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Resumo

O alinhamento de textos paralelos (textos que séo tradug&@moutro) é um passo neces-
sario para varias aplicacdes que utilizam esses textosy éomcaso da traducédo automatica
estatistica, a extraccao automatica de equivalentesdietia, a criacdo automaticackncor-
dancesentre outras.

Nesta dissertacdo € apresentada uma metodologia paraménto de textos paralelos que,
relativamente ao estado da arte, introduz mudancas inmpestatanto ao nivel dos objecti-
vos, como da forma como séo concretizados. Uma grande pestmétodos existentes tenta
obter um Iéxico bilingue durante o processo de alinhamemtoéqusado para estabelecer cor-
respondéncias entre os textos. Nalguns casos, esse |légmomementado com um léxico
pré-existente. Nesta dissertacdo sdo apresentadas nen@es que sustentam a tese de que
o0 método de alinhamenttéo deve incluir qualquer tipo de extraccdo automética decle
Por conseguinte, a metodologia apresentada asegciizsivamentem léxicos obtidos exter-
namente, sendo apresentada uma solucao técnica que peusdele um Iéxico extremamente
grande.

Além da utilizag&o exclusiva de um Iéxico externo, é apresknum método inovador para
obtencéo de correspondéncias entre ocorréncias de esieslde traducdo nos textos. Esse
meétodo usa um critério de decisdo baseado em propriedaslesa@éncias que ainda nao ha-
viam sido exploradas por outros meétodos.

O método ¢ iterativo e converge para um alinhamento mais finaig correcto. A medida
que o alinhamento é refinado, o método tira partido da noearitdgcéo para evitar correspon-
déncias erradas que haviam sido obtidas em iteragOesaaateri

Palavras-chave: alinhamento de textos paralelos, corpora paralelos,eédcade equivalentes
de traducao
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Abstract

Alignment of parallel texts (texts that are translation atle other) is a required step for
many applications that use parallel texts, including statl machine translation, automatic
extraction of translation equivalents, automatic creatibconcordances, etc.

This dissertation presents a new methodology for paraigstalignment that departs from
previous work in several ways. One important departure tsfasf goals concerning the use
of lexicons for obtaining correspondences between the.tektevious methods try to infer a
bilingual lexicon as part of the alignment process and useabtain correspondences between
the texts. Some of those methods can use external lexicormniplement the inferred one,
but they tend to consider them as secondary. This dissertptesents several arguments sup-
porting the thesis thdéxicon inference should not be embedded in the alignmecess The
method described complies with this statement and reliekisixely on externally managed
lexicons to obtain correspondences. Moreover, the alyostpresented can handle very large
lexicons containing terms of arbitrary length.

Besides the exclusive use of external lexicons, this distsen presents a new method for
obtaining correspondences between translation equigdi@mnd in the texts. It uses a decision
criteria based on features that have been overlooked by\wark.

The proposed method is iterative and refines the alignmeeaet iteration. It uses the
alignment obtained in one iteration as a guide to obtainieyy norrespondences in the next
iteration, which in turn are used to compute a finer alignmehts iterative scheme allows the
method to correct correspondence errors from previoustiters in face of new information.

Keywords: parallel texts alignment, parallel corpora, extractiotrahslation equivalents
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1. Introduction

Two texts are deemed parallel if one is a translation of therott is also possible that both
were translated from a common source text. Large quantfiparallel corporaare available
today from several sources, notably from the European Uit resulting from it's strong
multilingualism policy.

The JRC-Acquis corpus [38] is a large part of thequis Communautairghe body of
documentation with legal nature produced by the varioustut®ns of the European Union,
including Treaties, declarations and resolutions, lagjish and international agreements. This
large corpus of about one billion words contains texts indl2@luages making it the most multi-
lingual corpus available today. Figure 1.1 presents anrpkde both English and Portuguese,
from the Official Journal of the European Union that is parthaf JRC-Acquis. Another large
parallel corpus is the Europarl corpus [24] that comprisgsscriptions from the Proceedings
of the European Parliament.

Aligning two parallel texts consists of dividing both textso a number of segmertsuch
that theith segment of one text corresponds to itlesegment of the other. Crossed corre-
spondences between segments are not permitted (thus tlesatignmenj and this restriction
is called themonotonicity constraintAn example alignment is presented in figure 1.2 — note
that, for the Portuguese text, we separate contractiommsagitda” into their constituents: prepo-
sition "de" and article "a".

The wordcorrespondss used with the meaning that one segment has been tranbhated
the other despite the fact that such translation may not aeté&xtaken out of that context. For
example in figure 1.2 the English word "being" (present cardgus tense) was translated as
"sdo" (present tense) in Portuguese. The exact translaftitoeing” is "sendo” but the transla-
tor opted to change the verb tense for stylistic reasongfttgent continuous tense is not used
as frequently in Portuguese as it is in English). Despite¢hange, the Portuguese sentence is
well formed and conveys the same meaning of the Englishiseatéhus the translation is good.

A correspondence between two parallel texts is a mappingdegt segments of both texts.
Crossed correspondences are possible as weisasntiguous correspondencegich are cor-
respondences between one segment or several discontigeguents in one text and several
discontiguous segments in the other text. Figure 1.3 showsample correspondence between
the same texts on figure 1.2 and figure 1.4 presents more egawipdiscontiguous correspon-
dences.

If there are regions in the texts not covered by the corredgoce, then the correspondence
is partial, otherwise it igotal. The alignment in 1.2 is a total correspondence while theseor
spondence in figure 1.3 is partial because there are threéeg@ese prepositions "de" that do

LA corpusis a collection of texts in machine-readable fornwatporais the plural ofcorpus
2a segment is simply a part of the text; however, the word segisereferred because it suggests a partition
of the text along natural boundaries like word or sentenembaries

1



On 12 May 2004 the Commission received notification, purstarArticle
3(1)(b) of the Council Regulation, of a proposed merger byctviContinental AG
wished to acquire sole control over Phoenix AG, both unéterts being leaders
on the rubber products manufacturing market.

Having examined the information submitted by the partiesh® proposed
merger and conducted a market survey, the Commission aettlinat the merger
raised serious doubts as to compatibility with the commomkataand the EEA
Agreement.

(a) English version

Em 12 de Maio de 2004, a Comisséo recebeu uma notificacéo, ssmuss de
o n.o 1, alinea b), de o artigo 3.0 de o Regulamento de o Cans#dhum projecto
de concentracdo através de a qual a Continental AG pretaddigrir o controlo
exclusivo de a Phoenix AG; ambas as empresas sao lideres eencado de a
industria transformadora de os produtos de borracha.

Ap0s analisar as informacdes apresentadas por as partes@roemtracdo pro-
jectada e apés realizar um estudo de mercado, a Comisséluioogae a con-
centracao suscitava sérias duvidas quanto a a sua corfigatieicom o mercado
comum e o Acordo EEE.

(b) Portuguese version

Figure 1.1: English (a) and Portuguese (b) versions of aerpkérom the Official Journal of
the European Union, part of the JRC-Acquis corpus. As onesearfrom the example (if one
understands Portuguese), the translations in this conguseay tight and thus very appropriate
for a range of automatic methods like extraction of tramstaéquivalents, statistical machine
translation or example-based machine translation.



Continental AG —— a Continental AG
wished to ——  pretendia
acquire ———— adquirir
sole control over ——— 0 controlo exclusivo de
Phoenix AG ——— a Phoenix AG
both ———— ambas as
undertakings ————— empresas
being ——— sdo
leaders ——  lideres
on ————— em
the — o0
rubber products mercado de a industria

transformadora de os

manufactoring market produtos de borracha

Figure 1.2: Alignment between English and Portuguese exsdérom the Official Journal of
the European Union. Each segment is connected to it's adoslwith a line. Note that there
are no crossed lines and that there is no text left unconelligte also that the last segment is
large because words have a different order in both languages
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not correspond to words in the English side.

The termalignment"has become something of a misnomer in computational Istgpsi'
(Wu [44]) because it has been used to denote ed@hgnmentor correspondencdepending on
the author. In this dissertation we use the talignmentwith its proper meaning and we use
correspondenc® denote what other authors calhan monotonic alignment

Figures 1.2, 1.3 and 1.4 present a sub-sentence-levelspomdence but coarser granu-
larities are possible, including chapters, sections, graghs and sentences. In general, the
applications that use aligned parallel corpora benefit froone fine-grained correspondences.
Research has been focused on sentence-level and subeselaesi alignment, which are here-
after simply designated as sentence alignment and subrsznalignment, respectively.

1.1 Importance of parallel texts alignment

Existing translations contain more solutions to more tiaien problems than any
other existing resource — Pierre Isabelle [20]

The insightful statement above captures the importanceenitifying correspondences be-
tween parts of translated texts. And it regards the usefgloéusing such parallel corpora for
enabling machines to extract/mine a huge number of traoslablutions.

Until the end of the 1980s, research on machine translaadrleen focused on rule-based
approaches. The idea of using statistical techniques itnmadranslation was revived in 1988
by Brown et al [2]. They describe a statistical method thagsua large collection of trans-
lated sentencé®btained from parallel corpora. Two corpus-based appembhave since then
gained more attention from researchers: statistical mactranslation (SMT) and example
based machine translation (EBMT) — according to John Huogfil8] these are "the main
innovations since 1990" in the field of machine translation.

Also in the early 1990s, Klavans and Tzoukermann [23] sugglethat parallel corpora
could be used for bilingual lexicography. They pointed dattdictionaries can be enhanced
with statistical data from parallel corpora and, converssthtistical methods applied to parallel
corpora can benefit from data available in dictionaries.

The rising interest on parallel corpora triggered the nedean parallel texts alignment, as
itis a preliminary step required for most corpora-basediegipons.

3more precisely, a collection of pairs of sentences that areahtranslations



Continental AG ——  — a Continental AG
wished to ——  — pretendia
acquire ———— adquirir

sole _ ~ — ocontrolo
control over= : exclusivo
R de
Phoenix AG ———  — a Phoenix AG
both ———— ambas as
undertakings ——— empresas
being ——  sé&o
leaders ——  lideres
on ———— em
the —— 0
rubber mercado
products de
manufacturing tra%is?gpnswgi(?ora
market de

0s produtos

de

borracha

Figure 1.3: Correspondence between the same passagesrefXigu Discontiguous corre-
spondences are represented with dashed lines. Compaseitthithe alignment in figure 1.2

and note how the text with crossed correspondences mustdzkifito a single larger segment
to comply with the monotonicity constraint of alignment.



f —— se

he has /
at any time \
N

~ . . .
been - - - tiver residido

em qualquer altura

. - e
ordinarily ———— habitualmente

e

resident

which ——— que
has _ ja

already \: foi

- protelada

been
postponed /

the Union ——— a Uniéo
has - _ nao
not = = exerceu
exercised -

Figure 1.4: Selected examples of discontiguous correspures (represented as dashed lines)
between English expressions that use the auxiliary kagand the respective Portuguese trans-
lations.



1.2 Objectives

Many bilingual dictionaries are available today, commaltgiand freely, in machine-readable
format. For example, the websitgp:/freedict.org/ makes freely availabfes4 dictionar-
ies with over a million total headwords.

On the other hand, there are several methods (Kupiec [2%jaand Church [8], Wu and
Xia [45], Wu [43], Melamed [27], Ribeiro et al [36, 35] and Ribo [31]) that can be used
for extraction of single- and multi-word translation ecalents from aligned parallel corpora.
These methods can be employed to build bilingual dicti@saby performing hand verification
of the automatically extracted translation equivalents.

One objective being sought is to take advantage of bilindictionaries to find correspon-
dences in parallel texts.

Most of the previous work relies on linguistic concepts lantenceword, cognaté, part
of speector grammar Each of the concepts has some degree of language dependiarte
of speech tagging is language dependent; grammars are erencognate words are frequent
between close languages like Portuguese and Spanish antletaveen unrelated languages
like English and Japanese; Chinese and Japanese wordstatelinoted by whitespace like
words in Indo-European languages, therefore, any methatdréiies on the concept avord
must perform word segmentation for those languages. To suipe) methods that rely on any
of those linguistic concepts will perform better or worsepdnding on the pair of languages of
the texts being aligned.

Another objective being sought in this work is to be as gdresgossible with regard to
the languages of the texts being aligned. It should perfamuaky well for close and unrelated
languages.

1.3 Main contributions

This work adds several important contributions to the statbe art:

1. Correspondences are obtained using a bilingual lexigolugively. This is a departure
from previous methods, which try to infer a lexicon alonghwibe alignment. An al-
gorithm that uses suffix arrays with LCP information to le&catulti-word translation
equivalents in a text very efficiently. The algorithm is dgsd to cope with very large
lexicons of terms with arbitrary length. This algorithm igpented in section 3.3.

2. A new method for obtaining correspondences that effelgtigavoids most of the noise

4under the GNU General Public License
Swords of different languages that have derived from a comwand, for example "president” in English and
"presidente” in Portuguese, both derive from Latin "praest”


http://freedict.org/

from the search space, thus avoiding the need for filteringe Mumber of correspon-
dences provided by this method depends almost exclusivelhe size of the lexicon,

meaning that, with a large lexicon it correctly identifies sheorrespondences in the
texts. This method is explained in section 3.4.

3. An algorithm to obtain the "best" alignment from a set ofrespondences. This algo-
rithm, as well as the criteria to selecting the "best" aligmtnare explained in section
3.5.

1.4 Organization of this document

The four chapters of this dissertation provide a natural fddweading, with each chapter
preparing the reader for the next, thus | recommend a lirezating. | have strived for clarity
and concision instead of verbosity.

Chapter 2 presents a perspective of the different appredoltbe problem, how they relate
to each other and how they compare. At the end of this chapeeretader will have a notion of
the state of the art on parallel texts alignment techniques.

Chapter 3 describes the work done that suggests a new apgmparallel texts alignment.

Chapter 4 concludes this dissertation with a summary of tdmributions followed by a
list of topics suggested for further research. Becausedh#ibuted method innovates in many
ways, the possibilities for further exploration are matuifo



2 . Previous Work

This chapter presents an overview of previous work on paratkts alignment. Each section
corresponds roughly to a family of methods that explore #meesfeatures of parallel texts. The
new approach described in the next chapter relates morestméthod described in the last
section, which justifies the more detailed description at thethod compared to the others.

2.1 Sentence alignment

The order of paragraphs is usually maintained in transiaatbeit deletions or insertions of
text may occur. Also, cases of one paragraph being tradsdativo paragraphs are rare, but not
impossible. In more literal translations, like those indkgnedical and technical contexts, the
order of sentences is also preserved for a large percerEage:and Church [13, 14] measured
a one to one correspondence (without crossings) in 89% afa@htences of a corpus from the
Union Bank of Switzerland.

The early research on parallel texts alignment focused atesee alignment but sub-
sentence alignment has gathered more interest from ré®earas can be confirmed by the
number of publications on each subject matter.

Sentence alignment requires sentence boundary detedtich i8 usually done resorting to
heuristics with variable accuracy depending on the corpus.

2.1.1 Length-based sentence alignment

The first sentence alignment methods (Gale et al [13, 16] ao@viBet al [3]) used the
length of sentences as the only feature of the text to indueartost probable alignment be-
tween sentences of two parallel texts. This appears to beyaskallow feature but the method
performs well for clean texts (as opposed to noisy texts wiaie discussed in section 2.2)
with fairly literal translations like the Canadian Hansawt the corpus of the Union Bank of
Switzerland. Later methods (Simard et al [37], Wu [42]) camefthis length-based approach
with lexical information.

The main hypothesis used for length-based alignment igtnailel texts (including chap-
ters, sections, paragraphs, sentences, whatever) teravéopnoportional lengths measured
either in terms of number of characters (Gale and Church,14B or in terms of number of
words (Brown et al [3]). Figure 2.1 shows that the lengths téd and of it’s translation are
highly correlated.

Both teams considered six possible translation configumatil:1 (one sentence being trans-
lated by exactly one sentence), 0:1 (sentence insertectitrdhslated text), 1:0 (sentence not

9
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Figure 2.1: High correlation (0.991) between the lengthsiofual translations. The horizontal
axis shows the length (measured in characters) of Engliskgpaphs, while the vertical scale
shows the lengths of the corresponding German paragragpso&®uiced from [14].
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translated), 1:2 (sentence translated as two sentencésfiwd sentences translated as one
sentence) and 2:2 (two sentences are translated by twasesje While other translation con-
figurations are possible, they are very rare, so both metod% consider them. The most
common configuration is 1:1, accounting for roughly 90% &f thses (Brown et al [3]).

Both methods approach the alignment problem as a maximketHood estimation prob-
lem, though they use different probabilistic models.

The algorithm tries to find the most probable text alignmegntiing a dynamic program-
ming algorithm which tries to find the minimum possible dista between the two parallel
texts. Let i, j) be the lowest distance alignment between theifgshtences in text X and the
first j sentences in text Y. Let;; denote the length of thith sentence from X andl.; denote
the length of thgth sentence from Y.

Using D(0,0) = 0 as the base case(iDj) can be recursively defined as

(D(i, j — 1) —logP(00:1/8(0, £y )
D(i—1,j)—logP(a1:00(¢xi,0))

(i) — mind 20~ 1]~ 1)~ l0g (a1 B(fxr, )
D(i —1,] —2) —logXa1:2|0(¢xi, by:j + by:j-1))
D(i—2,j—1)—logP(a2:1|0(¢x; +€x:i—1,€y:j))
D(l - 2 J - ) - |Og P((12:2|6(€x:i +€x:i—1,£y:j +£y:j—1)>

The term Raap|8(/x, £y) ) is the probability of alignment configuration,, given the lengths
/x and¢y of the portions of text under consideration. That probgbisi passed to the log domain
so that it can be regarded as a distance (smaller probabitiirrespond to greater distances).

According to Baye’s law Ruap|0(¢x, fy)) is calculated as

P(0tap) P(6(€X7£y) |0ab)
P(3(¢x, Ly))

They simplify this equation by dropping the denominator aesshg an approximation
P(aab|0(¢x, fy)) ~ P(aan) P(8(£x, fy)|Aan)
Gale and Church [13, 14] approximate the conditional praial (d(/x, £y)|a) by

P(Ga:b|6(£x,€y>) =

where/yx and/y are measured as the number of characters of proposed aglig@imences.
Parameterg (mean) ana? (variance) are learned from the same training parallelu®hand
aligned which is also used to learn the apriori probabRite ) for each alignment configuration.



12

Brown et al [3] approximate the conditional probabilRyd(/x, £y)|a) by

14
X

wherely and/y are measured as the number of words in proposed aligningrszss.

The apriori probability of alignment configuratianis higher, when hypothesized trans-
lation configuration is 1:1. The values for these probabgiare determined from a training
parallel corpus hand aligned.

For example, given a representation of the two parallelstast a sequence of sentence
lengths, as bellow (adapted from Wu [44]) the most probabiggmment is depicted as lines
connecting sentences of X and Y:

X Y
X1 =10——y1 =12
X2=30—y=14
y3=15
x3=15——y4 =12

Xg=12——y5 =11
\YGZZ

Evaluation carried out by Gale and Church [14] show thatgishraracters instead of words,
maintaining all factors constant, yields higher accuracyheir experiments, they have obtained
a error rate of 4.2% for characters compared with 6.5% fodajor

2.1.2 Lexical sentence alignment

Length-based alignment methods provide good results foeravell behaved parallel texts
such as those from the Canadian Hansard and the Union Bankitzie8and. However, they
rely too much on the correct identification of sentence baued and they make no use of lex-
ical information.

Simard et al [37] add lexical information to the method of &ahd Church [13] using pos-
sible cognates as lexical cues. They use a (rather shallew)dtic for cognate detection that
considers as cognates pairs of words that share a commonx gfdficharacters. They report
that their method improves the original length-based netfdale and Church [13], reducing
the error rate by 10% at the expense of increasing the cortnputane by 12%.

Gale and Church [15] start with a sentence alignment usiagrtathod described in [13]
and then use a word association measure to select word p#irdiigher association score.
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That score is computed from contingency tables calculaved @ corpus. The tables contain
the number of times that a pair of words co-occurs in the sagments (using the existing sen-
tence alignment), and the total number of occurrences df eacd. The association measure
is higher for pairs of words that tend to co-occur. Because fiot computationally feasible
to compute the association measure for all word pairs ingelaorpus they use a "progressive
deepening strategy" to select word pairs. Then, they trydatcmword pairs within sentences
using a monotonicity constraint: match the first occurreincene sentence with the first oc-
currence in the aligned sentence, the second with the seaahdo on. They report that this
method gives a correspondence for 60% of the words that recd®5% of the cases in their
experiment.

Kay and Roscheisen [21, 22] describe an iterative algorittabmutually induces a sentence
alignment and a word correspondence map. The word corrdspog is used to compute a
maximum likelihood sentence alignment and the sentengaraknt is used to refine the word
correspondence map. Like Gale and Church [15], their metised an association measure
to induce word correspondence. They resort to heuristicedwict the word correspondence
search space that would otherwise be quadratic with respéuoe length of the texts. The steps
of their method are basically the following:

1. Assume that first and last sentences of ¥eatign with the first and last sentences of text
Y, respectively. These are the initeahchors

2. Then, until most sentences are aligned:

(a) Form an envelope of possible alignments from the Cantggroduct of the list of
sentences in both texts, not far from the diagonal line thadses both anchors and
not far from one of the anchors. The envelop is pillow shapedrewn in figure
2.2.

(b) Choose pairs of words that tend to co-occur in potentati@ alignments and
whose similarity is higher than a given threshold. For thiggose, they use a known
association measure (Dice coefficient, mutual Informat8@P, cosine).

(c) Find pairs of source and target sentences which contamyrpossible lexical cor-
respondences. The most reliable of these pairs are useduodra set of partial
alignments which will be part of the final result. Commit te$le alignments adding
them to the list of anchors, and repeat the steps above.

The alignment precision of this method applied on Canadi@amddrd was measured marginally
higher than length based alignment methods (Chen [4]).

We can see a common pattern in lexical alignment methodyg:siheultaneously induce a
word correspondence and a sentence alignment that maxineiigelihood of each other. As a
consequence, these methods build a bilingual lexicon aspadrjuct. For finding out similarity
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Figure 2.2: Pillow shaped envelope of possible alignments.
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of a wordwy in one language and its possible translatiop, these methods use association
£(Wy,Wy)

measures. Kay and Rosenschein used Dice Coeffi o Flwy) wheref (wy, wy) denotes

e +f Wy
co-occurrence frequency of wong and its possible translatiow, f (wy) denotes the frequency

of wy, and f(wy) the frequency ofvy. Haruno and Yamazaki [17] used Mutual Information
T (Wy,Wy)

logN T+ F(g) N being the total number of segments.

2.2 Robust techniques

Robust methodsre a class of methods targeted at "noisy" texts. They are mbust in face
of non-literal translations, reordering of sentences oagaphs, omissions, floating materials
like footnotes, figures, headers, etc. Unlike the methodstioreed in the previous sections,
robust methods do not require sentence boundary detection.

The output of robust methods is a set of poifxg/) that indicate correspondence between
offsetx andy in the respective texts.

2.2.1 Dotplots and signal processing

The first robust method, suggested by Church [6], was baseatbtplots. A dotplot is a
scatter plot as shown in figure 2.3. A dot is placed>ay) if there is a common character
n-gram (they used 4-grams) beginning at posittaand at positiory of the input text. They
concatenate the two texts and use the resulting text asphéfor the dotplot. The top left and
the bottom right quadrants of figure 2.3 have more pointsumeeaach text is similar to itself
than to the other (remember that the texts are concatendted)useful information resides in
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Figure 2.3: Example dotplot of two parallel texts concateda A point is plotted afx,y) if

the 4-gram starting at positionis the same as the 4-gram beginning at posiyiaf the input
(origin is at top left). The top left and bottom right quadimhave more points because each
text is more similar to itself than to the other. Reproducedi[6].

the other two quadrants, because they indicate matcheebetine parallel texts. Figure 2.4
presents the upper right quadrant after being enhancedswgitial processing techniques. The
correspondences follow a diagonal line that comes fromdbethat, despite local reordering
of words or sentences, the order in which information is @mésd in a text is preserved in
translation. This diagonal has been dubbedjblelen diagonal

2.2.2 Methods based on regression lines

At UNL, Ribeiro et al [33, 34, 32] and Ribeiro [31] approactethlignment problem as a
global restriction based on the hypothesis that corresproc®points should be near the golden
diagonal. First they obtain a set of candidate points usiagmgle frequency based heuristic
and then they filter out noisy points using statistical mdthd he method is applied recursively
to each segment bounded by consecutive points.

In the first experiment [33], they used homograph tokens @ars) proper names, punctu-
ation signs, whatever) as lexical cues. To obtain corred@oce points they select homograph
tokens having identical frequency in both texts. This al@wsimple pairing of the occurrences:
theith occurrence of a tokenin one text is paired with theh occurrence of in the other text.

Using the offsets of the paired occurrences as possiblegmondence points, they define
a straight line that best fits the set of hypothetical cowasience points. Then, noisy points



16

Figure 2.4. Detall of the upper right quadrant of the dotjotigure 2.3 enhanced by signal
processing techniques. The correspondences line up dhemgplden diagonal Reproduced
from [6].

should be sifted out by "using statistically defined filteaséd on linear regression lines, rather
then resorting to heuristics" — Ribeiro [31].

In figure 2.5, the arrow is pointing to a clearly noisy pointresponding to the single occur-
rence of word "integral” in those parallel texts, in rathéfedent contexts. The graph makes it
clear that that word is far away from its expected positioth@regression line, whose equation
is shown at the top right corner of the graph. The dotted aa@rline enables one to see how far
it is from its expected position.

The next step in the method is to apply two statistically sufgd filters based on the re-
gression line.

The first filter is based on the histogram of distances betwenriginal and the expected
position of each candidate to be an aligner point. This issas®filter that aims at identifying
extreme points (outliers), which are clearly far apart fritrair expected positions, preventing
them from being considered reliable correspondence pdingsire 2.6 shows the effect of ap-
plying the first filter to the set of points in figure 2.5. The neggion line is recomputed after
the application of the first filter.

The second filter is based on confidence bands of linear ggrebnes (Wannacott and
Wannacott [41] p. 334). Itis a very fine grained filter; figur& 8hows the effect of applying
the confidence-bands-based filter to the set of points ofdigL6.
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Figure 2.5: Noisy points versus "well behaved" points (iimel). Reproduced from [31].

After applying both filters the method is applied recurspi each segment of the texts
between two correspondence points. There are homogragthsehe not considered previously
because their frequency was different for the whole pdrtdkds. However, in some of the
smaller segments that were obtained meanwhile, those haplogmay have the same number
of occurrences. Moreover, as at a global level, the confielbaad filter tend to be very selective
— just ¥4 of candidate points are retained as reliable — byitapkt the parallel text segment
level, where some of the previously discarded potentialespondence points may occur with
identical frequency, those potential correspondencetpaiill pass again by the same kind of
procedure (linear regression, application of histogratarfiend application of the confidence
band filter, at a local context) and locally they may be corduror refuted.

In a subsequent experiment (described in Ribeiro et al [3&])European languages have
a huge number of cognates (words having similar forms anchingdhe same, as is the case
for "Constitution" and "Constituicdo") and homographs jast cases of possible cognates, the
number of candidate correspondence points were conslgenalarged by taking into account
possible cognates with identical frequency. EXxisting psgts for determining possible cog-
nates in two parallel texts (Simard et al [37]; Melamed [2&ni2Isson et al, 2000), were
rather unappealing. So, Ribeiro, Gael, Lopes and Mexia, [82¢ided to join the two texts
to be aligned and extract from there relevant sequencesavécters eventually having gaps,
as would be the case for the character sequence "#_overetévthe cardinal character "#"
replaces the blank space and the underline replaces amgcté@rwhich is common to the se-
guence of characters "#Government" and "#governo". Ferghrpose, the technique applied
for extracting these sequences was the one which gave iGadis Ph.D. Thesis [10] and Silva
etal [7].

While earlier work was done at the level of words or tokenserehust the offset of the
word/token starting character is worth considering, iis #Mperiment, it was necessary to take
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Figure 2.6: New set of candidate correspondence pointstaieapplication of the histogram
of distances filter. At the right top is the new regressioe kguation. Reproduced from [31].
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Figure 2.7: Selected correspondence points after thegnastofilter and the confidence band
filter have been applied. Reproduced from [31].
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into account the position of the initial character of therelater sequence and its length. And
the same alignment technique was applied:

1. Identical character sequences with or without gaps, Isgfraquent, were selected as
possible candidates for alignments. Selected sequenoakisiot overlap.

2. Linear regression was applied.
3. Same kind of filters (histogram filter and the confidencedifdter) were applied

4. For each aligned character sub-segment, repeat stegk 1 to

lldefonso and Lopes [19] observed that the confidence bassidfilter is computationally
demanding and sifts out a huge number of candidate corrdspoe points which are good
anchors, replaced that filter by a filter that selects longesed sequence of points. He opted
to use the edit distance (Levenstein distance) to deterpussible candidate cognates instead
of the more sophisticated method proposed by Ribeiro et2}l [3

2.3 Summary

We may identify two main trends for aligning parallel texts.

The first one, described in section 2.1, is targeted at seataliignment and mixes several
heuristics and statistics. A common pattern in those metisi simultaneously induce a word
correspondence and a sentence alignment that maximiziééfibdod of each other.

The second one, described in 2.2, acknowledges the neeobigstness when dealing with
"real world" texts, and is targeted at finding correspondgmunts between the texts. In those
methods we can identify two distinct stages. A generatistage that produces "candidate" cor-
respondences and a filtering stage that sifts out bogusspamelences. The generational stage
is usually based on a simple heuristic (matching n-gramsdgvaph tokens or cognates) and
the whole method relies more on the efficacy of the filterilaget which has also a wider ranger
of different techniques: signal processing techniquesi(€h[6]), statistical filters (Ribeiro et
al [33, 32] and algorithmic filters (lldefonso and Lopes [19]

In this dissertation, | depart from both trends, by intradgca methodology that, unlike
lexical methods, is robust, and unlike robust methods,igesva powerful generative stage that
renders the filtering stage — which has been the focus of tahethods — unnecessary. This
new methodology is described in the next chapter.






3. Anew approach

This chapter presents a new method for parallel texts akgniimat contrasts with previous
work in several ways. The first section introduces an impahift of goals from the methods
presented in chapter 2, and the second section providestimeoaf the method proposed in
this dissertation, which is explained in the remainderieast

3.1 Separation of concerns

Simard et al [37], Davis et al [9], Melamed [28, 29], Ribeitaa&[32, 19] and Ribeiro [31]
have used cognates as lexical cues for alignment. Howédwenumber of cognates and loan
words is highly dependent on the languages of the texts kigged as noted by Melamed
[29] and confirmed by the results of the evaluation carrie®@lilyao et al [1] on the impact of
cognates on alignment.

Melamed [29] suggests using a bilingual lexicon in additmnognate matching to increase
the number of correspondences. | suggest that we go oneusteprfand usenly a bilingual
lexicon, removing cognate matching from the alignment pssc Cognates should be extracted
using a separate program and then inserted into the bilihgxiaon to be used for alignment.
This separation makes alignment computationally lightel @lows manual verification of ex-
tracted cognates to avoid false friends.

Kay and Roscheisen [22], Chen [4], Fung and Church [11] antyfand McKeown [12]
infer (by different methods) a bilingual lexicon as part bé talignment process and use that
lexicon to establish correspondences between words inntbearallel texts. Following the
same reasoning as above, alignment should not be entangleléxicon inference and instead
it should rely solely on amxternally managedbilingual lexicon. We can use the method of
Ribeiro et al [36, 35] and Ribeiro [31]) to extract multi-vabtranslation equivalents and use
them for alignment. With external extraction we have fulhtol of the lexicon that is used
for alignment, meaning that we can perform manual verificatf the extracted translation
equivalents. Furthermore, lexicons inferred as a by-prbdtialignment only contain pairs of
words (for performance reasons) in contrast with the nwttid translation equivalents that are
extracted by the standalone programs.

To summarize, the separation of alignment from cognatebexextraction presents three
advantages: (1) we get richer bilingual lexicons becauseameuse more sophisticated meth-
ods for extraction, (2) we have control over the lexicon, niegthat we can remove any bogus
entries, and (3) the alignment is computationally lighter.

21
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In previous work it is assumed that combining multiple teghes (cognates, homographs,
internal and external lexicons) to find correspondencestiebthan just using one of them. As
explained above, using only an externally managed dictionvee can get the same or better
results. This separation of concerns marks a change of ffoaigprevious work.

3.2 Method outline

The method produces both an alignment and a correspondeazeThegolden diagonal
mentioned earlier in section 2.2.2 is used as a crude alightoebtain the initial correspon-
dence map. Then, the method iterates over two steps: corapuiptimal alignment from the
correspondence map and, find new correspondences usingghment as guide — the new
correspondences are added to the correspondence map.

Because the map grows at each iteration, the alignment deshfrom the correspondence
at each iteration is at least as good as the one from the pieiteration. The loop terminates
when the alignment stops improving.

Correspondences are obtained using a method dubéigghborhood method— section
3.4.2 — from a list of occurrence vectors that are obtainddrbband. These vectors contain
the location in the parallel texts of each occurrence of kménanslation equivalents in both
texts. Those translation equivalents are obtained exterarad supplied as pairs of single- or
multi-word expressions of any size.

An alignment is obtained from a correspondence map by sedeatset of occurrences that
complies with the monotonicity constraint and that prosideaximal coverage. The coverage
of an alignment is, roughly speaking, the amount of text iwithe segments that are aligned.

At the outmost level the method works as follows:

1. Obtain occurrence vectors of translation equivalentserparallel texts.

2. Generate a map of correspondences between pairs of escesrobtained in step 1
using thegolden diagonads a rough guide.

3. Select the alignment with maximal coverage from the aeriae map.

4. Obtain new correspondences using the alignment obtarstdp 3 as guide and add
those correspondences to the map.

5. Repeat steps 3 and 4 until the alignment stops improviagyntil the coverage stops
increasing.

The next sections describe each of these steps in detalil.
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offset suffix LCP offset suffix
0 ABRACADABRA 0 10 A
1 BRACADABRA 1 7 ABRA
2 RACADABRA 4 0 ABRACADABRA
3 ACADABRA 1 3 ACADABRA
4 CADABRA 1 5 ADABRA
5 ADABRA 0 8 BRA
6 DABRA 3 1 BRACADABRA
7 ABRA 0 4 CADABRA
8 BRA 0 6 DABRA
9 RA 0 9 RA
10 A 2 2 RACADABRA

(a) Unsorted suffix array (b) Sorted suffix array and LCP array

Figure 3.1. Unsorted (a) and sorted (b) suffix arrays of t&BRACADABRA". The offset
column in the figures contains the positions in the text wieaxeh suffix starts. Note that the
suffixes presented are not stored in memory individuallgytan be obtained from the text and
the offset column in the figure. The offset column is what wierr® as thesuffix array

The LCP column indicates the length of the longest commofiqdnetween each suffix and the
previous — the longest common prefixes are underlined inufixss.

3.3 Obtaining occurrence vectors

This section describes how to efficiently locate transtagquivalents in parallel texts by
taking advantage of suffix arrays with LCP information.

3.3.1 Suffix and LCP Arrays

A suffix array(Manber and Myers [26]) for a given text is an array that cogall the
suffixes in that text. Hereafter, when we use the teufiix arraywe refer to asorted suffix
array. Figure 3.1 presents the suffix array for the text "ABRACADRB' — we use this
unusual text because it is short and contains a lot of répasit The LCP column in figure 3.1
indicates the length of the longest common prefix betweeh saffix and the previous one.

Manber and Myers [26] describe an algorithm to sort suffiagsrinO(N) expected time
(beingN the length of the text).

3.3.2 Segments and occurrences

A text segments represented as a pdlr,u), corresponding to the lower bound and upper
bounds of the segment as shown in figure 3.1 the offset of the first character within the
segment and is the offset of the first character after the segment.
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...0n_ 3 September _ the Commission sent_.the_parties... .
== J I -

l u

Figure 3.2: Example of a segment.

We define two auxiliary functions
Ib((l,u)) =1 and ul(l,u))=u

These functions are used to obtain the lower and upper bauinels the segment is represented
as a variable. For example, if we have: (1,2), then Is) is 1 and ulfs) is 2.
The function len gives the number of characters within thygrent:

len((l,u)) =u—I

A segment can contain any text, thus we use the taoaurrenceo emphasize that the text
within the segment is some specific expression. For exarttpgesegment in figure 3.2 is an
occurrence of the word "Commission".

3.3.3 Locating translation equivalents in parallel texts

In this subsection we restate the initial problem of loaatmanslation equivalents in parallel
texts as the problem of locating terms in a text. The lattebj@m is addressed in the next
subsection.

Translation equivalents aprirs of termsrepresented as$y,ty), that are translation of each
other, beindy a term of the same language as ¥éxndt, a term of the same language as téxt
Table 3.1 presents some English-Portuguese translatiovedents that are part of the lexicon
used in the experiments with the prototype implementatiotinis method. Each term in the
table is identified by a unique integer valtigfor the English terms angj for the Portuguese
terms.

For each pair of termf, ty) in the lexicon we want to obtain a pair of occurrence vectors
(ox,0y) that will be used later to obtain correspondences as destiibsection 3.4.2. The
vectorox should contain all the occurrences of tegnn the textX, sorted by their position in
the text. Likewise, vectooy should contain all the occurrences of tegnin textY, sorted by
their position. The problem is symmetrical and we use theespracedure for obtaining each
of these vectors — hereafter we will refer to this procedwkmakupand it will be explained
in subsection 3.3.4.
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As we can observe in table 3.1, each English tgrmay be paired with a number of Por-
tuguese termty and vice versa. A more compact representation, withoutatépgthe terms, is
obtained by splitting the table into three tables. A taklef English terms

tx — (tle,tx:27 . . )

atablety of Portuguese terms

ty = (ty1,ty2,...)
and a tablep of pairings(ty,ty). Note that the latter only contains pairs of term identifiest
the terms themselves.

See table 3.2 for an example containing the English terntsajiy@ear on table 3.1. Note
that the terms in the tables are sorted. Also note that we &dgted LCP information to this
table. The table of terms is compressed by removing the Kirapenmon prefix from each term
as shown in table 3.3. This compression has two significamsexguences on performance: it
reduces the memory usage (32% reduction of the currentlexand because more terms fit in
a single memory page it reduces memory page faults, impgdavi@ speed of execution. Also
note, that this compression comes at absolutely no addetheosuse the implementation uses
the LCP information of the terms to avoid re-comparing commeefixes, thus they would
never be used even if they were included in the table — thigxression is an consequence of
the design of the algorithm rather than the way around. Thald®f how the LCP information
is used to avoid re-comparing common prefixes are very teahand they are not included in
the description of the algorithm that follows. However, gression was mentioned because it
is an important advantage towards the use of large lexicons.

Thelookupfunction takes two parameters: a table of tevimsd a suffix array of the text. It
returnsa vector of occurrences for each term in the tatblat occur at least once in the text.

We performlookup(ty, X) to find terms of tabley in text X andlookup(ty,Y) to find terms
of tablety in textY. The two lookups are completely independent of each othémaay be
executed concurrently if multiple processors are avaglabl

3.3.4 Looking up terms in a text

In the previous subsection we restated the initial probléloaating translation equivalents
as a twofold symmetrical problem of looking up a list of tertms a textT.

Consider that we have the suffix arrayor T with LCP information (we may create it with
the method described by Manber and Myers [26]). Also, carsibdat the list of terms is
sorted.

lthe terms are accessed one by one in a sequential mannefotieare can use a list in the implementation
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tx

English term

t, Portuguese term

3218
65934
65934
65934
65934

8515
65933
65932
65931
65930
70196
65929
65928

8671
15158

38893
37852
37852
43184
37617
37497

37447
37442
37439
15160
29660

2529
50501

9684
27622

japanese government
japaneses
japaneses
japaneses
japaneses

jenson tungsten Itd
jerusalem

jesuit

jesuits

jesus

jesus christ

jew

jews

johnson mathey

77814 governo de o japao
147411 japonesas
147410 japoneses
147409 nipobnicas
147408 nipobnicos
83244 aempresa jenson tungsten Itd
147407 jerusalém
147406 jesuita
147405 jesuitas
147404 jesus
157670 jesus cristo
147403 judeu
147402 judeus
83406 ajohnson mathey

joint acp - ec ministerial trade commit- 90598 comité ministerial misto acp - ce para

tee

joint commission
joint committee
joint committee

joint committee composed
joint committee of the eea
joint committee on road transport

joint committee provided for

joint committee referred to

joint committee referred to in article
joint consultative committee

joint council
joint declaration

joint declaration annexed
joint declaration annexed hereto
joint declaration annexed to decision

as questdes comerciais
115401 comisséo mista
115401 comisséo mista
120999 comité misto
120998 comité misto conapost
93130 comité misto de o eee
115021 comité #@doit de os transportes
rodoviarios
114969 comité misto @y
114965 comité misto rdter
114960 comiiétomreferido em o artigo
90601 comité consuliivisto
106495 conselho conjunto
77109 declaracdo comum
104339 declaracdo comenxean
84466 declaracaoitoem anexo
104336 degdaraomum anexa a a decisédo

Table 3.1: Some English-Portuguese translation equitaldine table is sorted by the English
term and the terms have been lowercased. At the time of @grithre lexicon has 98740 pairs

of terms that have been manually verified.
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tx LCP English term

japanesgovernment

3218 9

65934 8 japanese

8515 1 pnson tungsten Itd
65933 2 jeusalem

65932 2 jeuit

65931 6 jesuit

65930 4 jess

70196 5 jesushrist

65929 2 jev

65928 3 jews

8671 1 phnson mathey
15158 2 jont acp - ec ministerial trade committee
38893 6 jointtommission

37852 11 joint comnitee
43184 15 joint committeeomposed
37617 16 joint committeef the eea
37497 17 joint committeeroroad transport
37447 16 joint committeprovided for
37442 16 joint committeeeferred to
37439 27 joint committee referred ito article
15160 8 joint cosultative committee
29660 8 joint cancil

2529 6 jointdeclaration
50501 17 joint declaratioannexed

9684 25 joint declaration annexééreto
27622 26 joint declaration annexsemldecision

Table 3.2: Table of English terms. This table only contaerais that are present in table 3.1.
The LCP column shows the length of the longest common pretiwden each term and the
previous. The LCPs are underlined.
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ty LCP English term suffix

3218 9 government
65934 8 s

8515 1 enson tungsten Itd
65933 2 rusalem
65932 2 suit
65931 6 s
65930 4 s
70196 5 _christ
65929 2 w
65928 3 s

8671 1 ohnson mathey
15158 2 intacp - ec ministerial trade committee
38893 6 commission
37852 11 ttee

43184 15 _composed
37617 16 ofthe eea
37497 17 nroad transport
37447 16 provided for
37442 16 referred to
37439 27 _in article
15160 8 nsultative committee
29660 8 uncil

2529 6 declaration
50501 17 _annexed

9684 25 _hereto
27622 26 to decision

Table 3.3: Compressed version of table 3.2 obtained by rergdlie common prefix between
each term and the previous. The space character that oddheszeginning of some suffixes
was replaced by an underscore to make it visible.
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For each ternt in t we want to locate all suffixesin a that have as a prefix:

function LOOKUP(t, a)
L—{} > the list of occurrence lists
t — first term int
s« first suffixina
repeat
if tis prefix ofsthen
¢ «— length oft
0 «— empty list > the list of occurrences of terin
&S
repeat
pos« offset ofs in the text
append pos pos+ ¢) to o; > add occurrence dfat the positiorposto the list
s < next suffix ina
until lcp(sk, 1) < ¢ or we have run through all suffixes &
addo; toL
t « the next term irt
else ift is lexicographically lower thasthen
t «— the next term irt

else > t is lexicographically higher thas
s the next suffix ina
end if
until we have run through all terms obdr all suffixes ofa
return L

end function
This algorithm runs in linear tim®(TextSize+ TableSizg making it suitable for large
lexicons, and it does not impose any limitation to the lerajtthe terms. Furthermore, because
it handles the texts as a sequence of bytes we meet the objksted in section 1.2 of being as
general as possible with regard to the languages of theliextg aligned.

3.4 Obtaining a correspondence map

This section describes a strategy to find correspondentesée occurrences of an expres-
sion and occurrences of its translation that follows the@aang used to solve an exercise that
| dubbed as th€hampollion exerciseexplained in the next subsection.

3.4.1 The Champollion exercise

Champollion was the French linguist that was able to traegbarts of the text carved in
the Rosetta Stone (figure 3.3) in the first half of the 19th went The text in the Rosetta
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Stone was repeated in three writing systems: hieroglypdEsotic script and ancient Greek.
Champollion was fluent in ancient Greek and used that texetgptier the meaning of Egyp-
tian hieroglyphs. King Ptolemy is mentioned several timrethe Greek text and Champollion
noticed that a set of symbols surrounded by an oval occurughly the same positions in
the hieroglyphic text. Champollion reasoned that the symimside the oval probably denote
Ptolemy.
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Figure 3.3: A picture of the Rosetta Stone with enlargedigestof each of the parallel texts:
ancient hieroglyphics at the top, demotic script and aricrek at the bottom.

Adapted from the website of the FEuropean Space Agency (ESA).
The original picture (without the enlarged sections) is ilade at:
http://esamultimedia.esa.int/images/Science/rosetta _stone_50.jpg

The Champollion exercise consists of the following: picleomord from a text and it's
translation from a parallel text, for example "Commissiand the Portuguese word "Comis-
sao". Pretend that all other words in the texts are undecaple If the chosen pair of words
occurs the same number of times in both texts, then we tersstoge that the occurrences cor-
respond pairwise. However, if the words have different fiestries, then we must look at the
positions where they occur and try to figure out which ocewes should correspond to each
other, based on their relative positions in the texts. FamgXde, if both "Commission" and
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"Comissao" occur in the first paragraph only once, we coutdiae a correspondence between
these two occurrences. The method described in this sefdilomvs this reasoning, without
relying on any particular concept of textual unit ligaragraphor sentenceFigure 3.4 presents
an instance of the problem.

Text X (en) | - - - - !

Text Y (pt) - - - - - !

Figure 3.4: A pair of texts represented as line segmentsugimthe lengths of the texts are
different, the lines were scaled to have the same length.bldek rectangles represent occur-
rences of the word "Commission" in tie(English) text and it's translation, "Comisséao", in the
Y (Portuguese) text. In the English text the word "CommisSwas replaced by the pronoun

"it" in one place but not so in the Portuguese text, thus theber of occurrences of each word
is different.

The question posed by the Champollion problem is: lookintpiatrepresentation, which oc-

currences irX andY can we assume to correspond?

My reasoning when doing the Champollion exercise was toragsai correspondence be-
tween occurrences that were roughly at the same positiootim texts. But, even if the oc-
currences are slightly apart, we can still match them if {het is isolatedfrom the other
occurrences. Figure 3.5 helps clarifying this reasoning.

Our mind is well adapted to handle problems involving patteso we can decide on a lot of
different situations without a deep reasoning. Howevanaters require strict instructions so
we must define thesolationconcept with a formula. The next subsection presents onglsim
formulation of the isolation concept — though other forntiglias could be devised.

He said that the quick decipherment enabled him ‘to avoidsistematic errors
which invariably arise from prolonged reflection.” You getter results, he argued,
by not thinking too much. — Carl Sagan about Champollion'skvo

3.4.2 The neighborhood method

A simple decision rule is that we may assume correspondezteesbn a pair of occurrences
if both are within aneighborhoodof acceptance that is determined from the distance to the
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Text X (en) —= - = - i

Text Y (pt) — . . . S

Figure 3.5: Correspondences manually established aocgptdithe isolation criteria. Occur-
rencesoy; andoy:;; are distant fromox, and oy, thus we have no problem assuming they
correspond. The same holds fo¥, andoy.,. The occurrences,.4 andoy.s are not so close
to each other, but we can, arguably, match them as well. Hesvéeould not decide which
occurrence o¥ corresponds toy:3, even thougloy.s is closer tooy.3 thanoy4 is to oy:s.

Actually, ox.3 corresponds toy:3 and the occurrenos.4 corresponds to the pronoun "it" in the
English text, but according to the rules of the game we damdvkn about "it".

closest occurrences. | defined that neighborhood as ataillagstriction, shown in figure 3.6.
A neighborhood intervahy; is defined for each occurrenog; in X as

h {Ux:(il) +Ixi Ui +|x:(i+1)}
X —

2 ’ 2

wherely; = Ib(0yx;) anduy; = ub(oy;). In the same way, a neighborhood interiwg| is defined
for each occurrence,j inY as

N [Uy:(jl)"’lyij Uy:i+|y:(j+1)}
¥ 2 ’ 2

For the first occurrence in tex (havingi = 1) we consider ufoy;_1) = 0, that is, the
beginning of the text. For the last occurrence-(n) we consider loxn+1) = Lx, beingLy the
length of textX. Thus, the neighborhood interval for the first occurrencext X is

[0+ lx1 U1+ Ix:Z}
hx:1:

2 2
and for the last occurrence is

Uy (n—1) +lxn Ux:n + Lx
hx:n - 2 ) 2

The first and last occurrences in t&are computed in a similar way (omitted).
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For now, let’s assume there is a function [0, L,] — [0, Ly] that maps each position K to
a position inY and a functiorf3 : [0,Ly] — [0, L] that maps each position Mto a position in
X. These functions are defined later in subsection 3.4.3 doutdw we need to know that both

are monotonically increasing functions.
Because they are monotonically increasing we have that

X1 <X =0(x1) <a(x) and yi1<y2=B(y1) <B(y2)

To simplify the explanation we can abuse the notation andxibg; ) andf(hy.j) as short-
hands for

a(hxi) = [a(lb(hwi)), a(ub(hyi))] - and  B(hyj) = [B(Ib(hy)), B(ub(hy;))]

Finally, the function that is used to compute the correspord map is defined as

yes, ifoy; C B(hyj) andoy:j C a(hx:i)
no, otherwise

correspon(oy., Oy:j) = {

and the mapM of correspondence between the textandy is
M = _J{(0xi,Oy;j) € Oxp X Oy;p : COITEspontoy:;, oy )Vp € p}

whereoy., andoy.p are the occurrence vectors of each pair of tepirsthe set of pairingg that
was described in section 3.3.4. The occurrence vectorsbdagned by the methods explained

in section 3.3.

3.4.3 Using alignment as a guide

The correspondence between a segrsgat (ly, uy) of textX and a segmers, = (ly, uy) of
textY may be represented in a cartesian plane as the rectanglete 8g/. The lower-left and
upper-right vertices of the rectangle are the poiitdy) and(uy, uy) respectively.

If we plot all correspondences of a pair of texts in a cartegl@ane we observe that they
line up diagonally, as shown in figure 3.8. This "golden drzb has been "discovered" long
ago and previous work described in chapter 2 explores it ewway or another. For exam-
ple, the main hypothesis of the length-based methods thescin 2.1.1 is that the length of
parallel texts tends to be proportional, and the work by Ribet al described in section 2.2.2
uses linear regression lines to filter noisy correspondeand those lines are very close to the
"golden diagonal”. However, those methods do not checksiblation of occurrences to assess
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x:1 x:2 x:3 x:4
Text X (en) t - - - - !
. . 9
Text Y (pt) | A M4 " \ - o M4 t. |
Oy:] Oy.'Z 0y:3 0y:4 0y:5
(a) Neighborhood segments of occurrenceX.in
Or:1 Ox:2 %x:3 Ox:4
Text X (en) = 7y " Y T ' I
Text Y (pt) —— ' . . el
Oy:l Oy:Z 0y:3 0y:4 0y:5

(b) Neighborhood segments of occurrenceg.in

Figure 3.6: Neighborhood segments used to find correspaederlTwo occurrences are as-
sumed to correspond if each is within the neighborhoodvateatefined by the other.

The bounds of the neighborhood intervals of each occurreneeare represented in figure
(a) as arrows pointing to their expected positions (giverobyn textY. Figure (b) shows
the bounds of neighborhood intervals of occurrenceg as arrows pointing to their expected
positions (given byB) in X. Note that if the lines representing the texts had not bealeddo
have identical lengths, the arrows would be skewed.

The functionsa andf3 are described in the next section.
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—>
X

Figure 3.7: Representation of correspondence in the cant@éane as a rectangle. Given a
segmensy = (Ix, ux) of textX and a segmers; = (ly, uy) of textY the bottom left and top right
vertices of the correspondence rectangle are defined bydingsly,ly) and (ux, uy) respec-
tively.

the confidence of the correspondences.

A polygonal chairis a piecewise linear curve. It is defined as a sequence ofg@ertices)
and the curve is obtained by connecting consecutive veridth line segments.

An alignment of two parallel texts may be used to define a mamdtpolygonal chairc as

C= ((0, 0), (lx:1, |y:1), (Ux:1, Uy:l), (lx:2, |y:2), (UX127 Uy:2), SRR (lx:n, |y:n), (Ux:n, Uy:n), (Lx, Ly))

where(Ibyi, Ibyi) and(ubi, uby;) are the lower and upper vertices of the correspondenceecta
gle as shown in figure 3.10 andLy are the lengths ok andY respectively.

The previously mentioned functiosandf3 are closely related to the monotone polygonal
chainc obtained from alignment. Functi@ancomputes the ordinate that intercepts the given
abscissa and functighcomputes the abscissa that intercepds the given ordinate.

2with x andy coordinates ever increasing
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Figure 3.8: Correspondences between segments of a paiktsf tEach correspondence is
represented as a rectangle (as described in figure 3.7).eth@rrespondences are not part of
the selected alignment (selection is discussed in sect®n Bhe area delimited by the dashed
rectangle is shown in figure 3.9 with greater detalil.
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(selection is discussed in section 3.5).
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<y

Figure 3.10: A monotone polygonal chain obtained from ahgnt.
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Functiona is defined in terms of themonotone polygonal chaimas

(X(Iy]_/lxl) O S X< |X:1
Iy:l +(X— Ix:l)(Uy:l - |y:1>/(Ux:1 —lx1) 1 <X<uy
a(x) = Uy:1 + (x— Ux:l)(ly:Z - Uy:l)/(lx:z —Uyg1) Ul <X<lyo

\Uy:n‘f‘(X—Ux:n>(|—y—Uy:n)/(l—x—ux:n) Uen < X < Ly
and functionB is defined as:
,Y(lx:l/ly:l) 0<y< Iy:l

lx1+ (y— Iy:l)(Ux:l - |x:1)/(Uy:1 — Iy:l) Iy:l Sy<Uyi
B(y) = q Ux1+ (y_ Uy:l)(lx:z - Ux:l)/(ly:Z — Uy:l) Uy <Yy < Iy:2

\Ux:n‘f‘(y—uy:n>(|—x—Ux:n)/(l—y—uy:n) Uyn <Yy < I—y

These functions were used in previous subsection to contpaexpectedosition in the
other text for some position in one text, i@(Xx) gives the position in text that, according to
the current alignment, is expected to correspond to thdiposiin text X.

This concludes the section explaining how to obtain a cporedence map from the occur-
rence vectors obtained in section 3.3, using an alignmeagasde.

3.5 Obtaining an alignment from a correspondence map

This section presents an algorithm for selecting a set ofarossing correspondences with
maximal coverage from a correspondence map. As we have sedrapter 1, a set of non-
crossing correspondences is an alignment. Next we will de&t goverageis, and then we
discuss why the coverage is a good criteria for selectioe. algorithm for obtaining the selec-
tion is presented at the end of this section.

The coverage of an alignme# is the portion of the texts that is within the segments
(sx,Sy) € A. More precisely, the coverage of an alignmaris given by

_ Ylen(sy) +len(sy)

coverageA) = Ly ,(SSy) €A (3.1)

beingLx andLy the lengths of texts X and Y.

The Longest Sorted Sequence Algorithm (LSSA) describeddsfdnso and Lopes [19]
also selects an alignment from a set of correspondencésugl their correspondences are



40

pairs of text positions (points in the cartesian plane)dadtof pairs of text segments (rectangles
in the cartesian plane). They view the correspondencesdimtan alignment as a sequence of
points with increasing andy coordinates. The criteria for selecting the more reliabtpugnce
is the length of the sequence, measured in terms of the nuoflpaints. If there are two or
more sequences having maximum length, they select the emegithe rightmost (last) point.

The reasoning behind the LSSA is that, the most probableknt is the one that in-
cludes more correspondence points. The maximal coveraigeiar on the other hand, ac-
knowledges that not all correspondences are equally telialnd thus, they should not be all
equally weighted when deciding the best alignment. Froneofagion, the correspondences be-
tween small segments, like correspondences between ences of punctuation characters, are
not as reliable as the occurrences between occurrencegyefterms, as for example a corre-
spondence between "rubber products manufacturing” arfddttaguese translation "a industria
transformadora de produtos de borracha". We hypothesatedinrespondences between larger
segments are more reliable. According to this hypothdsésytore reliable alignment is the one
with maximal coverage.

We define the boolean operator precedes for two correspoasas

true if ub(sc1) <Ib(sc2) Aub(sy1) <Ib(sy2)
false otherwise

(Sx1,Sy:1) precedeSsy,, Sy2) = {

The algorithm for selecting the alignmeftith maximal coverage from a correspondence
mapM works as follows:

function SELECT(M)
A {}
for all me M do
Mp < {mp € M : mpprecedes}
Ap — SELECT(Mp)
if coveragémU Ap) > coverageA) then
A— mUA,
end if
end for
return A
end function

3.6 lIterative improvement

Because the alignment is computed from an occurrence maphandccurrence map is
computed using an alignment as a guide, we must provide aal imlignment to bootstrap the
loop. We use thgolden diagonaés the initial rough alignment.
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Alternatively we can supply an existing alignment, and theghrod will try to improve it.

The neighborhood method behaves in a way that allows us toveta a bad alignment
and still, obtain the correct correspondences. This beh&/consequence of the method being
extremely cautious about the correspondences it makes. designed to rather not make a
correspondence if there is any evidence that the corregmoedmight be wrong. When the
guiding alignmentis bad, only the large neighborhood segswill intercept each other having
the respective occurrences within the interception. The sf the neighborhood is determined
by the proximity between occurrences of the same term, fibvierdess frequent terms are more
likely to have larger neighborhoods. If we give a bad alignhas a guide, the method will make
few correspondences, but they are likely to be correct. Ttiesse correct correspondences
are used to obtain an alignment and in the next iteration tethod will make a lot more
correspondences. In the experiments with the prototyebgiaviors were observed regarding
the number of correspondences obtained at each iterafitire initial alignment is bad — for
example if we give a diagonal that starts(@tLy/3) and ends aflL,Ly), consisting of an
alignment that discards a third of text Y — the number of ooenees in the first iteration is
less than in the second iteration; if we give a reasonald@adent — like thegolden diagonal
— then the number of iterations in the first iteration is gee#than the second. This shows that
the global iterative algorithm finds it's way even if we poitin the wrong direction.

The loop stops when the alignment stops improving, i.e. wihencoverage of current
alignment is not larger than the previous. Because covee@s values in the intervid, 1]
the loop is guaranteed to stop if the coverage ever reachesal ¢orrespondence). In practice
the alignment stabilizes after few iterations (4 iterasiom average in the experiments with the
JRC-Acquis corpus).

3.7 Evaluation of alignment results

There are two mainstream methodologies for evaluating tladityy of an alignment: (a)
comparing the alignment against a "golden standard” pusWocreated by hand (Melamed
[30], Véronis and Langlais [40] and Chiao et al [5]), and (l@rmaal verification of the correct-
ness of an alignment (Bilbao et al [1]). Method (a) is suiédbk evaluating several alignments
of the same corpus when they are produced by different pnogradowever, the creation of
a "golden standard" alignment is a very demanding/expensisk and, as a consequence is
not adequate for having it repeated for every new parallguoaddressing other subject mat-
ters. Therefore, method (b) is preferable when only onenalgnt/program is being evaluated
—which is the case.

According to the method described by Bilbao et al [1] the e&#dr looks at a number of
aligned segments and grades the correctness of each paidiagrto the ratio of the number
of words that are correctly aligned and the number of wordeeérongest of the two segments.
Thus, a segment that is graded with 1 is a correct translatiot a segment with grade 0 is
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totally incorrect. The precision of the whole alignmentdputed as the average of segment
grades.

The alignment method described in the previous sectionsused for aligning the Euro-
pean Constitution corpus (part of the OPUS project [39]hgs lexicon with 62k English-
Portuguese pairs of terms that have been automaticallgagtt and manually verified. The
alignment was evaluated by my supervisor, Professor GaPeieira Lopes, according to the
method presented in the previous paragraph.

A total of 2424 segments were evaluated with an averagegioacdf 76.56%. There are no-
tably few errors resulting from incorrect corresponderad®ained by the neighborhood method
described in subsection 3.4.2. Most alignment errors cbeldvoided if the lexicon contained
more single-word translations — most of the terms in theclexiare phrases.

Bilbao et al [1] report a maximufralignment precision of 75.46% for the alignment method
described by Ildefonso and Lopes [19]. Although the evabmanethod is the same, the results
of the two evaluations cannot be meaningfully compared lezéhere are too many variables
that may have an impact on the result — evaluations were atedwn different corpora, the
alignment granularity was different, etc. Nevertheleks, firecision of the alignments in this
experiment allows us to say that this method, even with aldexaton, can produce alignments
with a quality that is roughly comparable to the quality obsk obtained by the method of
lldefonso and Lopes [19]. Moreover, the precision of teram$lations automatically extracted
from corpora aligned with the method by lldefonso and Lopas typically 20% (unpublished
work, personal communication). In a recent experimentgigie European Constitution corpus
aligned by the new alignment method, the precision of theaeied term translations is about
70%. Because the extraction method used in both experirsenézarly identical, we conclude
that the new alignment method should be credited for sonteopéris improvement.

3the alignment method takes a treshold parameter that mustjbsted for each pair of languages; depending
on the threshold parameter the alignment precision vadgesden 53.37% and 75.46%



4 . Conclusion

The proposed approach meets the objectives listed in seki®) taking advantage of bilin-
gual dictionaries to find correspondences in parallel tartsbeing as general as possible with
regard to the languages of the texts by not relying on anylstgs concept — the texts are seen
as a stream of Unicode characters.

The lexicon used in the evaluation experiment describeddtian 3.7 contained about 62k
English-Portuguese pairs of terms, which is a relativelglsiaxicon for an approach that re-
lies exclusively on a lexicon to obtain correspondencesrédr lexicon is expected to improve
the precision of alignment because most low-graded segnretitat experiment contain words
that were not part of the lexicon. Nevertheless, the precisf the alignment is already similar
to the precision of the method of lldefonso and Lopes [19]olhielies on cognates and homo-
graphs.

The evaluation result shows that it is possible to obtainlagment at least as good as
the one obtained by the method of lldefonso and Lopes, whligng exclusively on an ex-
ternal lexicon, thus supporting the thesis that lexicoerafce should not be embedded in the
alignment process. Instead, the alignment should be patlafger iterative scheme, in line
with extraction of translation equivalents and human \al@h of the extracted equivalents, as
depicted in figure 4.1.

|

Align parallel corpus <

I

Augment the
Extract i lexi
translation equivalents alignment lexicon
q with the

from aligned corpus

validated equivalents

A

Validate extracted
translation equivalents

Figure 4.1: The "Big Picture": the alignment process as ph# larger iterative scheme that
improves alignment quality at each iteration.
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4.1 Summary of contributions

This work adds several important contributions to the statae art:

1. An algorithm that uses suffix arrays with LCP informatiorldcate multi-word transla-
tion equivalents in a text.

2. A new method for obtaining correspondences that effelgtigavoids most of the noise
from the search space.

3. An algorithm to obtain an alignment with the maximal cage from a set of correspon-
dences.

4.1.1 Human-machine synergy

I’'m convinced that, with human help, machines can do a laieb¢han by themselves let
alone. The new approach described is prepared to use a liéirgpual lexicon of single- and
multi-word translation equivalents. This enables a humechine synergy towards improving
the alignment quality over time by augmenting the bilingealcon.

We can (ab)use the bilingual lexicon to prevent frequemgrafient mistakes, in particular
those resulting from different word order within cohesiwpressions, by introducing single-
and multi-word translations into the dictionaries. Figdr2 gives an example.

While not being a full-fledged solution to the word order gewb the bilingual lexicon
provides a quick fix for frequent expressions.

Moreover, an aligned parallel corpus can be an input for &mremmous extractor of transla-
tion equivalents. Experiments made (not published yetpprof English and Portuguese texts
from the European Constitution, aligned with the prototypplementation of the method here
described, enabled the extraction of approximately 50fstedions of single and multi-word
terms occurring more than 5 times with a 71% precision. Thaber of extracted single and
multi-word term translations occurring more than twicepp@ximately 8000, and these were
not yet evaluated. Reuse of validated translation entrilshecessarily improve alignment
guality and enable the identification of translation erfors

4.1.2 Data driven

The method relies more on data and less on algorithms. licpkat, it does not perform
cognate matching nor lexicon inference, relying solely xtemal bilingual lexicons for obtain-
ing correspondences. This approach marks an importanttdepdrom most previous meth-
ods, which perform automatic extraction of some kind: instnnethods, the alignment errors
caused by wrongly extracted word pairs are mechanicallgatga over all aligned texts and
there is nothing one can do about it because the extractidons within the alignment itself.
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protocol —— protocolo
on relativo a
external as
relations —— relacdes
externas
of —— de

the member states—— o0s estados membros

(@)

protocol —— protocolo
on relativo a
external relations—— as relagdes externas
of —— de

the member states—— o0s estados membros

(b)

Figure 4.2: Figure (a) shows a frequent misalignment. thioing the pair "external relations"—
"as relagbes externas" into the dictionary, prevents thsdlignment as show in figure (b).
Despite not being a full-fledged solution for the problem afravorder changes, we can fix
frequent expressions in this way.
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For example, the methods that perform cognate matchingSikeard et al [37], Ribeiro et al
[32], Ribeiro [31], Church [6] and Melamed [29, 28] are allwerable tofalse friends Those
methods will align false friends that pass their cognatitast if they occur in similar positions
in the texts. In our case we only align words or expressioasdtle in the dictionary.

Takes advantage of sophisticated methods for translagioivalent extraction If there is no
dictionary for a given pair of languages, we can align usinly gerbatim passages and then per-
form an automatic extraction of translation equivaleniagishe method suggested by Ribeiro
et al [31]. We can repeat this alignment—extraction cycless times to augment the dictio-
nary until the alignment produced has an acceptable graty#a the alignment gets more
fine-grained as the number of correspondences between woestpressions increases.

4.1.3 Obtaining more and more reliable correspondences

The method for obtaining correspondences described hdperdorms the methods de-
scribed in previous work. The number of obtained corresponds depends mostly on the size
of the translation equivalents table. In the experimentglooed with a dictionary of about 60
thousand entries there was less than 10% of the words Idfoutitorrespondence on average.
On the other hand, the observed number of bogus correspoesleswvery low.

When compared with the signal-processing techniques uge@hloirch [6] to obtain a
clean signal from dotplots, or the complex SIMR pattermeggstion algorithm described by
Melamed [28], or the K-vec method by Fung and Church [11] dredduccessor DK-vec by
Fung and McKeown [12], the proposed method is simpler andpctationally lighter (linear
runtime and space). The method suggested by Ribeiro et adinfuerms with equal fre-
guencies on both texts as alignment candidates is defirgtelgle and computationally light,
however it does not provide as many candidates.

4.1.4 No need to filter

Compared to methods that are genetically closer to the approere described — includ-
ing Church [6], Ribeiro et al [33, 34, 32], Ribeiro [31] and¢fonso and Lopes [19] — we may
highlight one important departure: | have shifted the emsghfiom the filtering stage to the
generative stage. This turned out to be a good decision be¢ha improved candidate gener-
ation makes the filtering stage unnecessary, contributinige overall computational lightness
of the method.

4.1.5 Iterative improvement of alignment

The methods described in Kay and Réscheisen [22], Ribeiab[88, 34, 32], Ribeiro [31]
and lldefonso and Lopes [19] at some point assert that sotnef selected correspondences
are correct in order to proceed finding more correspondeht@severnone of those methods
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re-evaluates past assertions in face of new information

In other words, the new correspondences always "agree'olddr ones. As a consequence,
erroneous correspondences prevent good correspondeoiceding generated in their neigh-
borhood.

The re-evaluation performed by the selection algorithmaahdteration decides towards
the best global alignment based on the hypothesis that aoyract correspondences will "dis-
agree" with most of their neighbors and therefore, the degtraent can be selected by choos-
ing the one with maximal coverage.

4.2 Future work

Given the computational lightness of the prototype and tleeraging results, | consider
that the new methods presented here deserve further res@angarticular to see how they
perform when applied to pairs of unrelated languages ortierdtinds of text, like the Bible,
medical documentation, technical manuals, etc. Alignnimtiveen pairs of unrelated lan-
guages poses additional challenges. In particular non-Euwdtopean languages like Arabic,
Hindi, Chinese and Japanese.

It is pertinent to investigate the asymptotic limitatiorigtos lexicon-based approach when
the lexicon becomes richer, or in other words, assess thi@yqahalignment as lexicon be-
comes larger. Eventually, adding more entries to a lexicdimat produce noticeable improve-
ments in the alignment.

Functional words account for most of the noisy correspooeenOne possibility to avoid
noisy correspondences is to have a two phase alignment. iBhelfiase should not use func-
tional words. The alignment from the first phase would be egfim the second phase by fitting
functional words within the correspondences from phase one
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