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Abstract. In many pattern recognition problems, learning from train-
ing samples is a process that requires important amounts of training data
and a high computational effort. Sometimes, only limited training data
and/or limited computational resources are available, but there is also
available a previous system trained for a closely related task and with
enough training material. This scenario is very frequent in statistical
machine translation and adaptation can be a solution to deal with this
problem. In this paper, we present an adaptation technique for (state-of-
the-art) log-linear modelling based on the well-known Bayesian learning
paradigm. This technique has been applied to statistical machine trans-
lation and can be easily extended to other pattern recognition areas in
which log-linear models are used. We show empirical results in which a
small amount of adaptation data is able to improve both the non-adapted
system and a system that optimises the above-mentioned weights only
on the adaptation set.

1 Introduction

Adaptation in pattern recognition is the task of porting a system trained on a
specific task or domain so that it can be used in a different environment. This
problem is particularly challenging in natural language processing and other
fields where the process of acquiring labelled training samples from a specific
domain or task is very costly, but a large collection of labelled data from a
similar task is already available. Hence, the challenge consists in being able to
modify the original models in such a way, that we are able to take advantage
of such large amounts of data available while having at our disposal only very
limited amounts of adaptation data.

The adaptation problem is a very common problem in statistical machine
translation (SMT), where it is very common to have very large collections of
bilingual data belonging to e.g. proceeedings from international entities such
as the European Parliament, the Canadian Parliament or the United Nations.
However, if we are currently interested in translating e.g. printer manuals, we
will need to find a way in which we can take advantage of such data.

The grounds of modern SMT, a pattern recognition approach to machine
translation, were established in [1], where the problem of machine translation
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was defined as follows: given a sentence x from a certain source language, an
equivalent sentence ŷ in a given target language that maximises the posterior
probability is to be found. Such a statement can be specified, according to the
Bayes decision rule, as follows:

ŷ = argmax
y

Pr(y|x) (1)

Recently, a direct modelling of the posterior probability Pr(y|x) has been widely
adopted, and, to this purpose, different authors [2,3] proposed the use of the so-
called log-linear models, where

Pr(y|x) =
exp

∑K
k=1 λkhk(x, y)

∑
y′ exp

∑K
k=1 λkhk(x, y′)

(2)

and the decision rule is given by the expression

ŷ = argmax
y

K∑

k=1

λkhk(x, y) (3)

where hk(x, y) is a score function representing an important feature for the
translation of x into y, as for example the language model of the target language,
a reordering model or several translation models. K is the number of models (or
features) and λk are the weights of the log-linear combination. Typically, the
weights Λ = λ1 . . . λK are optimised with the use of a development set.

Log-linear models implied an important break-through in SMT, allowing for
a significant increase in translation quality. In addition, log-linear models have
also been applied successfully in other pattern recognition tasks, such as text
recognition [4] and speech recognition [5]. In this work, we present a Bayesian
technique for adapting the weights of such log-linear models according to a small
set of adaptation data. Such technique, although applied to SMT in the current
paper, is easily extensible to other fields were log-linear models are used.

The rest of this paper is structured as follows. In the next Section, we perform
a brief review of current approaches to adaptation and Bayesian learning in SMT.
Section 3 describes the typical procedure for weight optimisation in SMT. In
Section 4, we present the way in which we apply Bayesian adaptation (BA) to log-
linear models in SMT. In Section 5, experimental design and experimental results
are detailed. Finally, conclusions and future work are explained in Section 6.

2 Related Work

Adaptation in SMT is a research field that is receiving an increasing amount of
attention. One of the first approaches to this task was performed by [6], in which
the translation model (TM) is implemented as an unsupervised multinomial mix-
ture of TMs, where each one was supposed to concentrate most of its probability
mass in a certain topic. Later, [7] applied other adaptation techniques to inter-
active machine translation, following the ideas by [8] and adding cache language
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models (LM) and TMs to their system. In [9], different ways to combine available
data belonging to two different sources was explored; in [10] similar experiments
were performed, but considering only additional source data. In [11], alignment
model mixtures were explored as a way of performing topic-specific adaptation,
the alignments being used only to extract phrases. Finally, other authors [12,13],
have proposed the use of clustering in order to extract the sub-domains of a large
parallel corpus and build more specific LMs and TMs, which are re-combined in
test time.

With respect to BA in SMT, the authors are not aware of any work up to
the date that follows such paradigm. Nevertheless, there have been some re-
cent approaches towards dealing with SMT from the Bayesian learning point of
view, such as [14], in which Bayesian learning is applied in order to estimate
appropriate word-alignments within a synchronous grammar.

3 Weight Optimisation in SMT

One of the most popular instantiations of log-linear models in SMT are phrase-
based models [15,16]. Phrase-based models allow to capture contextual informa-
tion to learn translations for whole phrases instead of single words. The basic
idea of phrase-based translation is to segment the source sentence into phrases,
then to translate each source phrase into a target phrase, and finally to reorder
the translated target phrases in order to compose the target sentence. For this
purpose, phrase-tables are produced, in which a source phrase is listed together
with several target phrases and the probability of translating the former into the
latter. Phrase-based models were employed throughout this work.

Typically, the weights Λ of the log-linear combination in Equation 3 Λ are
optimised by means of Minimum Error Rate Training (MERT) [17]: first, n-best
hypotheses are extracted for each one of the sentences of a given development
set. Next, the optimum Λ is computed so that the best hypotheses in the n-best
list, according to a reference translation and a given metric, are the ones that the
search algorithm would produce. These two steps are repeated until convergence,
where the weight vector Λ remains unchanged.

This approach has two main problems. On the one hand, it heavily relies on
having a fair amount of data available as development set. On the other hand,
it only relies on the data in the development set. These two problems have as
consequence that, if the development set made available to the system is not
big enough, MERT will most likely become unstable and fail in obtaining an
appropriate weight vector Λ. In addition, running MERT in systems where the
user is waiting actively for the translation to be produced may not be acceptable.

However, it is quite common to have a great amount of data available in a
given domain, but only a small amount of data available from the domain we
are interested in translating. Precisely this scenario is appropriate for BA: under
this paradigm, the weight vector Λ is biased towards the optimal one according
to the adaptation set. However, over-training towards such set is avoided by not
forgetting the generality provided by the training set.
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4 Bayesian Adaptation for SMT

The main idea behind Bayesian learning is that parameters are viewed as random
variables which have some kind of a priori distribution. In such case, observing
these random variables leads to a posterior density, which typically peaks at the
optimal values of these parameters. Following the notation in 1, the previous
statement can be specified as

p(y|x; T ) =
∫

p(y, θ|x; T )dθ (4)

where T represents the complete training set and θ are the model parameters.
Since in this case we are interested in Bayesian adaptation, we need to consider

one training set T and one adaptation set A, leading to

p(y|x; T, A) =
∫

p(y, θ|x; T, A)dθ

=
∫

p(θ|T, A)p(y|x, θ)dθ (5)

In Equation 5, the integral over the complete parametric space forces the model
to take into account all possible values of the model parameters, although the
prior over the parameters implies that our model will prefer parameter values
which are closer to our prior knowledge. Two assumptions have been made:
first, that the output sentence y only depends on the model parameters (not on
the complete training and adaptation data), and second, that model parameters
do not depend on the actual input sentence x. Such simplifications lead to a
decomposition of the integral into two parts: the first one, p(θ|T, A) will assess
how good the current model parameters are, and the second one, p(y|x, θ), will
account for the quality of the translation y given the current model parameters.

Operating with the probability of the model parameters, we obtain:

p(θ|T, A) =
p(A|θ; T ) p(θ|T )

∫
p(A|θ) p(θ|T ) dθ

(6)

p(A|θ; T ) = p(A|θ) =
∏

∀a∈A

p(xa|θ) p(ya|xa, θ) (7)

where the probability of the adaptation data has been assumed to be independent
of the training data and has been modelled as the probability of each bilingual
sample (xa, ya) ∈ A being generated by our translation model.

Assuming that the model parameters follow a normal distribution, we obtain

p(θ|T ) =
1

(2π)−σT /2|σT |−1/2
exp

{

−1
2
(θ − θT )T σ−1

T (θ − θT )
}

(8)

where θT is the set of parameters estimated on the training set and σT is the
variance, which has been assumed to be bounded for all parameters.
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Lastly, assuming that our translation model is a log-linear model (Equation 3)
and that the only parameters we want to adapt are the log-linear weights:

p(y|x, θ) =
exp

∑
k θk fk(x, y)

∑
y′ exp

∑
k θk fk(x, y′)

(9)

Finally, combining Equations 7, 8 and 9, yields:

p(y|x; T, A) =
∫

p(A|θ; T ) p(θ|T )
∫

p(A|θ) p(θ|T ) dθ
p(y|x, θ) dθ

= Z
∫ ∏

∀a∈A

p(xa|θ) p(ya|xa, θ) N (θ; θT , σT )p(y|x, θ) dθ (10)

= Z ′
∫ ∏

∀a∈A

exp
∑

k θk fk(xa, ya)
∑

y′ exp
∑

k θk fk(xa, y′)
(11)

exp
{

−1
2
(θ − θT )T σ−1

T (θ − θT )
}

exp
∑

k θk fk(x, y)
∑

y′ exp
∑

k θk fk(x, y′)
dθ

where, in Equation 10, Z is the denominator present in the previous equation
and may be out-factored because it does not depend on the integration variable.
In Equation 11, it has been assumed that the probability of the input sentence
does not depend on the model parameters, and hence it can also be out-factored.

5 Experiments

In this section we will detail the experiments carried out. We will first train a
SMT system on training data, and then we will analyse the performance of such
system when used for translating data which does not belong to the same domain
as the training data. We will follow two adaptation procedures. On the one hand,
log-linear model weights are estimated on the adaptation data, forgetting about
the estimates obtained in training time. On the other hand, we will perform
experiments with our BA technique, and finally compare both approaches.

5.1 Experimental Setup

In this work, we will be assessing translation quality by means of two standard
scoring metrics in SMT, namely BLEU and TER scores. BLEU measures the
precision of n-grams [18] with a penalty for too short sentences, whereas TER [19]
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.

To train the baseline system, we used the Europarl corpus [20], with the
partition established for the Workshop of SMT of NAACL 2006 [21]. Specifically,
we performed experiments on Spanish–English translation. The corpus Europarl
corpus is divided into three separate sets: one for training, one for development
and one for test. The figures of the Europarl corpus are shown in Table 1.
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Table 1. Main figures of the Europarl corpus. OoV stands for Out of Vocabulary.

Spanish English

Training
Sentences 731K

Run. words 15.7M 15.2M
Vocabulary 103K 64K

Development
Sentences 2000

Run. words 61K 59K
OoV words 208 127

Test
Sentences 2000

Run. words 60K 58K
OOV words 207 125

Table 2. Main figures of the Xerox and EU corpora. OoV stands for Out of Vocabulary.

Xerox EU
Spanish English Spanish English

Training
Sentences 55K 164K

Run. words 712K 631K 3.4M 3.1M
Vocabulary 11K 8K 45M 34M

Test

Sentences 1120 800
Run. words 10K 8K 23K 20K
OoV words 42 27 97 81

OoV w.r.t. Europarl 131 139 156 178
ppl w.r.t. Europarl 2555 9595 130 194

Since we will be performing adaptation, we also used two other corpora,
namely the Xerox corpus [22] and the EU corpus [23]. The Xerox corpus is
a compendium of user manuals for Xerox printers and photocopiers and was
translated from English into other languages by Xerox’s language services. The
EU corpus was built from the Bulletin of the European Union and is publicly
available on the Internet. In this paper, we will focus on the Spanish–English
sub-corpora. These two corpora are divided into two separate subsets, one for
training and one for test. Their characteristics can be seen in Table 2. It must be
noted that EU and Europarl corpora belong to very similar domains, whereas
Xerox belongs to a very different domain. This fact is the reason why the Xerox
corpus reports such high perplexity (ppl) rates with respect to a language model
estimated on the Europarl corpus. Intuitively, perplexity measures how “sur-
prised” the language model is when provided a given test set, i.e. how different
such set is with respect to the data it was trained on.

We conducted our experiments by means of the Moses toolkit [24], which
implements a statistical log-linear model including five translation scores, a lan-
guage model, a distortion model, and word and phrase penalties. The five trans-
lation scores included provide standard direct and inverted frequency-based and
lexical-based probabilities for each phrase pair in the phrase-table.
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The initial weights for the log-linear model were estimated by means of MERT
on the Europarl development set, as is typically done in SMT. The score to be
optimised in this case was BLEU.

5.2 Practical Approximations

In order to find the best scoring sentence according to Equation 11, we asked the
decoder to output a list of 500-best for each one of the translated sentences. Such
n-best list was then re-ranked according to the score provided by Equation 11
after dropping the normalisation factor Z ′, since such factor is constant when
choosing the maximum scoring output sentence.

Since a true integral over all possible weights is not feasible for computa-
tional reasons, we discretised the integral to consider only a set of sample weight
vectors. Here, such sampling was performed by taking into account the weights
considered by MERT for the in-domain development set. The idea behind such
sampling is to perform a Monte Carlo-like sampling of the model parameters.

A last consideration when attempting to implement the Equation 11 is that
the first part of the integral, the product over all samples in the adaptation set,
cannot be computed with typical state-of-the-art phrase-based SMT systems,
since e.g. out-of-vocabulary words may imply that the SMT model is unable to
explain a certain bilingual sentence completely. Hence, instead of computing

∏

∀a∈A

exp
∑

k θk fk(xa, ya)
∑

y′ exp
∑

k θk fk(xa, y′)
(12)

we will need to compute
∏

∀a∈A

exp
∑

k θk fk(xa, y∗
a)

∑
y′ exp

∑
k θk fk(xa, y′)

(13)

where y∗ represents the best hypothesis the search algorithm is able to produce,
according to a given translation quality measure. Since BLEU is not well defined
at the level of sentence because it implements a geometrical average which can
be zero, we will be using TER for this purpose.

5.3 Experimental Results

We conducted adaptation experiments by using the SMT system trained on
Europarl as a baseline system and translated the Xerox and EU test sets. Then,
increasing the number of adaptation samplesmade available to the systemwas con-
sidered, starting from 10 up to 140.These adaptation samples were drawn from the
respective training corpus, i.e. when translating the Xerox test set, the adaptation
samples were drawn from the Xerox training corpus. In order to provide robustness
to the results presented here, 15 random samplings for each size of the adaptation
subset were drawn. These adaptation data were used either for weight estimation
via MERT, or as adaptation set for our BA technique. Results can be seen in Fig-
ures 1and2. It is important to remember that the higher theBLEUscore thebetter,
as opposed to TER, where lower scores imply better translation quality.
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Fig. 1. Performance of baseline and both adaptation techniques when increasing the
number of adaptation samples. Translation quality is measured with BLEU and TER
for the Xerox test data. 95% confidence intervals are shown.
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Fig. 2. Performance of baseline and both adaptation techniques when increasing the
number of adaptation samples. Translation quality is measured with BLEU and TER
for the EU test data. 95% confidence intervals are shown.

As the figures show, the translation quality produced by the system with Λ
adjusted by means of MERT turns very unstable, and the confidence intervals get
very big. In average, such system is able to improve the baseline, but at the risk of
producing very bad quality translations. This is not an acceptable behaviour for
a system that is set on-line for translating. Furthermore, the computational cost
of running the MERT algorithm, even for small amounts of adaptation data, is
prohibitive whenever the system is required to produce translations in real-time
environments, in which the user awaits for a translation to be produced almost
immediately. In contrast, the BA technique is able to yield improvements over the
baseline translation quality even when very small amounts of adaptation data are
available, with a much more predictable behaviour: while the confidence intervals
have a range of about 7 points for BLEU and even 23 points for TER, BA is able
to reduce the intervals to less than a single point in almost every case. Although
estimating Λ only on the adaptation set seems to perform on average better than
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BA, this comes at the risk of producing much worse translations. Moreover, the
formula described in 11 can easily be incorporated into the decoder, without any
significant increase in computational complexity.

6 Conclusions and Future Work

The results presented in the previous section show that the BA technique imple-
mented is able to provide consistent improvements over the baseline, although
these are not very big, even when a very small amount of adaptation data is
available. Precisely in this scenario is in which a true adaptation technique is to
be applied: if enough adaptation data is available, then the best “adapted” sys-
tem is the system trained only on the adaptation data. Hence, when the amount
of adaptation data available increases, MERT is able to yield better results. How-
ever, it must also be noted that MERT heavily depends on the data provided,
as the confidence intervals show, and this can lead to unexpectedly high or low
translation quality without being able to know the behaviour in advance.

Nevertheless, there are several details that must still be taken care of, and
that we plan to address in future work. First, if we look at Equation 11, it seems
very obvious that the first and the second component of the integral, i.e. the
probability of the adaptation data and the prior over the model parameters, are
clearly in very different numeric ranges. This has as effect that the probability
of the adaptation sample may have less discriminative power than the prior, and
this, in turn, may be the reason why the results presented are so stable, but
do not yield very big improvements. We plan to address this in future work by
introducing weighting coefficients to compensate for this. Such coefficients might
need to be trained, but most likely only once, independently of the corpus used.

The way in which the weight sampling is done is also bound to have an
important impact on the final results. We also plan to address it in future work.

The derivation presented here can be quite easily extended in order to adapt
the feature functions of the log-linear model (i.e. not the weights). This is bound
to have a more important impact on the quality of the translations produced,
since the amount of parameters to be adapted is much higher.
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