Building Multiword Expressions Bilingual Lexicons for Domain Adap-
tation of an Example-Based Machine Translation Sysim

1

Multiword Expressions (MWES) play a major
role in several natural language processing appl
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Abstract

We describe in this paper a hybrid ap-
proach to build automatically bilingual
lexicons of Multiword Expressions
(MWES) from parallel corpora. We more
specifically investigate the impact of using
a domain-specific bilingual lexicon of
MWEs on domain adaptation of an Exam-
ple-Based Machine Translation (EBMT)
system. We conducted experiments on the
English-French language pair and two
kinds of texts: in-domain texts from Euro-
parl (European Parliament proceedings)
and out-of-domain texts from Emea (Eu-
ropean Medicines Agency documents) and
Ecb (European Central Bank corpus). The
obtained results indicate that integrating
domain-specific  bilingual lexicons of
MWESs improves translation quality of the
EBMT system when texts to translate are
related to the specific domain and induces
a relatively slight deterioration of transla-
tion quality when translating general-
purpose texts.

Introduction

CEA, LIST, Vision and Content Engineering Laborgtdf-91191, Gif-sur-Yvette, France
nasr edi ne. semmar @ea. fr,

meri ama. | ai b@ea. fr

Marcu, 2007). As Statistical Machine Translation
(SMT) systems use the translation table probabili-
ties produced by this word alignment tool, the
translation quality of these systems is highly im-
pacted by the performance of Giza++.

In this paper, we discuss the application of do-
main adaptation to an Example-Based Machine
Translation (EBMT) system. In particular, our in-
vestigation focuses on the impact of using a do-
main-specific bilingual lexicon of MWEs on the
performance of this system. Two kinds of texts
corpora are used in our investigation: in-domain
texts from Europarl (European Parliament pro-
ceedings) and out-of-domain texts from Emea
(European Medicines Agency documents) and
Ecb (European Central Bank corpus).

The remainder of the paper is organized as fol-
lows. In section 2, we first present a state-of-the
art on domain adaptation for SMT, and then, we
survey previous work on the use of multiword ex-
pressions in MT. Section 3 describes a hybrid ap-
proach to build bilingual lexicons of multiword
expressions from parallel corpora. Section 4 pre-
sents briefly the EBMT system. In section 5, the
experimental results are reported and discussed.
Finally, the conclusions and future work are pre-

isented in section 6.

cations such as Machine Translation (MT) and lated K
Cross-Language Information Retrieval (CLIR) 2 Related Wor

because they often characterize specific-domainf, the Jast few years, a number of approaches have
vocabularies. The identification and the align-peen explored to deal with domain adaptation in
ment of MWEs from parallel texts is a complex gyt (Hildebrand et al., 200%.ewis et al., 2010
task (Sag et al., 2@9Hurskainen, 2008; DeNero Banerjee et al., 2010Bungum and Gambéck,
and Klein, 2008; Bouamor et al., 2012; Ramisch, 2011 Axelrod et al., 201:1Pecina et al., 2011
2014; Semmar and .Laib, 2017). Statistical ap-\Nang et al., 20LMathur et al., 2015Semmar et
proaches for word alignment (Brown et al., 1993)5|  2015). These approaches can be classified into

are unable to handle many-to-many alignment§pree distinct categories: supervised (Daumé |,
and as a result they cannot take into account cobyg7.: Foster and Kuhn. 2007: Koehn and

rectly MWEs present in parallel corpora. For in- Schroeder, 2007; Civera and Juan, 2007), semi-
stance, the automatic word alignment tool Giza++gpervised effing, 2006; Ueffing et al., 2007;
(Och and Ney, 2002) which implements IBM effing et al., 2008) and unsupervised (Wu et al.,
models can produce noisy (non perfect) output$yog; Bertoldi and Federico, 2009). The first cat-
in particular when it aligns MWEs (Fraser and egory (supervised approaches) consists in manipu-
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lating in-domain and out-of-domain data in orderadaptation corpus with an existing machine trans-
to adapt language and translation models (Eck édtion system, and they trained statistical models
al. 2004; Daumé III, 2007; Foster and Kuhn, from the synthetic corpus. They reported that the
2007; Koehn and Schroeder, 2007; Civera and  most important improvement is provided by
Juan, 2007; Daumé III and Jagarlamudi, 2011).  adapting the language model. The adaptation of
Daumé Il (2007) used dictionary mining tech-the translation model and the reordering model
nigues to find translations for unseen words fronproduces small improvement.

comparable corpora and integrated these transla- As regards exploiting multiword expressions in
tions into a statistical phrase-based translatysh s domain adaptation, several works attempted to in-
tem. Likewise, Civera and Juan (2007) used mortegrate these units in machine translation systems
olingual corpora to adapt MT systems designe@Hurskainen, 2008; Ren et al., 2009; Carpuat and

for Parliament domain to work in News domain.Diab, 2010; Pal et al., 2011; Bouamor et al., 2012;

The obtained results showed significant gains isemmar and Laib, 2017). Hurskainen (2008) de-
performance. On the other hand, Eck et al. (2004cribed different ways to identify and isolate
limited adaptation to the target language modeMWESs, and presented a method to mark MWEs
The general-purpose language model is combindd order to integrate this resource in a rule-based
with one estimated on documents retrieved fronMT system. The author observed that when
the Web. These documents are obtained by usifndWEs have been described in the linguistic ana-
cross-language information retrieval techniquedyzer of the MT system, they can be automatically
The objective of the second category (semiincluded as part of the bilingual lexicon of the-sy
supervised approaches) is to train an SMT systetem. Ren et al. (2009) integrated bilingual MWEs
on a small amount of data and then iteratively iminto the decoder of the SMT system Moses. They
prove its performance by translating additionabbserved a high improvement when they added a
monolingual source language corpora and addinfgature that identifies whether or not a bilingual
the reliable translations to the training corpugphrase contains bilingual MWEs. Carpuat and Di-
(Ueffing, 2006; Ueffing et al., 2007; Ueffing et al., ab (2010) generalized this approach by replacing
2008). Ueffing et al. (2007) explored monolingualthe binary feature by a count feature representing
texts in the source language to improve the MThe number of MWEs in the source language
system performance. They used an initial versiophrase. Pal et al. (2011) converted the MWESs pre-
of the translation system to translate texts in theent in the parallel training corpus into single to
source language. The generated translations akdns in order to improve the phrase alignment
their sources are then used as a new parallel caquality. They reported that this preprocessing step
pus for training an additional translation modal. | improved the translation quality of a phrase-based
this way, the translation system is adapted to thstatistical machine translation system. Recently,
new source texts even if no bilingual corpus infSemmar and Laib (2017) described, on the one
this domain is available. The third category in-hand, a hybrid approach to identify and find bilin-
cludes (unsupervised) approaches where imgual MWES correspondences from a parallel cor-
domain bilingual corpora do not exist (Langlais,pus, and on the other hand, three strategies to in-
2002; Wu et al., 2008; Bertoldi and Federico, tegrate a bilingual lexicon of MWES into the SMT
2009). Langlais (2002) added the content of aystem Moses.

domain-specific lexicon into the training corpus The approach we implemented to deal with
used to generate the translation model of a SM@lomain adaptation in our Example-Based Ma-
system. Wu et al. (2008) described a methodhine Translation system is close to the work of
which first uses out-of-domain corpora to train alLanglais, 2002) and (Hurskainen, 2008). It con-
baseline system and then uses in-domain translaists in adding a domain-specific bilingual lexicon
tion dictionaries and in-domain monolingual cor-of MWES to the general-purpose bilingual dic-
pora to improve the in-domain performance. Bertionary of the EBMT system.

toldi and Federico (2009) investigated cross-

domain adaptation of the state-of-the-art SMT3 Building Bilingual Lexicons of Multi-
system Moses (Koehn et al., 2007) by exploiting ~ word Expressions

large monolingual corpora. They generated a syn-

thetic parallel corpus by translating a monolinguall "€ré are mainly two strategies to extract bilin-
gual MWEs from parallel corpora. The first strat-

662
2



egy consists to acquire translations of phrasdsansform the product into a sum. When opti-
from parallel corpora in one step. Phrases are natized, the integer program yields the optimal
necessary MWEs, they are contiguous sequencagnment:

of a few words that encapsulate enough context 1 .y 5~ W, i

be translatable (DeNero and Klein, 2008 L4k,

Marchand and Semmar, 2011). The second strat

gy firstly, identifies monolingual MWEs candi- |7z :1<x < |e| 2 Byy=1 1)
dates and then applies alignment approaches |,, ., _ Q‘J"g“” Fiia @
find bilingual correspondences (Daille et al., klk<y<

1994; Blank, 2000; Barbu, 2004). In the second Vi, j 2 Aijkt 2> Eij (3)
strategy, the MWEs extraction can be processe| v g s> B @
by using symbolic methods founded on morpho| " Sl Sl
syntactic patterns, or, through statistical apgmeac |V i, j, .1 2-Aijri < Bij+Frg (5)

es, which use automatic measures to rank MWEs

candiqlates. Fipally, MWEs extrac?ion can b_e done nder the following constraints:

by using hybrid approaches, which combine the

two first strategies. {
Our hybrid approach for MWEs alignment per-

forms terminology extraction and alignment of _ o _

MWESs from parallel texts in one step (Marchand Constraints (1) and (2) indicate that a word is

and Semmar, 2011). The main idea of this aphside exactly one phrase. Constraint _(3) ensures

proach is to consider the global task of identificathat each phrase in the selected partitioe ap-

tion and alignment of MWESs as an optimizationPars in at least one link (and likewise constraint

problem. In order to linearize this optimization(4) for f). Finally, constraint (5) ensures that if a

problem, we made the hypothesis that a MWE idnk exists betweer; andfu (A = 1) thene; and

composed of contiguous units. We use, then, intdw @re in the selected partitions efandf. This

ger linear programming to find an approximatedconstraint allows a phfas.e to be aligned with sev-

optimal solution (DeNero and Klein, 2008). In er_al other phrases. This integer program can work

this model, a sentence pair consists of two wordith any real-valued scoring function.

sequences andf, g is the MWE from between- 5 Scoring Based on Co-occurrence of

word positiong to of e,andfy is the MWE from MWES

between-word positionk to | for f. A link is an

aligned pair of MWESs, denoted,(f,). Eache; is \We use a sentence aligned corpus to compute the
allowed to be linked with sever and eacH,, ~ CO-occurrence score. For each MWE, we consider

with severalg,. An alignmenta of the sentence its presence or absence in each sentence, and thus,
pair ,f) is a segmentation of the two sentences i€ score between two MWE andf, is com-
MWES with the set of links between these MWEsPUted as follows:
We use a real-valued functigrto score links. Na(eij) X No(fi)

¢ et X Afuy = B

0<i<l|e, O0<ji<le, <3
o<k<l|fl, O<l<|fl, k<l

gl

‘f—""r.‘(faj- f.icf) = Z *I\IYS(EZIJ)

Y + No(frr) — Noleiz) X No(fuar)

SED

The score of an alignmeatis the product of all

the links inside it WhereNJg)) is 1 if the phrases; of the first

language is present in the sentesoé the corpus
Ha) = H &eijy frr) S and0 otherwise.Ng(fi) is similar for the other

language. This score calculates the number of
, _ _ common presence of both MWEs divided by the
. In order to f'T‘d_the ah_gnment (Segm.entat.|on "humber of total presence of either MWE. Note
links) that maX|m|zes this scc_)re, we, first, mtro—that if none ofe; or f, appears in the whole cor-
duce binary variablegy, denoting whether a link

) b 4t Furth X pus, the score is set @ Indeed, if two MWEs
exists betweer; andiq. Furthermore, we intro- appear exactly in the same bi-sentences, they are
duce binary indicators jEand kg that denote

robably translation of each other and the score
whether someg{, .) and (.,fiy) appear ira, respec- \F/)vill be 1%’

tively. Finally, we use Wy, = log(®(g;, f«)) to

(i, fk1)Ea
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3.2 Filtering MWEs Candidates means of the multilingual analyzer LIMA (Besan-
¢on et al., 2010) and the English-French lexicon is

MWESs, we filter the results, on the one hand, byrPmPosed of 243539 entrieFhe cross-language
removing the longer MWESs if a shorter MWE occurs S€rch engine returns translation candidates repre-

in thesecandidatesand on the other hand, by keep-Sented as graphs of words and encoded with Fi-
ing only MWEs which match with a list of morpho- Nite-State Machines (FSMs). Each transition of
syntactic patterns built manually (Bouamor et al.the automaton corresponds to the lemma and its
2012). linguistic information (Part-Of-Speech, gender,
number, etc.) which is provided by LIMA.
4 Example-Based Machine Translation  The role of the Bilingual Reformulator consists,
System on the one hand, in transforming into the target
l[anguage the syntactic structure of the sentence to
Yranslate, and, on the other hand, in translateg i

o ) . . vords. The reformulator uses a set of linguistic
trieving translation candidates from a monolingua

: | h _ ules to transform syntactic structures from the
COTpuS USING a cross-language search engine, pigs, .q language to the target language (Syntactic
ducing translation hypotheses using a bilingual r

; I q ina th best lati et'ransfer) and the bilingual lexicon of the cross-
ormular, and generating the n-best transiation nguage search engine to translate words of the

from the cgmblnatlon of translation C"’md'datessentence to translate (Lexical transfer). These
and translation hypotheses (Semmarr et al., 2015)rules are built manually and are based on morpho-

' syntactic patterns (Table 1). Phrases correspond-

After obtaining an ordered list of bilingual

The translation process of the proposed EBM
system consists of several steps (Figure 1): r

Sentence fo trandlate ing to each pattern are identified by the syntactic
analyzer of LIMA during the step of recognition

! ' of verbal and nominal chains. These phrases are
Crosslanguage Search Engine Bilingual Reformulator extracted from the sentence to translate and are
accepted by a FSM transducer whose outputs are
instances of these phrases in the target language.

(Source langua ge)

General-purpoze + Domain

specific Bilingual lexicons

English pattern French pattern
Adj-Noun Noun-Adj

I I Adj-Adj-Noun Noun-Adj-Adj
Translation candidates Translation hypotheses Vu Noun-Prep-Noun Noun-Prep-Noun

(Target language) (Target language) Noun-Prep-Adj-Noun| Noun-Prep-Adj-Noun

i ! Noun-Noun Noun-Noun
Generator of Translations
T Table 1: Some frequent patterns to transform syn-
ﬂu tactic structures from English to French.
Translations
(Target language) The Generator of Translations produces the n-

Figure 1: Main components of the Example- best translations from a set of word lattices. €hes
Based Machine Translation system. word lattices correspond to the combination of the
results returned by the cross-language search en-

The Cross_|anguage Search Engine extracts f@.}ine and the blllngual r.efOI'mU|atO.|'. The combina-
each sentence to translate (user’s query) sentendé¥) process consists in composing FSMs corre-
or sub-sentences from an indexed monolingugtPonding to the translation candidates with FSMs
corpus in the target language. These sentences @#responding to the translation hypotheses. The
sub-sentences correspond to a total or a partiSM state where the composition is made is de-
translation of the sentence to translate. Thisserostermined by words which link the nominal chains
language search engine is based on a deep Iinguﬁ%f- the translation candidates and the translation
tic analysis of the query and the monolingual corhypotheses. In order to find the best translation
pus to be indexed, a bilingual lexicon and Sypothesis from the set of word lattices, we first
weighted vector space model (Besangon et al.,
2003). The deep linguistic analysis is achieved bynhttp://catalog.elra.info/product_info.php?produats666.
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use a statistical language model learned on lemmandomly extracted 500 parallel sentences from
mas and Part-Of-Speech tags of the target lafeuroparl as an In-Domain corpus, 500 pairs of
guage corpus, and then, we apply a morphologicakentences from Emea and 500 pairs of sentences
generator (flexor) associated with linguistic in-from Ecb as Out-Of-Domain corpora.

formation provided by LIMA to generate the n-

best translations with words in their surface (iny Runn°.| Training Tuning
flected) forms. (# sentences) (# sentences)
1 150K+10K 2K+0.5K
5 Experimental Results (Europart+Emea) | (Europarl+Emea)
2 150K+20K 2K+0.5K
In this section, we first describe the corpora and (Europarl+Emea) | (Europarl+Emea)
the experimental setup used to train the Example3 150K+30K 2K+0.5K
Based Machine Translation system and our basg- (Europarl+Emea) | (Europarl+Emea)
line which is the state-of-the-art SMT system Mo14 500K+10K 2K+0.5K
sed. Then, we give some details concerning the (Europarl+Ecb) | (Europarl+Ecb)
integration of the bilingual lexicons extracted|® S00K+20K 2K+0.5K
from domain-specific corpora in these two sys = g%‘g}gggg;&b) (Zitirgp;aéHEcb)
tems, and we present the different sets of expeti- (Europarl+Ecb) | (Europarl+Ech)

ments that we carried out with a brief discussion.

Table 2: Corpora details used to train Moses lan-
guage and translation models, and to build the da-

In order to study the impact of using a domain- tahase of the EBMT system (K refers to 1000).
specific bilingual lexicon on the performance of

the EBMT system and Moses, we conducted our The goal of our experiments is to show the im-
experiments on three English-French parallel copact of the domain vocabulary on the translation
pora (Table 2): Europarl (European Parliamentesults. The domain vocabulary is identified by a
proceedings), Emea (European Medicines Agendgilingual lexicon of MWEs which is extracted au-
documents) and Ecb (European Central Bank cotomatically from the specialized parallel corpus
pus). These corpora were extracted from the opeliemea or Ecb) using our MWEs alignment ap-
parallel corpus OPUS (Tiedemann, 2012). We usproach. In the case of the EBMT system, the spe-
the factored translation model of Moses. It is artialized bilingual lexicon is added to the general-
extension of the phrase-based models which agurpose English-French lexicon which is used
limited to the mappings of phrases without anyointly by the cross-language search engine and
explicit use of linguistic information. The factore the bilingual reformulator. In the case of Moses,
model enables the use of additional markup at then the one hand, we added the English-French
word level. Our model operates on lemmas inlexicon of the cross-language search engine to the
stead of surface forms because the entries of tltaining data (Europarl), and on the other hand, we
general-purpose dictionary and the bilingual lexiintegrated the domain-specific bilingual lexicon of
con of MWEs are in lemma forms. Therefore, MWESs using the following three methods (Boua-
training corpora are lemmatized using the multimor et al., 2012):

5.1 Data and Experimental Setup

lingual analyzer LIMA. *  Mosesorpus In this method, we include
Evaluation consists in comparing translation re- the extracted MWE pairs of the bilingual
sults produced by Moses and the EBMT system lexicon to the training data of Moses.

on in-domain and out-of-domain texts. The Eng- ] _ _
lish-French training corpus is used to build Mo- * MOS€Sasie: This method consists to in-

ses’s translation and language models. The French sert the extracted MWE pairs in the
sentences of this training corpus are used toereat phrase table which is generated while
the indexed database of the cross-language search ~ raining Moses.

engine integrated in the EBMT system. We con-
ducted six runs and two test experiments for each
run: In-Domain and Out-Of-Domain. For this, we

Moseseature In this method, we extend

Mosesas e by adding a new feature in-

dicating whether a phrase is a MWE or
not.

2 http://www.statmt.org/moses.
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5.2 Results and Discussion performs better than Moses. This may be due to

The performance of Moses and the EBMT systerﬂqe bilingual lexicon of MWEs which is built au-

is evaluated using the BLEU score (Papineni Efmatically from the specializ_ed parallel corpus
al., 2002) on the two test sets for the six runs d Emea or Ecb). It seems that it has had a signifi-

scribed in the previous section. Note that we conc—ant impact on the result of the EBMT system, it

sider one reference per sentence. Table 3 illudMProved regularly its BLEU score in all the runs.
These results also show that adding a specialized

trates the performance of the EBMT system for )
In-Domain and Out-Of-Domain texts. Table 4 anJexmon of MWEs to the translation model of Mo-
) ses improves translation quality of Out-Of-

Table 5 report the BLEU scores of the different in-

tegration strategies of the specialized biIinguaPOmaln tEXtS. without IOS_S of translation quallty
lexicon in Moses respectively for In-Domain andWhen translating In-Domain texts, and confirm the
Out-Of-Domain texts results obtained by Ren et al. (2009) and Bouamor

et al. (2012). However, in the case of the EBMT
system, adding the specialized lexicon to the gen-

Run In-Domain Out-Of-Domain - o

ne. (Europal) (Emea and Ecb) eral-purpose bilingual dictionary of the search en-
1 32.05 290.02 gine translation has had a negative impact on the
2 31.03 30.26 translation quality of In-Domain texts. For exam-

3 29.92 31.84 ple, adding a bilingual lexicon of MWEs built

4 33.82 32.64 from the Emea specialized parallel corpus com-
5 33.31 33.71 posed of 30K sentences to the 150K sentences of
6 32.93 37.74 Europarl reported a gain of 2.82 BLEU points

Table 3: BLEU scores of the EBMT system for when translating Out-Of-Domain texts but had led
: to a loss of 2.13 BLEU points when translating In-

In-Domain and Out-Of-Domain texts. _ LD
Domain texts (Table 3: runs 1 and 3). Likewise,

Run In-Domain (Europal) addlng a blllngual lexicon of MWESs built from
n°. | Mosesorpus | MOSES g E | MOSE€SEATURE the Ecb specialized parallel corpus composed of
1] 3279 32.10 32.91 30K sentences to the 150K sentences of Europarl
2 | 34.06 33.51 34.12 reported a gain of 5.10 BLEU points when trans-
3| 3461 34.19 34.68 lating Out-Of-Domain texts but had led to a loss
4 | 37.58 37.44 37.63 of 0.89 BLEU points when translating In-Domain
5| 3761 37.52 37.72 texts (Table 3: runs 4 and 6). The other important
6 | 37.79 37.76 37.84 point to mention here is that the integration meth-

od Mosegearure provides the best BLEU score in
Table 4: BLEU scores of Moses for In-Domain &ll the runs for In-Domain texts (Table 4) and Out-

texts. Of-Domain texts (Table 5).
In order to evaluate and analyze the translation
Run Out-Of-Domain (Emea and Ecb) quality of the EBMT system and Moses when
n°. | Mosesorpus | MOSeSap e | MOSESEATURE translating specific-domain texts, we take an ex-
gg-gg 533? giig ample of translations drawn from the Ecb test cor-
5 37 5487 5E 20 pus (Table 6). For this sentence, the EBMT sys-

tem and Moses provide close translations and

o O] »| W|N|F

25.92 25.67 26.15 these translations are more or less correct, but
26.85 26.73 27.07 translations provided by Moses contain many
31.04 30.94 31.39 spelling and grammatical errors. In this example,

the English word “shares” was identified by the
Table 5: BLEU scores of Moses for Out-Of-  morpho-syntactic analyzer used by the EBMT
Domain texts. system as a noun and is translated as “actions”.
This translation is the right one despite the fact
As shown in Table 3 and Table 4, for In-yhat the English-French lexicon contains for the
Domain texts, Moses and the EBMT systemyorg “share” several translations (avoir part &,
achieve a relatively high BLEU score and thecontingent, diviser, lot, lotir, part, partager,r-pa

score of Moses is better in all the runs. For thgciper, etc.). On the other hand, Moses translates
Out-Of-Domain test corpora, the EBMT system
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the word “shares” with the word “partage” which tables are the main knowledge source for the ma-
is not a correct translation. It seems that Moseshine translation decoder which consults these ta-
has taken this translation from Europal trainingoles to figure out how to translate an input sen-
corpus instead of the Ecb corpus. Likewise, Motence. These tables are built using Giza++ but, as
ses fails to translate correctly the word “investor we mentioned before, this tool could produce er-
(plural of the word “investor”) even if it has trn  rors in particular when it aligns multiword expres-
lated correctly the singular form of this word (in-sions (Fraser and Marcu, 2007). Finally on this
vestor). point, we can observe that the major issues of Mo-
ses concern errors produced by Giza++ when
Example Input (Ecb): for example, in France, stafis- aligning MWESs (translation model), incorrect
tics show that a non resideinvvestorholdssharesonl  spelling and poor grammar generated by the de-
average only for five months (compared to el coger (language model). To handle the first issue,
months for residerihvestors. : -
._we proposed to take into account the specialized
Reference en France, par exemple, les Stitls_bilingual lexicon extracted with the MWEs aligner
tiques montrent qu’urlnvestlsseLr .
non résident ne conserve, into Moses’s phrase table and we added a new
moyenne, sesctionsque pour ur| feature indicating whether a word comes from this
période de cing mois (contre ol lexicon or not (Mosegarure Method). However,
mois pour urinvestisseurésident). |  for spelling and poor errors, statistical machine
EBMT par exemple, en France, les stalisyansiation toolkits like Moses have no specific
system: Run 6 tigues montrent qu'unnvestisseur treatment because they have not been designed

non résident garde deactions er ith ical S ind
moyenne seulement pour cing n with grammatical error correction in mind.

(par comparaison avec onze n

pour lesinvestisseursésidents). 6 Conclusion and Future Work
Moseseature. [par exemple, en France, les statis- ) ) )
Run 6 tiques montrent qu'urinvestisseyr e have presented in this paper a hybrid approach

non résidente détienpartage er] to build automatically bilingual lexicons of Mul-
moyenne seulement pour cing i tiword Expressions (MWES) from parallel corpo-
(par rapport a onze mois pour resi-ra \\e have also investigated the impact of using a
dantinvestory. domain-specific bilingual lexicon of MWEs on
[domain adaptation for two MT systems: the state-
of-the-art SMT system Moses and an Example-
Based Machine Translation (EBMT) system. The

After analyzing some translations, we observe@btained results have showed that adding a spe-
that the major issues of our EBMT system are recialized bilingual lexicon of MWEs to the gen-
lated to errors from the source language syntact@ral-purpose dictionary of the EBMT system im-
analyzer, the non-isomorphism between the syrproves significantly its performance for Out-Of-
tax of the two languages and the polysemy in th®omain texts. We have compared the results of
bilingual lexicon. We think that taking into ac- the EBMT system with those of Moses, and the
count translation candidates returned by the crosgesults of the EBMT system are always better for
language search engine even if these translatiofut-Of-Domain texts and almost comparable for
correspond only to a part of the sentence to tran§3-Domain texts. This study offers several open
late could reduce the impact of the issues relatdgsues for future work. First, we plan to analyze
to syntactic parsing. However, for the presence dhe obtained translations for both the EBMT and
the polysemy in the bilingual lexicon, the EBMT the SMT systems in terms of perplexities in order
system has no specific treatment. On the othdp improve the modeling of Out-Of-Vocabulary
hand, we noted that most of Moses’s translatiofvords. The second perspective is to adapt and
errors for Out-Of-Domain sentences are related tgvaluate the MWEs alignment approach and the
vocabulary. In another example of translationEBMT system to new language pairs and new
Moses proposes the compound word “capitalissdomains. We also expect to explore the use of re-
tion du marché” as a translation for the expressiogurrent neural networks language models for
“market capitalisation” instead of the compoundrescoring the n-best translations produced by the
word “capitalisation boursiére” which is more EBMT system.
precise. In SMT systems such as Moses, phrase

Table 6: Translations produced by the EBMT sys
tem and Moses for a sentence from Ecb corpus.
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