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Abstract

Statistical Machine Translation (SMT) is based on alignihmandels which learn from bilingual corpora the word cor@sgences
between the source and target language. These models ameak® learn word reorderings. However, the difference ondworder
between two languages is one of the most important sourcesrafs in SMT. This paper proposes a Recursive AlignmentiBlo
Classification algorithm (RABCA) that can take advantagendfictive learning in order to solve reordering problemkisTalgorithm
should be able to cope with swapping examples seen durimgnimait should infer properties that might permit to reergairs of blocks
(sequences of words) which did not appear during training;fanally it should be robust with respect to training erransl ambiguities.
Experiments are reported on the EuroParl task and RABCAstedeusing two state-of-the-art SMT systems: a phraseedbaisd an
Ngram-based. In both cases, RABCA improves the trans|ajiatity.

1. Introduction One way of improving this alignment is by monotoniza-

The introduction of Statistical Machine Translation (SMT) :'r?n (Kanthak (tet al., f2(|)|05), "?r'] reodrdenfng] the W(;)rQS t'r?
has yielded significant improvements over the initial word- € source sentence foflowing the order of the words In the

based translation. At the end of the last decade the use frget sentence. For instance in a Spanish to English trans-

context in the translation model (phrase-based approac fion, the original sentendsl discurso pdiico fue largo

represented a clear improvement in the translation qual- ou:g be m(id'ﬂ.ed &EI plplltlco g;’;};?o fu;f. Iargolbrr;q Itl
ity (Zens et al., 2004). would monotonize the alignme e poitico#politica

In parallel to the phrase-based approach, the use of a larq]scurso#speech fues#was largo#longn  (Popovic and

" N Ney, 2006), they perform rules based on Part of Speech
guage model of bilingual units gives comparable results tO(POS) tags and reorder pairs of words both in the train-
the phrase-based approach (Marifio et al., 2006).

. . A ing and test sentences. Similarly, we propose one type of
In both systems, the introduction of some reordering AP onotonization: pairs of consecutive blocks which swap
bilities is of crucial importance for some language pairs.

| h i q q dificati h if swapped generate a correct monotonic translation. The
N our approach, we mtrq uce order modi |cat|pns t0 € ain difference with (Popovic and Ney, 2006) is that our
source corpora so that alignments and translation beco

ic b ing the ali it ) q proach learns the blocks which swap instead of follow-
more monotonic by using the alignment information an ing a pre-defined set of rules. Figure 1 shows an example

a classification algorithm. The proposed algorithm PArSeys this type of pairs. The reordering based in blocks covers

alignments to detect reorderings. Unseen candidates 1Qost cases as shown in (Tillmann and Zhang, 2005)
reordering are dealt with pairs of swapping blocks (se- ' '

quences of words) belonging to an specific group. Thes@.2. Reordering process

block groups have been created following recursively a copyr purpose is to model the effect of local block reorder-
occurrence block criterion. ing to: (1) monotonize the source training corpus; and (2)
The report is organized as follows. Section 2 reports theyeneralize this monotonization in the test stage to perform
reordering process and the algorithm which infers the reg correct monotonic translation. In order to fulfil (1) and

orderings. Section 3 brleﬂy describes the two baseline SyE(-Q)’ the reordering process consists of the fo||owing steps
tems: phrase-based and Ngram-based system. Both capa-

ble of producing state-of-the-art SMT translations. Secti ~ ® CGiven a word alignment, we extract a List of Align-
4 sets the Evaluation Framework and dicusses the experi- Ment Blocks LAB). An Alignment Block consists of

ments and results. Finally, Section 5 draws the conclusions & Pair of consecutive source blocks whose target trans-
lation is swapped. See Figure 1.

2. Reordering based on Alignment Blocks e Given the LAB, we apply the Recursive Align-
Classification ment Block Classification (RABCA), see section 2.3.,
o which allows us to decide whether two consecutive
2.1. Motivation blocks have to be reordered or not.

SMT systems are trained by using a bilingual corpus com-
posed of bilingual sentences. Each bilingual sentence
is composed of a source and target sentence, and we
align them at the word level by using GIZA++ (Och and
Ney, 2003). Generally, this alignment contains a certain e Given the monotonized source training corpus, we re-
amount of errors which deteriorates the translation qualit align it with the original target training corpus.

e We use the criteria of the RABCA to reorder the
source corpora (including training, development and
test sets).
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Europe

Eastern

and

Central

Europa central y oriental

SRC: Europa central y oriental
>§§Y< -

Alighment
TRG: Central and Eastern Europe

Alignment Block = (Europa, central y oriental)

block block

Figure 1: Example of an Alignment Block, i.e. a pair of

consecutive blocks whose target translation is swapped

e Given the monotonized alignment, we build the SMT
systems and translate the monotonized source test set.

2.3. Recursive Alignment Block Classification
Algorithm

(o, Bs) ¢ LAByi;. We can deal with possible incon-
sistencies, by increasing the filtering threshold, and
therefore limiting the number of allowed unseen pairs,
and also by processing with morphological informa-
tion. Note that we assume that only the elements in
Gy, that appear in the training and test corpus set are
correct generalizations (see Subsection 4.2).

2.4. Outline of the algorithm

The first phase of the algorithm filters the possible bad
alignments or ambiguities, by using the following criteria

e Pairs appearing less tha¥,,;,, times are discarded.

o Pairs of blocks with a swapping probability’{,.,)
less than a threshold are also discarded. We define
the swapping probability as the ratio between the num-
ber of times that two blocks are swapped and the total
number of times that the same two blocks appear con-
secutively.

The second phase of the algorithm infers the generalization
groupsGy, from the filtered LAB CAB f;1+).

o GiventheLABy¢;., the generalization groujgsy,, are
constructed as follows:

1. Initialization: setn «— 1 and LAByy, <
LABy;.

The objective of this algorithm is to perform block reorder-
ings in case the order of the blocks swaps from source to
target. These block reorderings will take into account re-
orderings that appear in the database, and will generalize t
unseen blocks. The set of blocks to be swapped will be de-
noted as Generalization grougsy). The algorithm should

be able to cope with swapping examples seen during train-
ing; it should infer properties that might allow reordering
in pairs of blocks not seen together during training; and fi-
nally it should be robust with respect to training errors and

2. Main part: whileL AB,,, is not empty do
- G, = {(ok, Br)} where(ay, Bi) is any ele-
ment of LAByp
— Recursively, move elementg&y;,3;) from
LAByy, to G, if there is an element
(e, B5) € Gy, such thaty; = o or 3; = f3;
— Increasen (i.e.n «— n+1)

3. Ending: For eacki,,, construct the two setd,,
andB,, which consists of the first and second el-

ambiguities.
The algorithm consists of two steps:

1. Given the LAB, the algorithm filters the ambigu-
ous Alignment Blocks (i.e.
inherently ambiguous).
tered LAB as LABy;:, which will be a sub-
set of LAB and consists ofm pairs of blocks

{(041’51), (O‘2752)a ey (Oém,ﬁm)}.

2. From the LABy¢;:, we create the setsdA =

{al,ag,...,am} and B = {ﬂl,ﬂg,...,ﬂm} and
the groupsG;...G,...Gn. A given groupG,

either misaligned or
We will define the fil-

ement of the pairs iid7,,, respectively. Then the
Cartesian product ofl,, and B,, is assigned to
Ggn,i.e.Gg, «— A, X B,.

5. Using extra information

Additionally, the Alignment Block Classification can be
used for extracting blocks from a lemmatized corpora. The
resulting Gg,, will be able to deal with grammar agree-
ment between elements of each block, for instance the pair
(conferencia, parlamentario), which does not have gen-
der agreement, would be a correct generalization if we take
each block as a lemma. And, therefore the generalization

is created following recursively a co-occurrencewould not be influenced by the particular distribution of

block criterion (see 2.4.) and has the foi®), =
{(e1, 1), ... (ap,3y)} wherep is the cardinality of

word inflexions in training database.
Furthermore, we can use a tagger to find out the grammat-

G,; within each groupG,, we create also the sets ical function of each word. In case the blocks are consti-

A, = {aq,...ap} and B,, = {f1,...06p}. From
each groufd,, we build a Generalization groug:.,,,

tuted of only one word, i. e. the Alignment Blocks are
pairs of swapping words, a general grammar rule to take

wheren = 1,...N) defined as the Cartesian prod- into account for the Spanish to English translation is that i

uct between the subset$, € A and B, € B,
i.e. Gg, = A, x B, which will allow to reorder
cases such agy,, 3;) with . € A, 5s € B, and

Spanish most adjectives are placed after the noun, whereas
in English it is the opposite. However, there are exceptions
to this rule and we can not rely completely on it.
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The use of this morphological information is optional. The Given the collected phrase pairs, we estimate the phrase
algorithm itself does not require extra information that istranslation probability distribution by relative frequsnin

not employed in an standard SMT system. But it is interestboth directions.

ing to benefit from morphological information, if available

in SMT as have been shown in other studies (Nie3en and P(fle) = N(f.e)
Ney, 2004; de Gispert, 2005). N{(e)
i N(f,e)
3. Baseline systems Ple|f) = ’
y €)= N

Two baseline systems are proposed to test our approach. ) ]
The main difference between the two systems is the trang¥here N(f.e) means the number of times the phrfase
lation model, which constitutes the actual core of the transtransiated by.

lation systems. In both cases it is based on bilingual unit
A bilingual unit consists of two monolingual fragments,

where each one is assumed to be the translation of the othdf €ach system, the translation model is combined in a log-
linear framework with additional feature functions.

S3.3. Additional feature functions

3.1. N-gram Translation Model

The translation model can be thought of a Language Model del. in which th bability of lation h
of bilingual units (here called tuples). These tuples define ~ MOdél. in which the probability of a translation hy-

a monotonic segmentation of the training sentence pairs pothesis is approximated by the product of word
(7, D), into K units ¢4, ..., tx) gram probabilities. As default language model, a
1-%1/) RS .

standard word-based 5-gram language model is gen-
erated with smoothing Kneser-Ney and interpolation
of higher and lower order ngrams with the SRILM
K tool (Stolcke, 2002).

ple, f) = Pr(tt) = [] p(te [ th-2ti-1) (1)

e The target language model consists of an n-gram

The translation model is implemented using an Ngram lan-
guage model, (foiV = 3):

e The forward and backwards lexicon models provide

k=1
lexicon translation probabilities for each phrase/tuple

Bilingual units (tuples) are extracted from any word align- based on the word IBM modél probabilities. For

ment according to the following constraints: computing the forward lexicon model, IBM model

1 probabilities from GIZA++ source-to-target align-
ments are used. In the case of the backwards lexicon
model, target-to-source alignments are used instead.

e a monotonic segmentation of each bilingual sentence
pairs is produced,

e no word inside a tuple is aligned to words outside the

e The word bonus model introduces a sentence length
tuple, and

bonus in order to compensate the system preference

e no smaller tuples can be extracted without violating ~ for short output sentences.

the previous constraints. e The phrase bonus model introduces a constant bonus

As a consequence of these constraints, only one segmenta- Per produced phrase and it is only used for the phrase-
tion is possible for a given sentence pair. See (Marifio et ~ based system.

al., 2006) for further details. . . .
) All these feature functions are combined in the decoder.

3.2. Phrase-based Translation Model The different weights are optimized on the development set

The basic idea of phrase-based translation is to segment tﬁ@plying theSimplexalgorithm (Nelder and Mead, 1965).

given source sentence into units (here called phrases), the .

translate each phrase and finally compose the target sen- 4. Evaluation framework

tence from these phrase translations (Zens et al., 2004). 4.1. Corpus statistics

Given a sentence pair and a corresponding word alignmengyperiments have been carried out using the EPPS database

aphrase (or bilingual phrase) is any painesource words  (spanish-English).

andn target words that satisfies two basic constraints:  The EPPS data set corresponds to the parliamentary session

transcriptions of the European Parliament and it is culyent

available at the Parliament's webstte

In the case of the results presented here, we have used the

2. No word on either side of the phrase is aligned to aversion of the EPPS data that was made available by RWTH
word out of the phrase. Aachen University through the TC-STAR consortitim

1. Words are consecutive along both sides of the bilin
gual phrase,

We limit the maximum size of any given phrase to 7. The Ihttp:/Awww.europarl.eu.int/

huge increase in computational and storage cost of includ- 2tc_sTAR (Technology and Corpora for Speech to Speech
ing |0Oger phrases does not provide a significant ir'f_1P"OVeTransIation) is an European Community project funded by the
ment in quality (Koehn et al., 2003) as the probability of Sixth Framework ProgrammeMore information can be found
reappearance of larger phrases decreases. at the consortium websitéit t p: ~ // www. t c- st ar. or g/
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| EPPS | Spanish| English | of the parametersV,,;, and P;,.., (See Subsection 2.3.).

Training Sentences 1.3M We determine these parameters, from a subset of the corpus
Words 36.6M | 35 M as follows. We remove the 500 manually aligned sentences
Vocabulary 153.1k | 106.5k from the training corpus. We train the Alignment Classi-
Lemma’s vocabulary | 78.3k | 91k fication Block and swap the reference source set. Given
Development Sentences 430 a swapping of two words, it can beSuccess (S) if the
Words 153k | 16k reference alignment is swapped, oFailure (F) if the
Vocabulary 3.2k 2.7k reference alignment is not swapped. Combining these two
Lemma’s vocabulary | 2.1k 2.2k sources of information, we use the Simplex algorithm to
Test Sentences 840 minimise the following:

Words 22.7k | 20.3k

Vocabulary 4k 4.3k Q =—(Ns — Np)

Lemma’s vocabulary | 2.6 k 3.3k

We have chosen the cost functiGhas a coherent criterion
Table 1: EuroParl Corpus. The Development data set andto optimize the number of success@&) and minimize the

the Test data set have 2 references. number of failures ). The cost functior) has as argu-
ment two quantified variables, and its output is a difference
Reord. pattern SPA-ENG | Counts| % between two integers. Therefore the gradient based opti-
(0,1)(1,0) 392 | 38.4% mization techniques are not feasible. Note that the under-
(0,2)(1,0)(2,1) 113 11% lying problem is a multi-objective optimization, which we
(0,1)(1,2)(2,0) 112 11% have transformed to a simple optimization problem by giv-
Most freq. patterns 617 60.4% ing equal importance to the two objectives; i%iccesses

and — Failures. For this kind of problems, direct search
techniques such as the Simplex algorithm are adequate.
Table 2: Reordering patterns for Es2En reference align- Figure 2 shows the relation between the two objectives,
ment of 500 sentences which gives a curve similar to the ROC curve used in de-
tection theory. An increase in the success rate increases
. . . . . the failure rate in ROC, therefore there is a trade-off be-
English POS-tagging was carried out using the freely aValljtween two objectives. The solution that we have selected is
able TNT tagger (Brants, 2000) and lemmatization us- ) )

ing wnmorph included inWordNetpackage (Miller et al., the intersection of the dlagongl with the curve, YVhICh cor-
1991) responds to a trade-off that gives the same weight to both

In Spanish, we used thEreeLing (Carreras et al., 2004) objectives. The maximur® corresponds to the curve of

. ; ! lemmas reordering plus tags.
analysis tool which generates the POS-tagging and the.. )
lemma for each input word. Biven the optimum values aV,,;, and Py,qp, We have

Table 1, presents some basic statistics of training, devef’-‘lso studied the number of correct generalizations, i.ies pa

opment and test data sets for each considered langua %f' words which have been swapped correctly and were

English and Spanish. More specifically, the statistics pre-, ot seen Savr\/:pztre](irgll:zr;igorgrsalnmg. Almost half of the
sented are, the total number of sentences, the total numb pleeesses 9 '

of words and the vocabulary size (or total number of dis- possiple critif:ism to the proposed method is that some
tinct words) generalized pairs have no sense from the syntactical or se-

mantical point of view: for exampldconferenciante, par-

4.2. Experiments and results lamentaria) Our assumption here is that the source corpus

Tunning RABCA parameters: LAB filtering parame- is <_:orre_ctly written. '_I'herefore, the non-sense genemndlize
pairs will not appear in the corpus and will end unused.

ters Ny and Pgy,qp, We study most common reorder- — N .
ing patterns found in our task. We have a reference Cor_l_:|gure 2 shows that the LAB filtering parameters that min-
ize @ are Ny, = 5 and Pyy,qp = 0.33.

pus which consists of 500 bilingual sentences manuall)'/m
aligned (Lambert et al., 2006). Given the word alignmentReordering experiments in the EuroParl ES2En task
reference, we extract the reordering patterns. Most comBefore applying the algorithm, we added morphological
mon reordering patterns have been described as in (de Gis¥fformation: lemmas and tags. We added the two infor-
pert and Marifio, 2003):x1, y1) (w2, y2)...(x N, yn) Where  mations sequentially: firstly, we used the lemma alignment
each(z;,y;) describes a link between position andy;,  to build the LAB and secondly, we removed from the list
in the original and the reordered source sentence composétiose pairs of blocks which were not constituted by noun
of the source words appearing in the monotonization of thglus adjective. The latter is done because, in genecain
alignment. This means that the cross (0,1)(1,0) would replus adjectivein Spanish becomeadjectiveplus nounin
flect: a,, b, t0 b, a,, Wherea,, (b,) is only one word. Ta- English. There are a few common exceptiongi@s hom-

ble 2 presents the most frequent reordering patterns whdse — big man That is why we avoid using this rule
aligning from Spanish to English with the EuroParl task.directly. Afterwards we built the RABCA and finished the
Next experiment deals with the most frequent reorderingeordering process.

pattern: (0,1)(1,0). Table 3 shows the improvement in both measures mMWER
The amount of admissible blocks in thed B, is a function  and BLEU.
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Figure 2: Relation between number of successes and fails (with eliffgrarametersN,,;,, Pswap- fOr the reordering
based on Alignment Block Classification: (1) using lemmas @) using lemmas plus tags), for the manually aligned
reference corpus

System| Configuration| mMWER | BLEU cessing

PB Baseline 34.44 | 55.23 X. Carreras, |. Chao, L. Padr6, and M. Padr6. 2004. Freel-
PB + RABCA 33.75 | 56.32 ing: An open-source suite of language analyzers. In
NB Baseline 34.46 | 55.24 4th Int. Conf. on Language Resources and Evaluation,
NB + RABCA 33.68 | 56.26 LREC'06 Lisboa, Portugal.

J. M. Crego, J. Marifio, and A. Gispert. 2005. Reordered

) search and tuple unfolding for ngram-based sidiT
Table 3:Results in the EuroParl Es2En task for the phrase- g, mmit X

based system and the Ngram-based system. A. de Gispert and J. Mariflo. 2003. Experiments in

word-ordering and morphological preprocessing for
If we compare the performance of the algorithmin both sys- transducer-based statistical machine translation. In
tems, the quality of translation is improved in both cases. |  |IEEE Automatic Speech Recognition and Understanding
is in the phrase-based system where the RABCA seems to Workhsop, ASRU'Qpages 634-639, St. Thomas, USA.
slightly achieve a higher gain. Analysing the errors, we seé\. de Gispert. 2005. Phrase linguistic classification for im
that in some cases the Ngram-based baseline system has alproving statistical machine translation. ACL 2005 Stu-
ready performed a solution for the reorderings which are dents WorkshapAnn Arbor, USA, June.
solved here, see (Crego et al., 2005). S. Kanthak, D. Vilar, E. Matusov, R. Zens, and H. Ney.

Discussion. The RABCA infers better local reorderings ~ 2005. Novel reordering approaches in phrase-based sta-
than the ones provided only by the translation units (both tistical machine translation. IRroceedings of the ACL
phrases or tuples). Both measures, mMWER and BLEU, im- Workshop on Building and Using Parallel Texts: Data-
prove significantly. Driven Machine Translation and Beyongages 167—
This task is relatively monotonic. Nevertheless, adding lo 174, Ann Arbor, MI, June.

cal reordering to the SMT systems leads to a better transld2 Koehn, F.J. Och, and D. Marcu. 2003. Statistical phrase-
tion performance. based translation. IProc. of the Human Language

_ Technology Conference, HLT-NAACL'20Q3ages 48—
5. Conclusions 54, Edmonton, Canada, May.

This paper has introduced a local statistical reordering apP- Lambert, A. de Gispert, R. Banchs, and J. Marifio. 2006.
proach which improves both a phrase and Ngram-based Guidelines for word alignment and manual alignment.
SMT systems. When dealing with local reorderings, better Language Resources and Evaluati88(4):267-285.
reorderings can be infered when comparing with the oned.B. Marifio, R.E. Banchs, J.M. Crego, A. de Gispert,
provided only by the translation units (both phrases or tu- P. Lambert, J.A.R. Fonollosa, and M.R. Costa-jussa.
ples). Experiments are reported in the EuroParl task (Span- 2006. N-gram based machine translatioBomputa-

ish to English), but the algorithm can be used in any pair of tional Linguistics 32(4):527-549, December.

languages. Results have shown that the RABCA algorithnG.A. Miller, R. Beckwith, C. Fellbaum, D. Gross,

improves the translation quality. K. Miller, and R. Tengi. 1991. Five papers on WordNet.
Special Issue of International Journal of Lexicography
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