N

HAL

open science

Contextual Distribution for Textual Alignment

Yuri Bizzoni, Marianne Reboul

» To cite this version:

Yuri Bizzoni, Marianne Reboul. Contextual Distribution for Textual Alignment. World Academy of
Science, Engineering and TechnologyInternational Journal of Cognitive and Language Sciences, 2015,

Paris, France. hal-03167990

HAL Id: hal-03167990
https://hal.science/hal-03167990

Submitted on 12 Mar 2021

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-03167990
https://hal.archives-ouvertes.fr

International Science Index, Cognitive and Language Sciences VVol:9, No:8, 2015 waset.org/Publication/10006107

World Academy of Science, Engineering and Technology
International Journal of Cognitive and Language Sciences
Voal:9, No:8, 2015

Contextual Distribution for Textual Alignment

Yuri Bizzoni, Marianne Reboul

Abstract—Our program compares French and Italian translations
of Homer’s Odyssey, from the XVIth to the XXth century. We focus
on the third point, showing how distributional semantics systems can
be used both to improve alignment between different French
translations as well as between the Greek text and a French translation.
Although we focus on French examples, the techniques we display are
completely language independent.

Keywords—Translation  studies, machine
computational linguistics, distributional semantics.

translation,

I. INTRODUCTION

E compare French and Italian translations of Homer’s

Odyssey, from the XVIth to the XXth century. Open data
algorithms are still either too dependent on language
specifications and databases or unreliable. We hope to
overcome these aporias. The Greek text is first cut on anchor
points (proper nouns), and so is its corresponding translation;
the corpus is then aligned with our algorithm and divided in
fixed chunks. Each Greek chunk is given a fixed ID, allowing
us to give its translations the corresponding IDs. Each
translation is therefore aligned one to another according to their
identification.

The alignment of the source to the target is done in three steps
(preprocessing, alignment and postprocessing). To align textual
chunks we use three main systems: 1, an automatically
generated bilingual dictionary of Greek-French proper nouns;
2, length and frequency measures; 3, a dictionary of
distributionally related terms.

II.DISTRIBUTIONAL SEMANTICS

The third point allowed us to consider a token not just as one
data unit but as a contextual vector.

A problem in aligning different monolingual translations is
that different translators could use different words to express
the same meaning, and it would be necessary to find a way to
detect the semantic similarity between their different choises. A
way to model the semantic similarity of two elements is to study
the problem from a distributional point of view, which is done
through the construction of contextual vectors.

A contextual vector represents the distributional behaviour
of a word in a corpus. The distribution of a word is the list of
contexts in which such word appears [1], and it gives a
representation of how that word is used [2].

It is argued by several linguists [2], [3] that one of the best
ways to define the meaning of a word is to look at that word in
relation to others.
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The way two words are used can be considered as an
indication of their difference in meaning [4]: thus, words with
similar distributions should have similar meanings. Words
having similar contextual vectors will probably share a
similarity in meaning: they could be synonyms, since they are
used in the same contexts.

III. MONOLINGUAL DISTRIBUTIONAL SIMILARITIES

Comparing vectors in both source and target allowed us to
determine a distributional dictionary of potential synonyms.

We saw, in fact, that contextual features could still be useful
in different translations to determine synonymy.

Some contexts tend to remain similar from the source to the
target, and therefore may be most useful for chunk-to-chunk or
even word-to-word alignment. Just to make an example, we can
look at the following lines taken respectively from Dacier’s and
Sommer’s translations:

une hécatombe de taureaux et d'agneaux
(Dacier, Odyssée, 1)

une hécatombe de taureaux et de brebis
(Sommer, Odyssée, I)

In this example, agneaux and brebis have exactly the same
context, thus it is possible to hypothesize a semantic similarity
between the two words.

Although stylistic differences between translators involve
large changes also in lexicon, it is often the case that two
different synonyms, or pseudo-synonyms, are used in similar
contexts, allowing us to distributionally detect similar
variations. To do so, we give each word of each text (stored in
a non repetitive map) a modifiable immediate context.

The choice of the context has a central role in this model,
since it strongly conditions the results. For example, a 4-word
contextual window will take into account the two words
preceding and the two words following every occurrence of the
given term:

la ville sacrée de Troie (Dacier, Odyssée, I)

les murs sacrés de Troie (Sommer, Odyssée, 1)
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From the preceding example, it is already possible to induce
that sacrée and sacrés have some distributional similarity, since
they share at least a part of context (de Troie). With different
window sizes, this information could be reinforced by new
elements, or lost in noise. Some researchers set a reduced co-
occurrence window of 4 or 5 words, while others prefer larger
ones, of the order of 100 words [4]. We chose a 4-word window.

In the next step, a word vector can be created defining the co-
occurrence of the word with every other term in the text.

This way, it is possible to represent the semantic similarity
of two words as the similarity between their vectors. Co-
occurrence vectors are set into a co-occurrence matrix. Such
matrix normally has a set of words in rows and a set of words
in columns while cells contain the frequency of co-occurrence
of each word in rows with each word in columns:

TABLEI
CO-OCCURRENCE MATRIX
la ville les murs de Troie
sacreés 0 0 1 1 1 1
sacrée 1 1 0 0 1 1

A co-occurrence matrix is a semantic space. A semantic
space is a multidimensional model of word distribution in a text
or corpus, having as many dimensions as the distributional
vectors and as many points as the number of words. Therefore,

NW sanst nt

chunk 2 jupiter, daignez nous apprendre , @ nous aussi, une partie des aventures de ce héros . Tous cew: qui avaient évité fa md

chunk 3 Calypso , qui désirait passionnément de |'avoir pour époux , Mais aprds plusieurs années révolues , quand celle que les d
chunic 4 thaque fut armvée , ce prince se trouva encore exposé & de nouveaux travauw: , quoiqu'il fit au miliew de ses amis . Enfin

chunk S jupiter., L3, le pére des dieux et des hommes s * étant sowvenu du fameux

chunk 6 Egisthe , qu* Oreste ava tué pour venger la mort de son pére , leur parla ainsi : - Quoi ! les mortels osent accuser les dig

chunk 7 Agamemnon , aprés avoir assassiné ce pnnce ; il n'ignorait pourtant pas fa terrible punition qui suiralt son crime . Nous
chunk § Mercure , qui lui défendait de notre part d'attenter & lavie du fils d'Atrée et de 5 'em parer de son bt ; il lui déclara qu*
chunk 9 Oreste vengerait cette mort et le puniralt de ses forfaits dés qu'l seratt en dge et qu'l sentira le désir de voir sa patrie ,
chunk 10 Egisthe n'écouta point des avis si salutaires : aussi vientl de payer & la fois tous ses crimes . La déesse

chunk 11 Minerve , prenant [a parole , répandd : - Fils du grand Saturne , qui étes notre pére et qui régnez sur tous les rois , ce m|

chunic | Muse , contez4moi bes aventures de cet homme prudent qui, aprés avoir ruiné |a wie sacrée de Trole , fut errant plusieurs

-

each word is stored as a vector of contextual co-ocurrences.
Sahlgren [5] explains that such a model of word distribution
allows a useful similarity-is-proximity metaphor: words with
similar vectors represent points with proximal locations. The
locations of the words in the semantic space do not reveal much
about their meaning or their use. It is the relative location of
words which matters (the fact that a word A is nearer to a word
B than to a word C). In a semantic space, it is not important to
know where a word is but rather how distant it is from another
word.

When all the distributional vectors are ready, we can measure
their relative proximity with the cosine similarity.

This similarity metric takes the scalar product of two vectors
and divides it by the product of their norms:

Xy Yi=1 XY

N NG TN

This is useful because it overcomes the frequency issue: by
normalizing the scalar product of two vectors, the effects their
length may cause are neutralized, simply because longer vectors
(vectors with larger values) will also have higher norms. It also
gives a fixed similarity measure: two identical vectors will have
a cosine similarity of 1 and two orthogonal vectors will have a
cosine similarity of 0. Using the cosine similarity, the length of
the vectors does not matter.

simcos(X,¥) =

chunic 1 Muse , dis-moi ce sage héros qu erra de longues années aprés qu'l eut renversé les murs sacrés de Troie , quivish

chunk 2 Soleil, et le dieu leu ravt e jour du retor . Déesse,, fille de Jupiter , redis-nous du moins une partie de ces maheurs
chunk 3 Calypso , belle entre les déesses , le retenait dans ses grottes profondes , et brllait d'en faire son époux. Mais lore

chunk 4 thaque , alors méme il devait soutenir encore des uttes jusqu'au milieu de ses amis . Tous les dieux avaient pitié d

chuni 5 Egrsthe , que venait de tuer le fils o Agamemnon , le famews
L

chunk 6 Oreste ; il se souvenatt , et il adressa ces paroles aux immortels : ** Hélas | combien les hommes n‘accusent - ifs pa
chunk 7 Mercure , le wgilant meurtrier &

chunk 8 Argus , nous I'avions averti de ne point le tuer et de ne point rechercher son épouse , car

chunk 9 Oreste e puniratt un jour, quand il aurait grandi et qu'il désirerait revoir sa patrie . Ainsi parla

chunk 10 Mercure ; mais ses conseils bienvedlants ne persuadérent point le ceur d'Egisthe ; et maintenant i a expié tout 3

chunk 11 Minerve , lui répondit ensuite : ™ Fils de Saturne , natre pére., le plus grand des rois ., il est tombé sous de justes

Fig. 1 Needleman-Wunsch alignment without contextual semantic distribution

churk 1 Muse, contezmal les aventures de cet homeme prudent qui, aprés avor ruiné la vile sacrée de Troie , fut emant plusieurs années en dweta ] chunk | Muse , dismoi ce sage héros qui arra de longues années apres qul eut renversé Jes murs sacrés de Troie, qui vista les cites et af)

chunk 2 Soled . et ce deu rritd les punt de ce sacnlbge , Déesse, file de

chunk 3 Jupiter, daignez nous spprendra , & NOUS auss!, une partie des aventures de ca héros . Tous ceu qul avasent évtd |a moet devant lis ren
chunk & ithaque fut amwde , ce prance 52 trowva encore epasé 3 G2 nouveaur travaux , Quokil 1t au mitey de ses amss . Enfin les dieux eurent

chunk 5 Jupter , i, le phre des diew et des hommes ' étant sowenu du fameuw Egisthe , qu' Dreste avaft tué pour venger la mort de son pire
chunk § Agamemnod . apres averr 55assing ce prince ; il nignorait pourtant pas fa ternible punition qui sunradt son cime . Nous avions eu 5om ng

chunk 7 Mercure , quilui défendat de notre part d'attenter & la vie du fils d'Atrée et de s ‘em parer de son bt ; i lui déclara qu'*

thunk B Oreste vengerait cette mort et le punirat de ses forfats dés quiil seralt en Bge et quil sentirait | désir de voir sa patrie , Mercure Fevertit 1

chunk 8 Egisthe n'écouta pornt des avis si salutaires ; aussivientd de payer  la fois tous ses crimes . La déesse

chiunkc 10 Minerve , prenant la parcle , répondd : - Fils du grand Saturne , qui &tes notre pére et qui régnez sur tous les rois , ce malheureux ne mé
chunic 11 Ulysse, qui depus lengtemps est accablé dune infinté de mawx , lon de ses amis , dans une Ne éloignée , toute cowarte de bais , au ]
thunic 12 ithagque , Uysse résiste & tous ses charmes ; I ne demande qu* & voir seulement la fumée de son palais , et , pour acheter ce plaisir , Il

thunk 13 Ulysse quivous @ offert tant de sacrifices sous les murs de Trok 7 Pourquoi étesvous 5i fort it contre ul 7 - Ma hile , ki réponds le mal

chunic 14 Ulysse , qui surpasse tous les hommaes en prudence et qui a offent plus de sacnfices que nul autres auw deux immortels qui habitent oY

chunk 2 Soled , et le dieu leu ravtt le jour du retor , Déesse , file de

thunk 3 jupiter , reds-nous du moins une partie de ces maheurs . D& tous eux qui avalent échappé 3 une fin terrible avasent leur patrie .«
thunic 4 thaque , alors méme i devalt soutens encore des lutes |usqu'au mibey de ses amis . Tous les diewx avasent pits de lul; Ulysse . jus
chunk § Egesthe . que venat de tuer Je bis d' Agamemnan , le fameus Oreste ; 1l se souvenad , et i adressa ces paroles aux immortels : = Hél
chunk & Egsthe , malgré Je destin, s * est uni & Pépouse du fis dAlrée, | @ égorgé le héros & son retor , bien qul vit une fin terrible ; nous+
chunk 7 Argus . nous avions averti de ne pont le tuer et de ne point rechercher son épouse . car

thunk 8 Oreste be punira un jour , quand il suratt grandi et qul désirerat revoir sa patre . Ainsi parla

chunk 9 Mercure ; mais ses conseds bienvedlants ne parsuadirent pornt le corur E‘Eq:!ﬂt + ot maintenant i a expié tout & la fois . * La déess
chunk 10 Minerve , lui répondt ensute : * Fils de Satume , notre pére , le plus grand des rois , i est tombé sous de justes coups . Périsse a
chunk 11 Ulyssa , finfortuné , qui depuis longtemps , loin de ses amis , souffre dans une be quenferment les flots ot qui est le center da lam
chunk 12 thaque : mais Ulysse , qui voudrat voir au mans fa fumée s * élever de la terre natale , souhate de mourr . Ton cour mest donc pi

thunk 13 Troie 7 Pourgual tant de courrous contre lui . & Jupter ? = Jupder qui rassemble ies nudes lui répondt : ** Ma file , quele parole est

thunk 14 Ulysse , be plus sage des mortels, celu qui a offert le plus de sacrfices aux diew: qui habitent ke vaste ciel ? Mals

Fig. 2 Needleman-Wunsch alignment with fixed contextual semantic distribution
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If the cosine similarity result is high, we store each word and
its potential proximity tokens in a distributional dictionary that
will impact on the final similarity score.

Referring to the preceding example, a chunk with agneaux
and a chunk with brebis will have a slightly higher probability
to be aligned - thus, to contain the same information - than two
chunks with words distributionally unrelated.

The immediate results show that distributionally near words
tend to be either semantically related or linked by similar
expressions, and in general that this technique allows us to
improve the alignment of translational segments.

In Fig. 1, we can see that, although some chunks have been
correctly aligned, many mistakes remain. For 17 chunks, 7 are
faulty. In Fig. 2 however, when context is taken into account,
only 3 mistakes remain (which could be reduced to one, as two
of these problematic alignments are to be considered in
reverse).

The theoretical interest of these results in our line of work is
also to be considered: the changing in the use and the meaning
of words is of primary interest in translation studies. The same
words could have very different distributional neighbours in
different translations. The fact that contextual information can
be succesfully used to infer semantic similarities between
translations of different eras can be fascinating to consider.

This method being entirely language independent, it may be
adaptable to any monolingual set of translation.

Once the preprocessing is done, an adaptation of Needleman-
Wunsch’s algorithm (initially created to align protein
sequences) [6] associates each chunk in a potentially final
aligned corpus.

This algorithm works building up a grid from any two
sequences. For each element in the first sequence (for example,
for each letter, or for each segment) it assigns a value of
matching probability to every element of the second sequence,
based on a given similarity score and on the already made
matches.

The similarity score is calculated through a specific function
that uses some pre-defined metric to determine how much two
elements are similar between them. This is somehow the most
sensitive part of the system, since it is the function that decides
whether two elements have a good probability of matching. The
function that attributes a similarity score determines the success
of the rest of the operation. In our case, since we are using non-
annotated corpora, we maintained very simple parameters: the
similarity is calculated through the automatically generated
dictionary and some other heuristics.

We use the distributional similarity between words to
improve the precision of the similarity score.

IV. CROSS-LINGUAL DISTRIBUTIONAL SIMILARITIES

Naturally, a context-based similarity is very helpful between
monolingual translations.

Vectorial representations are widely used in linguistics to
model the distance between words, concepts [7], expressions
[8], etc., butsemantic distance is normally computed between
two words of the same language and only recently some studies
have been made about vectors in bilingual parallel corpora.

International Scholarly and Scientific Research & Innovation 9(8) 2015

Corpus-based approaches to parallel corpora have been
exploited mainly in the field of Machine Translation. Cohn and
Lapata [9] try to improve poor-resource languages translation
through a triangulation method, using a rich language as pivot
between two texts. Banea [10] uses multilingual corpus-based
approach to improve sentiment analysis annotation. In general,
standard context-based distributional analysis is bound to work
only on monolingual texts.

Thus, to embetter Greek-French alignment we used a slightly
different technique, that can be applied in a second-round
alignment to refine results.

In this case, two aligned parts of a bilingual text can be
considered as a unique cooccurrence window, or, better, as a
unique “word area” that can, or cannot, contain some given
words in both languages.

In this perspective, the vector of each word of the parallel
corpus (thus, the vector of every word independently from the
language it belongs to) is determined by the presence or absence
of that word in each bilingually aligned block. Being the blocks
composed of a segment of text in a language and its equivalent
in the other language, we could expect from an absolutely literal
translation to return perfectly similar vectors for each word and
its translation.

So, from a first alignment we obtain Greek-French coupled
chunks and we build our words’ vectors looking at whether
each word appears or not in a determined Greek-French couple.
Ancient Greek and French equivalent words will happen to
have similar vectors, since they will appear in the same aligned
chunks.

The principle is simple: we create a semantic space of the
word-to-document kind, so that in rows are words and in
columns are textual blocks in which those words can appear.
Each textual block is composed by two parallel segments
already aligned. One word’s vector is given by its presence or
absence in textual blocks. Consequently, both Greek and
French words can appear in every block - can have a non-zero
value in every position of their vector.

A Greek word and its French rendition will tendentially have
very similar vectors and thus will appear very near, as in the
following toy-example:

Ulysse sur les vaisseaux recourbés vers Ilion
‘Odvocijog Thov gic ebnmiov &P koiknc' €vi viiveiv

Cyclope tua dans sa caverne profonde
Koxkhowy év oniji yrapupd

le fils chéri d'Ulysse
‘0dvo6ijog pilog vidg

Odvooijog vector: 1 0 1
Ulysse vector: 10 1
Cyclope vector: 01 0

This system, a form of cross-lingual term-by-document
matrix, is already known in information retrieval although it is
mainly used to retrieve documents, and not single terms, in
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different languages. Basically, a query in a language is used to
find relevant documents in another language.

This technique can both allow a word-to-word research on
text and give better alignment results when connected to the
aligner, since it gives a quick way to find new anchor words for
the text. Starting from a broad block-to-block alignment with
the heuristics we described, it is possible to reach a more refined

matching through the extraction of single word translations, that
can be used in a second round alignment as additional anchor
words.

From this basic idea an improved dictionary of anchor words
can be created, with values of probability assigned to each
Greek-French translation, and a second-round alignment can be
run to obtain more accurate results.

churik T *Gvbpa o fwing .

churik 2 pooa , noAltponcy , B¢ pdha ol midyESn . el tpolng lepdv mokisBpoy Inpoe : nalMdv &' dvBpdnuy [tev Sote xal vice h\vu,rm'_‘

chunk 3 uneplovec Hedlow foSiow : altby & tolow deelieto viogov fsap . tiv lsddev ve , Bed, Blyatep

churik 4 tatc , eind kol i . 8" Bloy v névtee , Bool glyov ainlv BeBoow , olxol koaw , nilety te neptuydtes A6t Bikanoa : thy & olov wia
churk 5 186w , ol8' bvba neguypive fiew SiBlew wol et olo glloum . Beol 6° Boipov Snavieg wiog: nooebéumos : 8 6° Gomepfis peviowey
chunk & Déwof népoc fiv yolov ifodon . &IA" & piv alBlonag perenioBe tidd” ivieg,

chunk 7 aifiionag tol 884 Sebaiatm , bofatol dvbpie , of piv Suoopiveu uneplovog of & Gwbeto , Svtibuw talpww te kal Gpuady xatéufng
chunik 8 {ned bA poydpouow

chunk § Dhupniow blipdos foav . toloy bt piduv Aple nothp dubpdv e Bedv 16« pawonto yop nath Bupdy dducvog

chunik 1 R TE l6n et bouav'

chunk 11 Dptonng : ol By imgwnofiis tne' dBovatow prtna : * & nénot . olow 64 vu Brobs Ppotel altuduwno: it fuduw vip gam ais b
chunk 12 hrpeltian , dmée & Adon te kal fic uelpruon aing . O bgod® tpjatior . 8" ol pptvag

churk 13 aiyioBoio ral®” Gyafl gpovlio : viv 8' bpba ndvt' intriory . * te &' MuaeiBer’ innta Bed, yloundmg

churik 14 Madun : * Conimep fbrepe xpovib , Inate speudrtam , sl M seivds ye fowdn sefran ShEfipy : dx Emdhonto ral @t , Sng toalté ye
churik 15 Dévof Salppow Saletm frop , Suopipe . B 6 6nBa gl ino mijta ndofe vhow v Gugipben , 890 1 dugakk; ton Bakdoon . vid
chunk 16 Dévaotix; Apyeiuw

chunk 17 ainoBog imip pdpow Tpoln v lpein : ol vl ol téoow Gblogo , Jel:* tiw §' nopsiféucvog npooten vigchnyepéta

(=] churie T e, dimoi ca sage Tidros qui ema de longues annbes apris QU OUT FArversd s Murs Sactis 0@ TOW , Qo Vista Ies CHEs ot apy
churk 2 Soleil , ef ke deu lou ranat o jour du retor . Déesse . file de jupter , reds-nous du moing une panie de ces maheurs . Déja Tous ceux
churik 3 Agamemnon , he fameux Oreste : I se souvenad , et i adressa ces parcles aux mmortels : ** Hélas | combien les hommes naccusent
churik & Egisthe , malgré be dastin,  * est uni & Mpouse du s d'atrée , 1l 8 égorgh be hiros A son retor , bien quil vt une fin ternble ; nous+
chunk 5 Oreste e punirait un jour , quand il aurait grandi et quil désirerait revoir sa patrie . Alnsi parla Mercure ; mais ses consedls bierveilan
chunk & Minerve , lui répondt ensuite : * Fils de Saturne , notre pére , le plus grand des rois , i est tombé sous de justes coups . Périsse ain
chunk 7 Ulysse , mais i le fat errer loin de sa patrie . Mais voyons , nous tous gui sommes ici, songeons & assuner son retor ; Neptune dépos
chunk 8 Satume , notre pire , be plus grand des rors, s il plalt aujourd ™ hul aux disux bienheureux que e prudent

chunk § Ulysse rentre dans sa demeure , erveyons ausstat

chunk 10 Mercure , notre messager , le meuriner dArqus . dans Nle d'Ogype . pour déclarer § la nymphe aux beaux chevew natre résclution
| churik 11 Ulysse . Moi., ['wrai & thagque animer son fils , et j@ mettrai la force dans son casur , pour qul convoque: en assemblée les

chunk 12 Grecs & la longue chevelure et Iterdise sa maison aux prétendants , qui chagque jour égorgent en hu\a ses brebis et ses barufs au
les bataillons da héros contre lesquels * elle s " irrite , elle , fills d'un plre puissant . Elle s * &lance des times de I

chunk 13 Olympe et 5 arréte su miley du peuple &
churik 14 Rhaque , prés du vestibule dUlysse, sur le seul de la cour , semblable & un étranger, b

churk 15 Mentds , chef des Taphiens . Ele trowva d'abord les prétendants superbes ; s se diertissaient avec des jetons devant la porte, at
honnewrs et gouvernar ses biens . Livé & ces pensées , assis au mileu des prétendants , il aperqut

chunk 16 Minerva , | afia drot au vestibule , et s * indigna dans son ceur gu'un éranger it resté debout longtemps prés de la porte ;ds " &

chunk 18 {elg 1 * * thevow bute , nolbe ox dnog glyew Bpeog Sdutwy . ni By ot noonbdwn wytioo . ix 10D &h Dévofia chunk 17 Palias Athéné e sunit . Lorsquids furent entrés dans la haute demeure . i slla poser 1a lance contre une colonne dlevée , dans une
Fig. 3 Needleman-Wunsch Greek alignment without distributional semantics
G ) ATChunk ]

chunk 2 odoa , nakdtpono , B ik ol kEen , el

chunk 3 tpoing lepdy nrolleBpov Enepoey : nolldy &' vBpdnuy [ew Botea nol vbov byvw , ol &° 8y by néwtea néew Bhyea By nath Bupb . dpwiy

chunk 4 onepioveg Hekiowo fofow : alnbp b olow dgeliero wionyow fuap . 1w budtes ye , Bed, Byouep

chunk 5 Gud , eint xal e . 808 Bkhou pbv ntwres,, doot plyow ainly SeBpov , olkot toav , ndkepde te nepeuybtes A6k Bilacoay : th 6" olov whatol
chunk 6§ aiblonag prrodaBe T88" bivrag , oiBicnag tol BiIEBA brbalata , fofoto debply , of v Suoopivou uniplovog ol & dwbureg . dvnduw v

chunk 7 {nui il peydpoiow

chunk 8 bupniou bBpdor oo . Talon 8¢ oBuw Rpke matho tvbpldv te Bedv 1e : ywricato yip katd Bupby ipudiovog

chunk 9 aiyloBow, 1w B

chunk 10 kyopepowiting whexdunds b’ Dpéatng : 100 8y imysmofelc bne’ Savémown prwniba : * Ginénox , olow 87 vu Beolx; Bpotsl aimbuw
chunk 11 alyioBo el dyabh gpovtuy : viv 8" d8pda nivt' ebuions . * e &' fuelBer b Bed, yhauximg ABfu : * &néep Auiepe

chunk 12 kpovisn , Inate xpedvtuy , kel Min xefvdg ye bomby neiton BhiBpw : g Endhorro xol &log , Sng toualed ye pEfo: B pou dup” Dovofiy
chunk 13 Athavies Bupitng Slodgpovas . & t Bakboong néong pévica oliier . B bt 16 xiovag alnd paxpée . of yaltw 16 xol obpovin fygl ol

chunk 14 Beuoge(x , ipevo xal xomvb Enofipdarovia vodloo fic yaing . Baveew Queipenan, ab b€ w ool nep bvptnetan gliov fitop , Dewoneix
chunk 15 atyedos intp uipoy

chunk 16 Arpeibao iy Bofov pnotiy , 1 &' buove voorfoavta , elbix alniv SeBpov , e npd ol dinowey Apei; ,

chunk 17 epyiov néuyavtes , ononoy dpyeipévine , pt- alnbe stelvew e podooBey inovw ; i yip napd el Eapllc tepd bl

chunk 2 Muse , dis-moi ce sage héros qul erra de longues anndes apsds quil eut renversé les murs sadrés de

chunk 3 Trose , qui visita les cités el apprit les moeurs de tant de pseuples ; sur mer, son ceeur endura mile souffrances , tandis quil uttai
chunk 4 Solesl , et le dieu leu ravt le jour du retor . Déesse , fille de jupiter , redis-nous du moins une partie de ces malheurs . Déja tous ce
chunk 5 Calypso , belle entre les déesses , le retenatt dans ses grottes profondes , et brilat d'en faire son épows. Mais lorsque enfin les ¢
chunk & Rhague , alers méma d devait soutenir encors des ttes jusqu'au mileu de 55 amis . Tous les dewx avasent peid da lul; Ulysse, |
= chunik 7 jupter

chunk & Olympien . Le pére des diew et des hommes pet le premier ka parole : | 5 souvenat en son coeur du noble

chunk § Egsthe , que venat de tuer le fis ¢

| | chunk 10 Agamemnan , e famess Oreste ; i se souvenal , et | adressa ces paroles aux immorteds : ™" Hélas | combien bes hommes n'accy
chunk 11 Egisthe , malgré le destin, 3 est uni b Pépouse du Bs d'Atrde , § o £g0rg€ be héros b son retor , bien qu'il vit une fin terrible ; ne
_:mmkl?Dmluhpunnlm;u.qmrltauatmutqu’ldmmrnpmm.mmmurl:m;mcmmm
chunk 13 Saturne , notre pére . e plus grand des ror . il est tombé sous de justes coups . Pénsse ansi quiconque ferat ce quil afat | Mi
Mg | chunk 14 Atlas . qui connal les abimes de la mer entibre et soutient les hautes colonnes qui séparent La terre et les clewx . Sa e retient
chunk 15 Rhagque ; mais

chunk 16 Ulysse pribs des vaisseaus des Troie ? Pourqua tant de cousrous cantre ki , 8 jupiter 7=

chunk 17 juptter qui rassemble bes nuées lui répondit : ** Ma flle, quelle parole est sortie de ta bouche | Comment pourraise oublier be d»

Fig. 4 Needleman-Wunsch Greek alignment with distributional semantics

In Fig. 3 we can see that many chunks are not correctly
aligned. At least 9 of the 17 chunks have not found their correct
match. However, in Fig. 4, considering the post-processing of
pre-segmented distributional semantics, the result is almost
perfect: 3 out of 17 chunks have found their correct match. It is
therefore visible that this ultimate step, based on realigning
preceding chunks and applying distributional semantics
methods for a last alignment, is most effective.

V.CONCLUSION

As a language may be defined as a system based on
grammatical principles (which may be flexible or not), any
language may not be organized totally arbitrarily. Words and
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their multiple meanings are defined and clarified by their
context. Therefore, understanding the logic behind a simple
multi-character token implies a deep consideration of not only
the word examined, but also of the whole group of words that
surrounds it. This theoretical principle may also be applied on
a statistical point of view: even in texts made to be impossible
to understand, language has its logic, and words cannot be
considered independently. Thus, in a statistical approach, if we
may not strictly speaking infer the meaning of words on the sole
consideration that they may be similar, we can at least conclude
that each word cannot be considered as a nucleus, but as a
particle of a much more complex cell. As a result, we have
shown that alignment procedures need not only to consider a
word through its internal similarity with others, but also as a
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necessary part of a larger statistical system. Studying context
for alignment is an image of the way the human brain works:
understanding a language means understanding its systematic
principles.
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