will be considered in this paper. The
first one, post-editing (PE), is being embraced by more and more human translators as
an efficient way of generating high-quality translations. In PE, the SMT system provides an initial translation, and then the user modifies such translation so as to correct
it. The second one, interactive machine translation (IMT) [3, 4], is a more cutting-edge
technology which has been receiving an increasing amount of attention. The IMT system attempts to predict the text the user is going to input. Whenever such prediction
is wrong and the user provides feedback to the system, a new prediction is performed.
Such process is repeated until the translation is considered correct.
One important problem which SMT systems need to tackle with when used for a
CAT purpose is adaptability. In these scenarios, the user expects the system to learn
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dynamically from its own errors, so that errors corrected once do not need to be corrected over and over again. Hence, the models need to be adapted online, i.e. without a
complete retraining of the model parameters, since such retraining would be too costly.
The grounds of modern SMT were established in [5], by formulating the SMT problem as follows: given an input sentence x in a certain source language, the best translation ŷ in a certain target language is to be found:
ŷ = argmax Pr(y | x),

(1)

y

where Pr(y | x) is modelled directly by the so-called log-linear models [6], yielding
ŷ = argmax
y

M
X
m=1

λm hm (x, y) = argmax λ · h(x, y) = argmax g(x, y),
y

(2)

y

where hm (x, y) represents an important feature for the translation of x into y, M is the
number of models (or features) and λm are the weights acting as scaling factors of the
score functions. g(x, y) represents the score of a hypothesis y given an input sentence
x, and is not treated as a probability since the normalisation term has been omitted.
Common feature functions hm (x, y) include translation models, re-ordering models
or the target language model. Typically, h and λ are estimated by means of training
and development sets, respectively. However, the domain of such sets has an important
impact on the final translation quality [7], and adaptation arises as an efficient way of
alleviating this fact by using very limited amounts of in-domain data. In this paper, only
λ will be adapted, although the same methods could also be applied to adapt h [8].
This paper is structured as follows. Next section briefly reviews related work. Then,
in Sec. 3, a short introduction to IMT is presented. Sec. 4 reviews discriminative ridge
regression and the modifications needed to apply it within IMT. Experiments are described in Sec. 5, and the last section is reserved for conclusions and future work.
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Related work

Batch adaptation (as opposed to online) is a very broad field that has been receiving
a large amount of attention. In [9], adaptation in speech recognition is confronted by
means of the maximum likelihood framework. In [10], the maximum likelihood framework is expanded so as to obtain maximum a posteriori estimators. In [11], adaptation is
confronted as a classification problem, by extending the set of features by an additional
tag. In [12], Bayesian predictive adaptation is applied for adapting λ in a batch setup.
However, there are also cases where there is no adaptation data at all available beforehand, and the system needs to adapt itself online without falling into an excessive
time burden. Such problem led, among others, to the development of an incremental version of the Expectation-Maximisation algorithm [13]. This algorithm has been
successfully applied in an IMT scenario in [14], where the models involved are incrementally updated as the user feedback is received.
In [8], an in-depth comparison of four online adaptation algorithms, i.e. passiveaggressive, perceptron, discriminative ridge regression and Bayesian predictive adaptation are studied for their application in a post-editing scenario. Both λ and h are
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Fig. 1. IMT session to translate a Spanish sentence into English. Non-validated hypotheses are
displayed in italics, whereas accepted prefixes are printed in normal font.

adapted, alternatively, presenting the most promising results when adapting the scaling
factors λ. In the present paper we study the application of the best-performing algorithm, namely discriminative ridge regression, within an IMT framework, showing that
such algorithm may not be applied directly, and propose an alternative approach.

3

Interactive machine translation

In IMT, the purpose is to use fully-fledged SMT systems to produce full target sentence hypotheses, or portions thereof, which can be partially or completely accepted
and amended by a human translator [3]. Fig. 1 illustrates a typical IMT session. Initially, the user is given an input sentence x to be translated. The reference y provided is
the translation that the user would like to achieve. At iteration 0, the IMT system has to
provide an initial complete translation ŝ, as if it were a conventional SMT system. Next,
the user validates a prefix p (word “To”) and introduces a new word k. This being done,
the system suggests a new suffix ŝ. Again, the user validates a new prefix, introduces
a new word and so forth. The process continues until the whole sentence is correct. In
this example, a potential user of the IMT system would have typed only one word out
of five, i.e., a potential effort reduction of 80% with respect to translating the whole
sentence from scratch. If a PE environment is assumed as baseline, the user would have
typed three words, versus only one in the case of IMT: an effort reduction of 66%.
Formally, IMT is specified as an evolution of the SMT framework. However, Eq. 1
needs to be modified according to the IMT scenario in order to take into account the
part of the target sentence that is already translated, that is p and k:
ŝ = argmax P r(s|x, p, k)

(3)

s

where the maximisation problem is defined over the suffix s. This allows us to rewrite
Eq. 3, by eliminating constant terms, achieving the equivalent criterion
ŝ = argmax P r(p, k, s|x).
s

An example of the intuition behind these variables is shown in Fig. 1.

(4)
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Note that, since (p k s) = y, Eq. 4 is very similar to Eq. 1. The main difference
is that the argmax search is now performed over the set of suffixes s that complete
(p k), instead of complete sentences (y in Eq. 1). This implies that we can use the same
models if the search procedures are adequately modified [3].
Typically, the IMT system makes use of the word graph generated for a given sentence in order to complete the validated prefixes [15]. Specifically, the system finds the
best path in the word graph associated with a given prefix. A word graph is a weighted
directed acyclic graph, where each node represents one or more partial translation hypotheses. The edges represent transitions between such nodes, and are labelled each
with one word of the target sentence, and weighted by a score which evaluates how
likely it is to emit such word after having already emitted the current prefix.

4

Discriminative ridge regression

The main purpose of discriminative Ridge regression [8] (DRR) is that good hypothesis
within a given N -best list score higher, and bad hypotheses score lower. It implements
the estimation of λ as a regression problem between g(x, y), with y ∈ nbest(x), and
the translation quality of y.
In an online learning framework, the learning algorithm processes observations sequentially. The purpose is then to modify the prediction mechanisms according to the
user’s feedback in order to improve the quality of future translations. Considering that
the user’s feedback is the reference translation y τ , Eq. 2 is redefined as follows
ŷ t = argmax λt ·h(xt , y),

(5)

y

where the log-linear weights λt vary according to samples (x1 , y τ1 ), . . . , (xt−1 , y τt−1 )
seen before time t. To simplify notation, we will omit subindex t from input sentence x
and output sentence ŷ, although it is always assumed. Either ht or λt can be adapted,
or even both at the same time. However, in this paper, we focus on adapting only λt .
The hypothesis ŷ that maximises the likelihood is not necessarily the hypothesis
with the highest quality from a human perspective or in terms of a certain quality measure. Let y ∗ be the hypothesis with the highest quality, but which might have a lower
likelihood1 . Our purpose is to adapt the model parameters so that y ∗ is rewarded and
achieves a higher score according to Eq. 2.
We define the difference in translation quality between the proposed hypothesis ŷ
and the best hypothesis y ∗ in terms of a given quality measure µ(·):
l(ŷ) = |µ(ŷ) − µ(y ∗ )|,

(6)

where the absolute value has been introduced in order to preserve generality. The score
difference between ŷ and y ∗ is related to φ(ŷ), which is defined as
φ(ŷ) = g(x, y ∗ ) − g(x, ŷ).
1

(7)

y ∗ does not necessarily match the reference translation y τ due to eventual coverage problems.
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Ideally, we would like differences in l(·) to correspond to differences in φ(·): if hypothesis y has a translation quality µ(y) that is very similar to the translation quality
of µ(y ∗ ), we would like this to be reflected in translation score g, i.e., g(x, y) is very
similar to g(x, y ∗ ). Hence, the purpose of our online procedure should be to promote
this correspondence after each sample (xt , y τt ).
For computing the new scaling factors λt , the previously learnt λt−1 is combined,
for a certain learning rate α, with an appropriate update step λ̌t , yielding [8]:
λt = (1 − α)λt−1 + αλ̌t .

(8)

Although adapting λ is a coarse-grained strategy, its effect cannot be underestimated, since it implies adjusting the importance of every single model in Eq. 2.
4.1

Discriminative ridge regression in post-editing

In a conventional post-editing scenario where the hypotheses are provided by a regular
SMT system, the DRR algorithm requires an N -best list of hypotheses in decreasing
order of likelihood. Let nbest(x) be such a list computed by our models for sentence
x. For adapting λ, we define an N × M matrix Hx , where M is the number of features
in Eq. 2, containing the feature functions h of every hypothesis:
0

(9)

0

(10)

Hx = [h(x, y 1 ), . . . , h(x, y N )] .
Additionally, let H∗x be a matrix such that
H∗x = [h(x, y ∗ ), . . . , h(x, y ∗ )] ,

where all rows are identical and equal to the feature vector of the best hypothesis y ∗
within the N -best list. Then, Rx is defined as
Rx = H∗x − Hx .

(11)

The key idea is to find a vector λ̌t such that differences in scores are reflected as
differences in the quality of the hypotheses. That is,
Rx · λ̌t ∝ lx ,

(12)

where lx is a column vector of N rows such that
lx = [l(y 1 ) . . . l(y n ) . . . l(y N )]0 , ∀y i ∈ nbest(x).

(13)

The objective is to find λ̌t such that
λ̌t = argmin |Rx · λ − lx |

(14)

λ

= argmin ||Rx · λ − lx ||2 ,

(15)

λ

where || · ||2 is the Euclidean norm. Although Eqs. 14 and 15 are equivalent (i.e. the λ̂
that minimises the first one also minimises the second one), Eq. 15 allows for a direct
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implementation thanks to the ridge regression2 , such that λ̌t can be computed as the
solution to the overdetermined system Rx · λ̌t = lx , given by
λ̌t = (R0x · Rx + βI)

−1

R0x · lx ,

(16)

where a small β is used as a regularisation term to stabilise R0x · Rx . β = 0.01 was used
in the experiments described in this paper.
4.2

Discriminative ridge regression in interactive machine translation

When attempting to apply DRR within an IMT setting, the quality metric that is used
in IMT is no longer inherent to a single hypothesis, but to a complete wordgraph. It is
quite common to measure the quality of a given IMT system by computing the amount
of interactions required in order to modify the system’s hypothesis so that it matches
the reference. Once a single word has been introduced, the IMT system modifies the
suffix, which implies that the number of interactions cannot be computed as a function
of the hypothesis, but must be computed by first simulating the interaction procedure
and is a function of a given wordgraph. Hence, DRR, as described in previous section,
cannot be directly applied within an IMT framework. One would think that optimising
a certain translation quality metric would also optimise the amount of interactions required. However, experimental results detailed in Sec. 5 show that this assumption is
not completely true. Hence, since the metric to be optimised by online learning does
not depend on a single-best hypothesis, the formulation of DRR needs to be reviewed.
At this stage, it would be reasonable to consider instead of a list of N -best hypothesis a list of N -best wordgraphs. However, the concept of N -best wordgraph is somewhat
fuzzy. For this reason, instead of computing a true list of N -best wordgraphs we will
obtain a set of N scaling factors λ obtained at random, Λ = {λ1 , . . . , λn , . . . , λN },
and compute the wordgraph Wλn (x) associated to a given input sentence x and obtained for a certain set of scaling factors λn . Of course, since the weights have been
obtained at random, the resulting wordgraphs will not constitute a true list of possible
N -best wordgraphs. However, since the purpose of DRR is to reward those hypotheses
(in this case wordgraphs) that score well, and penalise those that score worse, what is
really important is to have wordgraphs (i.e., samples of λ) which score well, and wordgraphs (samples of λ) which score bad. Hence, ly will be a column vector of N rows
such that
ly = [l(Wλ1 (x)) . . . l(Wλn (x)) . . . l(WλN (x))]
(17)
Another aspect that needs to be taken care of when considering DRR within an IMT
setting is that matrix Hx also needs to be redefined, since the features that need to be
considered in this case no longer correspond to those of the hypotheses in the N -best
list, but to the wordgraphs generated with Λ. Since a certain wordgraph Wλn (x) does
not have a single set of features, but rather one feature vector for each one of the paths
through the wordgraph, we will consider for building Hx the feature vector h of the
best path in Wλn (x), i.e., the feature vector of the best hypothesis in Wλn (x). Abusing
2

Also known as Tikhonov regularisation.
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Table 1. Characteristics of the Europarl corpus and NC11 test set. OoV stands for “Out of Vocabulary” words, k stands for thousands of elements and M for millions of elements.
Spanish English
Europarl
Sentences
1.4M
Run. words 29.9M 28.9M
Training
Vocabulary 129.8k 85.3k
Europarl
Sentences
2000
Run. words 60.6k 58.7k
Development OoV. words 164
99
NC11 test
Sentences
3003
Run. words 79.4k 74.7k
OoV. words 1549 1708

notation and with the purpose of keeping notation unclogged, let hλn be such feature
vector. Then, Hx is defined for the IMT case as
0

Hx = [hλ1 , . . . , hλN ] .

(18)

Equivalently, H∗x is defined in this case as
H∗x = [hλ∗ , . . . , hλ∗ ] ,

(19)

with hλ∗ being the feature vector of the best hypothesis of wordgraph Wλ∗ (x), and
Wλ∗ (x) being that wordgraph with the best performance according to the IMT metric
used, from among those computed using the random set of weights Λ.

5

Experimental results

Given that a true CAT scenario is very expensive, since it requires a human translator to
correct every hypothesis, such scenario will be simulated by using the reference of the
test set. Such reference will be fed one at a time, following an online setting.
Translation quality will be assessed by means of Translation Edit Rate (TER) [16]
and Word Stroke Ratio (WSR) [4]. TER is an error metric that computes the minimum
number of edits required to modify the system hypotheses so that they match the references. Possible edits include insertion, deletion, substitution of single words and shifts
of word sequences. Hence, TER is an automatic metric which intends to measure the
effort required to post-edit the hypotheses provided by a SMT system. WSR measures
the amount of words (interactions in this case) a human translator would require to type
within an IMT framework to correct the system’s hypothesis. Both TER and WSR are
measured in percentage, i.e., both are normalised by the total amount of words of the
reference, multiplied by 100. Also in both cases, lower TER and WSR rates are better.
As baseline system, we trained a SMT system on the Europarl English–Spanish
training data, in the partition of the Workshop on SMT of the EMNLP 2011 [7]. The
Europarl corpus [17] (Table 1) is built from the transcription of European Parliament
speeches published on the web. We used the open-source MT toolkit Moses [18]3 in
its standard non-monotonic setup (including the msd-reordering-fe model [19]),
3

Available from http://www.statmt.org/moses/
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Fig. 2. Effect of the α learning rate on the effort within a PE and an IMT scenario, as measured
by TER and WSR. DRR was implemented according to Sec. 4.1. N -best size was set to 1000.

and estimated λ using MERT [20] on the Europarl development set. The set of weights
Λ described in Sec. 4.2 was obtained by sampling from a Gaussian distribution with
mean vector the λ obtained by MERT and variance 0.01, following preliminary investigation. We also estimated a 5-gram LM with interpolation and Knesser-Ney smoothing [21]. Moses was also used for the purpose of building the required wordgraphs.
Since our purpose is to analyse the performance of an online adaptation strategy, in
addition to Europarl we also considered a different test set that does not belong to the
parliamentary domain, such as the News Commentary4 (NC) 2011 test set. The News
Commentary corpus was obtained from different news feeds and was used as test set
for the 2011 EMNLP shared task on SMT [7]. See Table 1 for NC test set statistics.
As a first step, we carried out the experimentation according to Sec. 4.1, i.e., optimising a typical SMT evaluation metric which is ought to minimise post-editing effort.
Such results can be seen in Fig. 2. The plot on the left displays TER, i.e., the amount
of edits required in a PE scenario, whereas the plot on the right displays WSR, i.e., the
amount of interactions required in an IMT setting. As shown, DRR achieves to provide
improvements when the α learning rate is about 0.001 within the PE scenario, but fails
to obtain the same results within the IMT setting. This is so because DRR, as described
in Sec. 4.1, was implemented using TER as translation quality metric l. However, it
would be quite risky to assume that minimising the number of edits within a PE setting
would also lead to minimising the number of interactions within the IMT framework,
and this fact is indeed reflected by the behaviour of WSR in the right plot of Fig. 2. It is
important to point out that experiments using other translation quality metrics, such as
BLEU [22], lead to similar results as the ones displayed here with TER.
After verifying that DRR, as described in Sec. 4.1, is not valid for its application in
an IMT setting, we carried on implementing the version of DRR described in Sec. 4.2,
and the results can be seen in Fig. 3. In this case, the approach proposed improves the
amount of interactions required to correct a hypothesis, as measured by WSR. However,
improvements obtained are not mirrored in the PE setting, where TER is only slightly
improved for a very small α, and is actually higher with α values that do improve WSR.
Table 2 sums up the results above, with the purpose of providing more precision.
4

This corpus is available from http://www.statmt.org/wmt11/
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Fig. 3. Effect of α on the effort in PE and IMT, as measured by TER and WSR. DRR was implemented according to Sec. 4.2. The amount of random weights obtained was set to 500.
Table 2. TER and WSR scores for the two optimisation methods described in Sec. 4.
Optimisation method α TER WSR
baseline
– 55.5 60.2
DRR (Sec. 4.1)
0.001 54.4 60.4
DRR (Sec. 4.2)
0.01 56.2 59.9

6

Conclusions and future work

In the present paper, we have analysed the applicability of discriminative Ridge regression within a simulated CAT environment. In the experiments reported, DRR was
applied to update the log-linear weights of a state-of-the-art SMT system, both within a
post-editing scenario and an interactive machine translation scenario. Results show that
an implementation of DRR which optimises a traditional SMT evaluation metric and
provides improvements within a PE scenario may fail to provide improvements in an
IMT setting. Hence, a modification of DRR was carried out for its application in IMT,
where the evaluation metric is not associated to a single hypothesis but to a complete
wordgraph. Experiments with such modification present encouraging results.
As future work, we would like to study other possible ways of obtaining the set of
random weights Λ. An interesting possibility would be to obtain such weights by means
of Markov chain Monte Carlo. In addition, the size of Λ might also be important, since
the more weights sampled the higher the possibility of obtaining appropriate log-linear
weights for a specific test sentence. We also intend to analyse this in future work.
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