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Abstract

We propose dlexible and efficiendomain
adaptation method that yields consistent im-
provements in machine translation (for 11 lan-
guage pairs). The idea is to decompose the
word alignment process into two steps, model
training and alignment inference, and perform
Bayesian adaptation on the latter. This modu-
larity allows one to incorporate out-of-domain
data without the need to modify existing train-
ing algorithms. We show how ideassequen-
tial Bayesian methodsan be naturally applied
to the word alignment problem and demon-
strate various positive results on EMEA and
NIST datasets.

1 Introduction

parliament bitext, and our target in-domain appli-
cation is the medical domain. The in-domain bi-
text may be sufficient to build a reasonable medi-
cal translation system; however, our goal is to fur-
ther improve upon this in-domain baseline using the
large out-of-domain bitext. We will focus our atten-
tion on translation model adaptation, and use stan-
dard methods for language model adaptation.

To begin addressing this problem, we divide the
training pipeline for building a translation model
into the following four steps:

e Step 1. Word alignment model training:
Given bitext aligned at the sentence level, train
a word alignment model.

e Step 2: Alignment inference on bitext: Given
an alignment model, predict the alignment

Progress in statistical machine translation (SMT) is
driven both by invention of new models and by in-

creases in training data. To date, the largest train-
ing data are bitexts from international organizations

such as the United Nations and European Parlia- ®

ment. Although these training data are valuable,
they may be from a different domain than the one
where the machine translation system will be de-
ployed. Thus a natural question is whether these
so-called out-of-domain data can be exploited for

points on a bitext. The bitext used in Step 1 and
Step 2 are usually the same, though this need
not be the case (as in our proposed method).

Step 3. Phraselrule extraction on bitext:
Given alignment points, find all consistent
phrase pairs or translation rules.

Step 4. Phrase/rule score estimation: Assign
(probability) scores to the extracted rules

improving SMT for other target domains. This is \ye ask the question: Which step should we spend

a domain adaptation problem.

our efforts? Existing domain adaptation methods

In this paper, we are concerned with the common___
domain adapta'“on scenario where we have at our !Recall we can divide a SMT system into the translation

disposal (1) a large out-of-domain bitext, and (2) %

odelp(e|f) and language model(e) components. Given a
reign sentence, the translatiore that achieves high proba-

small-to-medium sized in-domain bitext. For con+jjity in both models is preferred. Both components shouwd b
creteness, let us say that our out-of-domain data iglapted under domain adaptation scenarios.



differ in where they inject out-of-domain informa- In the following, Section 2 describes our proposed
tion in the pipeline. For example, Wu et. al. (2005)Bayesian adaptation method. Section 3 discusses
improves alignment model training by interpolationexperimental results from two tasks (EMEA, NIST)
with out-of-domain models (Step 1); Marton et. aland 11 language pairs. Section 4 reviews related
(2009) finds new phrases from additional monolinwork, and Section 5 discusses our conclusions.
gual corpora to reduce out-of-vocabulary rate (Step _ _
3); Foster et. al. (2010) improves phrase scores by Alignment I nference Adaptation
discriminative weighting (Step 4).
To the best of our knowledge, there is no prio.1 General Bayesian Framework
research on allgnment inference adaptation (S_tep 2,C)\Iignment inference is the task of predicting
so we focus on it here. The advantage of focusing of); . . .
) - alignment points on a given sentence-pair, us-

Step 2 is thdlexibility: our method does not need to. . .

: X . . ing a pre-trained word alignment model. Let
modify any word alignment training algorithm, nor

are we limited to particular model formalisms (e (e1, /i) be a sentence-pair consisting @f En-
P 'g'glish words{eq,es,...,er} and J Foreign words

phrase vs. hierarchical rules) required for the ex; f /1. We define an alignment matrix
H H 15J2y---5J)Jf"
traction/scoring steps. All we need are the standar € {0,1)77 to be anI-by-J matrix where each

toolsets for the training pipeline, and a pre'eXiStin%IementA- indicates whether words; and f; is
word alignment model that can generate n-best “Stsligned (4” — 1) or not (4, — 0) ' /
L/ (A

_Therefore, adaptation in Step 2 has wide appllcablf’il We already have a pre-trained word alignment

1. model, such as IBM Model 4. Suppose this model

Although Step 1 and Step 2 are sometimes €O trained only on in-domain bitext, so we call it

sidered as a single process, we will show thaM"". The goal of alignment inference, under the

thel decdomp05|t|on|nto two St?git.'s qu{;gt bﬁPEf"”Bayesian framework, is to compute the posterior
cial and opens up new possibilities. Virtually a P(A|Mim; el f7) for the sentence paie!, f7).

SMT systems can be interpreted as consisting of thﬁgis is obtained by Bayes theorem:
aforementioned 4-stage pipeline (e.g. phrase-base '

(Koehn et al., 2003; Och and Ney, 2004), hierarchi-

cal (Chiang, 2007; Wu, 1997), and tree-based (Quirk, A | 5 7in. el 1) o p(MTIA: el fVp(A el 7
etal., 2005; Galley et al., 2004; Mi et al., 2008)). Balvrsel gf) ocparmlAsel, 5 m(a; 1";11;

Our approach can be briefly summarized as fol- whereli"(A) = p(Mi"|A;el, f) is the likeli-

lows: First, we train a word alignment model on 3hood of an alignment result under the modef™
large general-domain dataset, then predict the alig;, p(A:el, f7) is the prior over alignments. In

ment points for an in-domain bitext. The n-best listher words, the optimal alignment should be both
of predlctlons are used to compute a Bayesian prlq{lgmy Ilkely according to the in-domain model

indicating thea priori belief of any two words being Mi", and have high probabilitya priori. The prior

aligned. Then, alignment inference of in-domain bi'probability is gleaned from large general-domain

text is viewed as @equential Bayesian upda® 15 details of which will be discussed in the next

weighted alignment matrices. The idea is to efyaqtions.

fectively balance the uncertainty in alignment from £ tactable computation of Equation 1, we
both in-domain and general-domain bitexts. assume that the probability of an alignment matrix
The contribution of this paper is two-fold: A can be decomposed into a product of its matrix

_ _ _ _ elements. Equation 1 can now be rewritterf as:
e We identify alignment inferenceas an open
area for SMT adaptation research. . .
P(AIM™) o< Ih<i<r1<j<g (A |M™)  (2)

e We propose a method that models alignme 2To simplify notation, we have now dropped the condition-

mfer?nce aS_Ba¥95|an Z.:ldaptatlor.l of alignmentg termse! . £/ but remember that inference is always done for
matrices, which is effective on various datasetsa particular sentence pair.



Algorithm 1 Alignment Inference by Sequential Bayesian Adaptation

Input: Bitext: 7", Tout

Output: Posterior alignment matriA

for each sentence-pair i

. M™ = AlignModelTrain(*")

M9em = AlignModelTrain(concdf™™™ + T°%])

. for each sentence-pair i do

for each(e;, f;),1 <i<I,1<j<Jdo
Estimate likelihoodt;;, b;; by Eq. 3 and 4.
Estimate priofo;; and3;; by Eq. 7 and 8.
Set posterior of;; asaﬁ‘gjiﬁ (Eq. 6)

end for

Recreate alignment matriX by Eqg. 2

. end for
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Each of the individual terms in Equation 2 is nat-The Gamma functio'(-) serves as a normalization
urally modeled by a Bernoulli-Beta distribution, asconstant andy;; and 3;; are hyperparameter esti-
A;; is a binary variable. The advantage of this demated from general-domain data. After observing
composition is we can perform Bayesian updates dff*(A;;), the posterior ofuis: P(u|M™, j, Bij) =
Bernoulli-Beta in closed-form, which is scalable for L(@ijtai; t0;tbii) ) jaiy+ai=1(1 — 1)Bi+bi—1, Fi.
raning on datasets with mifiions ot words. nally, the posterior alignment can be calculated by

Specifically, the probability that; and f; are jntegrating outy, which leads to a simple formula
aligned follows a Bernoulli distribution with param- ¢5r inference:

eteru: P(Ay|p) = pis (1 — p)(1=44)., If we were

a non-Bayesian (frequentist), we would estimate a
S|_ngle value foru_ using the likelihoods of N-best p(Ay; = 1|M™, a5, Bij)
alignments resulting iml;; = 1 vs. A;; = 0:

1
_ /O p(Ai; = 1w)p(ulM™, s, i)

Qi3 = Z lln(A/)(s(AU = 1)/Z (3) — Qij + Qg (6)
AeN(Lf]) a;j + bij + agj + Bij
bij = Z I™(A6(Ai; = 0)/Z  (4) Compared to frequentist estimation (Equation 5),

Bayesian inference allows the incorporation of ad-
ditional “counts”a;; and3;;. Intuitively, «;; repre-
A (5) sents the prior belief that; and f; are aligned, and
aij + by Bi; represents the opposing belief that they are not.
Here N(ef, f{) represents the N-best list of To summarize: looking back to the original Eq.
alignments, 4(-) is the identity function, and 1, we see that the posterior alignment matrix is now
Z = Y aren(el ) ['"(A') is a normalizer . So computed element-wise by Eq. 6. The next sub-
predicted alignment probability is Simpw%' sections detail how the Eq. 6 is computed in prac-
the percentage of times and f; are aIignedJ in the tice. No_te that Wr_nle we have introduced a m_ethod
N-best list (Section 2.2 provides detalils). that achieves a nlce_b_alance_ b_etween Bayesian the-
On the other hand, being Bayesian, we do nd"Y and practical efﬁqency, |t_|s by no means _the
sety to a single value but allow it to be a random®nly way to perform alignment inference adaptation.

variable, fOIIOWIn%(at_hEB_ _t;eta (conjugate) prior: 3For an introduction of sequential Bayesian update and the
P(u|oig, Bij) = Wﬂairl(l — ,u)ﬁij_l. derivation for this particular form, please see (Bisho)@0

A’eN(el,fi)

P(Aij =1p) = p =



2.2 Calculation of Likelihood

This is similar to Eg. 3, except we use scores from

The likelihood terms ;; andb;;) in Eq. 6 can be the general model/se” rather.thanMi"; fij is cal-
computed effectively using the algorithm proposeulated analogously to Eq. 4:

by Liu et. al. (2009): First, we extract N-best align-
ments of sentence pdit!, ;) from M in forward
and reverse directions. Each alignment solution in
the N-best list is an alignment matriX’, with like-
lihood scorel(A’). To merge the alignments in
both directions, we take th&¥ x N cross-product of

Bij =

>

A’ENgen (ef, )

19" (A")6(A;; = 0)/Z  (8)

Summary and Caveat

N-best lists and multiply their likelihood scores. Fi-The pseudocode for the overall algorithm is pre-

nally, for each element in the alignment matrly;,
we computez;; andb;; by Eq. 3 and 4.

sented in Algorithm 1. Basically, the alignment ma-
trix posteriors are computed for each sentence pair

Note that if our word alignment model readily by combining statistics from in-domain and general-
outputs alignment posteriors (e.g. IBM model), welomain models.

can readily obtaim;; andb;; as alignment posterior
for wordse;, f;. We opt for Liu's (2009) approach

It is worth noting two caveats:

here since it makes our overall adaptation approach e Our Bayesian view is that there is a prior align-

more flexible to different choices of word aligners
(e.g. discriminative aligners that do not output pos-
teriors). In practicel00-best list appears sufficient
to approximate the posterior.

2.3 Calculation of Prior

The hyperparameters;; and 3;; represent prior
knowledge from general-domain data. We have
been using the terms “general-domain” and “out-of-

domain” somewhat interchangeably until this point. ®

Now we will define it clearly: general-domain bi-
text 79" is the concatenationof in-domain bitext

T and all available out-of-domain bitext¥t, i.e.
simply all the data for a language pair. We will use
general-domain bitext (not out-of-domain) to esti-
mate hyperparameters because we believe that the
prior ought to express general beliefs about a lan-
guage pair. This distinction is subtle but important.3

ment matrix, which is updated by in-domain
model statistics. This differs from previous
work in Step 1, e.g. (Wu et al., 2005), which
adopts a prior for alignmemhodel parameters
The distinction between adapting inference re-
sults and model parameters is an important one,
and this is what gives us a flexible general-
purpose method.

Eqg. 6 does not contain a tuning parameter be-
tween likelihooda;; and priora;;. This arises
from the sequentialBayesian update perspec-
tive, where each additional sample is counted
equally. It may be beneficial to have a parame-
ter if it can be tuned well without of overfitting,
but we do not consider it here.

Experiments

we are adapting from general- to-specific domair‘g_1 Datasets and Setup

rather than across (out-to-in) domains.

We define the prior termsa(; and 3;;) as align- We evaluate our proposed method un_der two tas_ks:
ment probabiliies under a general modef9e”. The EMEA task involves the translation of medi-
M9 s trained on a concatenation of in-domain ang@l texts from the European Medical Agency (Tiede-
out-of-domain bitexts to capture general languag&@nn, 2009). We test on ten language pairs—Danish
characteristics. This model then generates n-beld®), German (de), Greek (el), Spanish (es), Finnish
alignments on thén-domain portion of the bitext, (fi), French (fr), Italian (it), Dutch (nl), Portuguese

Similar to the likelihood, the prior is estimated as: (P), and Swedish (sv)-all translating into English.
The out-of-domain data are parliamentary texts from

Europarl (Koehn, 2005).
The NIST task involves translating newswire text
using Chinese-to-English NIST OpenMT 2008 data.

2.

AleNgen(e{vflJ)

P (A)o(Aij =1)/Z (7)

Q5 =



EMEA NIST
da [de Jel Jes [fi [fr it [nl [pt [sv mt06| mt08
in-domain|| 45.3 [35.5 [41.3 |45.0/33.6 [46.8|/47.7 |45.6 |46.3 |45.3 | 27.7 |24.4
general 46.1 | 36.1 (41.6 [46.9(34.0 |47.8/49.2 (46.1 |47.0 |45.2 || 28.7 |24.6
bayes 47.1% | 36.4* | 42.5% | 46.2| 34.6* | 47.9 | 49.3* | 46.2* | 47.5* | 45.9* || 28.7 | 25.0*

Table 2: Main Results: Test BLEU for EMEA (da,de,...,sv) &18T (mt06,08): Best results are in bold-font. Statis-
tical significant improvement ovgener al-domain model is indicated by asterisk (*).

\ H EMEA NIST \

| Language Pair|| 10 Europear zh-en |
In-domain Medicine Newswire
#sent train 100k 250k
#word train 1.2M 5.6M
#sent devset 2k 2.4k (MT04,05)
#sent testsetl 2k 616 (MTO6)
#sent testset2 - 691 (MTO08)
Out-of-domain|| Parliament | Heterogeneous
#sentence 1.2M 4.8M
#word 25M 107M

Table 1: Dataset statistics

pipeline. This clarifies the analysis: if we were
to include out-of-domain bitext for phrase extrac-
tion, our SMT system might acquire new phrases,
which reduces out-of-vocabulary rate and confounds
the analysis of alignment inference results. Further,
from preliminary experiments, we found that adding
out-of-domain bitext to all four steps actualte-
graderesults sometimes, due to increased ambiguity
of additional translation options on the target side.
For all systems, we use the Moses decoder,
adapted SRILM 3gram (EMEA) and 4gram (NIST),
MERT for weight optimization, and GIZA++
(Model4) as the underlying word alignment training
tool. Phrase tables are extracted from alignment ma-

We select a subset of newswire text from the alt_rices using the method of (Liu et al., 2009).

lowed resources listsas in-domain data.

Out-

2 Main Resaults

of-domain data is heterogeneous, consisting o

Hansards, broadcast conversations, weblogs, ef@ble 2 summarizes all our main results. We see that

The data statistics are shown in Table 1.
We compare 3 phrasal SMT systems:

bayes gives robust improvements in testset BLEU.
For example, for Danish-to-English translation, us-
ing in-domain data by itself achieves 45.3 BLEU

e in-domain model: Stepl: Train word align- (in-domain). This can be improved to 46.1 BLEU
ment model on in-domain bitext(*"). Step by concating out-of-domain dataygheral). The

2-to-4: Alignment inference on in-domain text, proposed method, however, further improves the re-
followed by phrase extraction and scoring.

e general-domain modd: Stepl: Train word
alignment model on concatenated in-domai
and out-of-domain bitext)/9¢™). Step2-to-4:
same asn-domain model. This simple ap-
proach is a strong adaptation baseline compet

tive in many tasks, c.f. (Duh et al., 2010).

sult to 47.1 BLEU bayes). For the NIST dataset,
we see thabayes improves uporngeneral andin-
.domain for the MTO08 testset, and ties witiener al
rPor the MTO6 testset.

On average,bayes improves overin-domain
model by 1.1 BLEU points. Further, in 9 of
12 casesbayes also outperformgyeneral-domain
mode by statistically significant marging, <0.05

e bayes. Stepl-to-2: Algorithm 1. Step3-to-4: (Zhang et al., 2004). We thus conclude that the pro-
same asn-domain model.

posed method is robust under adaptation scenarios.

Note that out-of-domain information is used only3.3 Analyses of Alignments

up to step 2 and excluded in further steps of th9Ve are also interested in checking if BLEU im-

“www.itl.nist.gov/iad/mig/tests/mt/doc/

provements correlate with quantifiable alignment



improvements. This evaluation is possible sincand out-of-domain data. One method is to interpo-
the NIST dataset contains some manual alignmetdte separate sets of parameters estimated from in-
annotations (LDC2006E93). We identified 892domain and out-domain data. Wu et. al.(2005) sets
sentence-pairs in our in-domain bitext that havéhe interpolation weights to be proportional to the
manual alignments. Note that this supervised inforelative frequency of observances in in-domain and
mation is never used in any part of our method.  out-of-domain data, while (Civera and Juan, 2007)
Figure 1 shows alignment precision/recall. Thdreats it as a hidden parameter in a mixture model.
curve is computed by thresholding the estimatedhese methods are similar to ours in that the moti-
weighted aligment matrix at different levels andvation is to improve alignments, but differs in that
computing precision and recall with the gold ref-the focus is on training (not inference).
erence. Interestinglybayes performs best, but 2) Alignment inference: To the best of our
general-domain also improves alignment. We con-knowledge, there is no previous work in this area.
jecture this is a common phenomenon, since manghe model training of Step 1 is related but not the
words have the same translatioegardlessof do- same. Instead, alignment combination works (Deng
main differences. So using out-of-domain data foand Zhou, 2009) may give some insights.
alignment (and not for finding new phrases) is rela- 3) Phrase extraction: Out-of-domain text may
tively robust. contain unseen phrases useful for in-domain data.
One approach attempts to discover paraphrases from
_ vord aignment performance ‘ large monolingual corpora (Marton et al., 2009;
Snover et al., 2008). Another is a self-training
approach that translates source in-domain text and
re-trains the translation model on synthetic data
(Bertoldi and Federico, 2009; Ueffing et al., 2007).
4) Scoring: Adaptation in the scoring step is the
most direct way to improve results since it is the
step closest to the final translation model. In fact,

]
| | =P in-domain model > é) | . .
407 | _ o general-domain model one could argue that all the previous ste_ps are sim-
35| | —— bayes ] ply pre-processing to narrow down the size of rule-
2 ‘ ‘ ‘ ‘ ‘ ‘ set/phrasetable; if scores are well-tuned, good trans-
60 6 70 75 8 8 90 95 lations can be achieved even if the ruleset is infi-

precision

nite in size. Recent approaches to score adaptation
Figure 1: Alignment Precision/Recall Curve using 892nvolve combining in-domain and out-of-domain
manually-annotated sentence-pairs in NIST task. scores at either the sentence or the phrase level (Shah
et al., 2010; Matsoukas et al., 2009; Foster et al.,
2010). A promising aspect about the latter two pa-
4 Related Work pers, in particular, is that they are able to incorporate
supervisednformation (likelihood or expected TER
There is a wide variety of previous work in SMT on the dev set) for score adaptation.
domain adaptation. It might be helpful to catego- We emphasize that our contribution is orthogo-
rize the methods based on (a) whether the methathl to previous work: alignment inference adapta-
focuses on a particular step in the training pipelingion can be combined with any adaptation method
and (b) if so, which step. Following the train-in other parts of the pipeline. It remains to be seen
ing pipeline in Section 1, we briefly survey the apiwhether the improvements are additive: while our
proaches in prior work: results are positive in both alignment and final trans-
1) Word alignment model training: Assume a lation performance, some work have shown weak
probabilistic model of alignment, where the parameorrelation between the two (Ayan and Dorr, 2006;
eters (e.g. lexical translation probabilities in theFraser and Marcu, 2009).
IBM Models) are estimated from a mix of in-domain There are also adaptation methods that do not tar-



get a particular step in the training pipeline. FortChris Bishop. 2006.Pattern Recognition and Machine
example, the information retrieval approach (Hilde- Learning Springer.

brand et al., 2005) begins by identifying a subse'?a"id Chiang. 2007. Hierarchical phrase-based transla-

Lo . . . . tion. Computational Linguistics33(2).
of out-of-domain bitext most similar to in-domain; Jorge Civera and Alfons Juan. 2007. Domain adaptation

this data subset can be used for any (or all) steps of i statistical machine translation with mixture mod-
the training pipeline. An alternative approach is to elling. InWMT.

train separate translation models for in-domain andohn DeNero and Klaus Macherey. 2011. Model-based
out-of-domain data, then combine the final models aligner combination using dual decomposition. In
log-linearly (Koehn and Schroeder, 2007) or dynam- Proceedings of the Association for Computational Lin-

. . . o guistics (ACL)
ically (Finch and Sumita, 2008; Lu et al., 2007). Yonggang Deng and Bowen Zhou. 2009. Optimizing

word alignment combination for phrase table training.
In ACL-IJCNLP (short papers)

We proposed a flexible and efficient method for doevin Duh, Katsuhito Sudoh, and Hajime Tsukada.
main adaptation in machine translation. The idea 2010. Analysis of translation model adaptation for

is to d h d ali t int statistical machine translation. FProceedings of the
IS {0 decompose the word alignment process N0 ,epnational Workshop on Spoken Language Transla

model training and alignment inference, and view o ((\WSLT) - Technical Papers Track

the latter as a sequential Bayesian update problemndrew Finch and Eiichiro Sumita. 2008. Dynamic
The advantages of our approach are: model interpolation for statistical machine translation.
In WMT.

1. Its modularity enables the use of any modeteorge Foster, Cyril Goutte, and Roland Kuhn. 2010.
training algorithm for word alignment, as long Discriminative instance weighting for domain adapta-
as it outputs N-best lists or posteriors. tion in statistical machine_ translation. EMNLP. _

Alexander Fraser and Daniel Marcu. 2009. Measuring

2. It gives consistent improvements over a multi- word alignment quality for statistical machine transla-

tude of datasets (2 tasks and 11 language pairs),tion. Computational Linguistics .
Michel Galley, Mark Hopkins, Kevin Knight, and Daniel

We have shown how alignment inference can be Marcu. 2004. What's in a translation rule? HLT-
efficiently modeled in a Bayesian way by using NAACL .
Bernoulli-Beta distributions. One direction of futureAMmut Silia Hildebrand, Matthias Eck, and Stephan Vo-

work is to relax the independence assuption used in 3¢ 2005 Adaptation of the translation model for
statistical machine translation based on information re-

Eqg. 2. For example, we might capture dependencies i ioval. InEAMT.

among alignment points as a 2-D Markov Randornghilipp Koehn and Josh Schroeder. 2007. Experimentsin
Field and develop tractable variational or MCMC domain adaptation for statistical machine translation.
inference algorithms to compute the posterior. An- In WMT. _

other direction of future work is to explore alterna-Philipp_Koehn, Franz Josef Och, and Daniel Marcu.

. . L . 2003. Statistical phrase-based translatiorHLT.
tive non-Bayesian methods for combining allgnmenﬁh"ipp Koehn. 2085. Europarl: a parallel corpus for

inference results, such as dual decomposition (DeN- statistical machine translation. MT Summmit

ero and Macherey, 2011). Finally, it would be in-Yang Liu, Tian Xia, Xinyan Xiao, and Qun Liu. 2009.
teresting to compare and combine the alignment in- Weighted alignment matrices for statistical machine
ference results with methods that directly adapt the translation. IEMNLP.

model parameters (e.g. (Wu et al., 2005)) Yajuan LU, Jin Huang, and Qun Liu. 2007. Improving
P e v ' statistical machine translation performance by training

data selection and optimization. EMNLP-CoNLL
Yuval Marton, Chris Callison-Burch, and Philip Resnik.

2009. Improved statistical machine translation using
Necip Ayan and Bonnie Dorr. 2006. Going beyond AER: monolingually-derived paraphrases.EMNLP.

an extensive analysis of word alignments and their imSpyros Matsoukas, Antti-Veikko |. Rosti, and Bing

pact on MT. InACL Zhang. 2009. Discriminative corpus weight estima-
Nicola Bertoldi and Marcello Federico. 2009. Do- tion for machine translation. IEMNLP.

main adaptation for statistical machine translation wittHaitao Mi, Liang Huang, and Qun Liu. 2008. Forest-

monolingual resources. WMT. based translation. IACL.

5 Conclusionsand Future Work
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