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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.
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1. 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, 1)

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, I)
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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
sacrés 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,
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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 D1 XY

Ix11y] VEL VB v

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.

sim cos(%,y) =

chunk 1 Muse , contezmei les aventures de cet homme prudent qui, aprés avoir runé la wile sacrée de Trole , fut errant plus:

chuni | Muse , dis-moi ce sage héros qui erra de longues années aprés qu'd eut renversé les murs sacrés de Trole , quivist

chunic 2 jupiter , daignez nous apprendre , & nous aussi , une partie des aventures de ce héros . Tous cew: qui avaient &vité la mg | chunk 2 Soledl, et le dieu leu ravit e jour du retor. Déesse , fille de Jupiter , redis-nous dumoins une partie de ces malheurs

chunk 3 Calypso , qui désirait passionnément de |'avoir pour époux, Mals aprés plusieurs années révolues , quand celle que les d
chunk 4 ithague fut amvée , ce prince se trouva encore exposé & de nouveaux travaw , quoigul it au milieu de ses amis . Enfin

chunk S Jupiter. L&, le pire des deew et des hommes s * étant souvenu du fameux

chunic 3 Calypso , belle entre les déesses, le retenatt dans ses grottes profondes, et brilait d'en faire son épowx. Mais lor
chunk 4 thague , alors méme il devalt soutenir encore des luttes jusquau miliew de ses amis . Tous les diewx avaient pitié d

L chunic 5 Egisthe , que venait de tuer le fils & Agamemnan , le fameus

chunk 6 Egisthe , qu * Oreste ava twé pour venger la mort de son pére, leur parla ainsi : - Quai ! les mortels osent accuser les dig | chunk 6 Oreste ; il se souvenait, et il adressa ces paroles awximmortels : ** Hélas | combien les hommes n'accusent - is pa

chunk 7 Agamemnon , aprés avoir assassiné ce prince ; il n'ignorait pourtant pas fa terrible punition qui subralt son erime . Nous

chunk 8 Mercure , qui lui défendalt de notre part d'attenter 3 la vie du fils d'Atrée et de s 'em parer de son It ; i lui déclara qu*

chunk 9 Oreste vengerait cette mort et le punirat de ses forfaits dés qu'l serat en dge et qul sentira le césir de voir sa patrie | |

chunk 10 Egisthe n'écouta paint des avis si salutaires : aussi vientl de payer 3 la fols tous ses crimes . La déesse

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

chunk 7 Mercure, le wgilant meurtrier d

chunic 8 Argus . nous 'avions avert de ne point le tuer et de ne point rechercher son épouse , car

chunk 9 Oreste e puniralt un jour , quand il aurait grandi et qu'il désirerait revoir sa patrie . Alnsi para

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

chuni 11 Minerve , lui répondtt ensuite: ** Fils de Saturne . notre pére ., le plus grand des rois , il est tombé sous de justes s

Fig. 1 Needleman-Wunsch alignment without contextual semantic distribution

thurk 1 Muse,, contézmal les aventures co cet homme prudent qui, apeés avar nand [a vile sacrée de Troe , iut errant plusiours annbes en duel
chuni 2 Soled, et ce deeu irité les punt de ce satnlbge  Déesse, file de

chunk 3 jupter , daignez nous apprendra , & nous aussl, une patie des aventures de ca hitros , Tous cewqul avasent dvtd la mort devant lis reny
chunk 4 thaque fut amwvée , ce prnce 58 trouva encore exposé 3 de nowveaux travau , Quokul 1t au miley de ses ams . Enfin les Geux eurent

chunk Sjupter . L3 , e phre des diewx et des hommes s ' étant souvenu du famew Egisthe , qu' Oreste aval tué pour venger la mort de son phre
chunk & Agamemnen , aprks aver assassing ce prince ; I nignoralt pourtant pas fa ternble punition qui subrait Son crime . Nous 2vons ey 50 ng

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

chunk B Oreste vengerat cette mart e le punirait de ses fofats dis quil serat en ge et quil sentirat le désir de voir sa patrie , Mercure Pavertt|

chunk § Egrsthe récouta pornt des avs s salitaires ; aussivientdl de payer & la fois tous ses crmes . La déesse

chunic 10 Minerve , prenant Ia parole , répondt : - Fils du grand Satume , qui 6tes notre pére et qui régnez sur tous les rois , ce malheurewx ne mé
chunk 11 Uysse . qui depuss lengtemps est accablé dune infiné de maw , lom de ses amis . dans une T éloignée . toute cowerte de bois , au |
chunk 12 ithaque . Uysse résiste & tous ses charmes; il ne demande qu' & voir seulement la fumée de son palas . et , pour acheter ce plaisir, |

chunk 13 Ulysse quivous 3 offert tant de sacrfices sous les murs de Troke 7 Pourquol Etesvous si fort imtd contre lui 7 - Ma hille . lui répondd la mal

chunk 14 Ulysse , qui surpasse bous les hommes en prudence et qui a offent plus de sacnfices que mul autres aux dieux immartels qui habitent IOl

7 chunk 1 Muse, dis-mod ce sage héros qu erma de longues anndes apres Qul aut remersé les murs sacrés e Trow , Gui vista les cies ef ap|
chunk 2 Soled, et la dieu leu rawt le jour du retor, Déesse , e de

chunk 3 jupter , reds-nous du moins une partie de ces maheurs . D& tous cewx qui avaient échappé & une fin terrble avaient leur patrie., ©
chunk & thaque , alors méme i deval soutens encore des luttes |usquiau mibey ce ses amis . Tous les diews avasent piteé de lul: Ulysse, jus
chunk 5 Egithe . que venat de tuer le his d Agamemnan , le famew Oreste : il se souvenat , et  adressa ces paroles aux immortels: = Hél
chunk & Egisthe , malgré le destin, s * est uni & Mépouse du fis datrée, Il a égorgh le héros & son retor , bien qu'll Wit une fin terrible ; nous+
chunk 7 Argus . nous Favions averti de ne pomt le tuer et de ne pot rechercher son épouse , car

chunk 8 Oreste le punicalt un jour , quand il surait grandi et qul désirerat revoir sa patrie . Ainsi parla

chunk 9 Mercure ; mais ses conseds bienveilants ne persuadérent port le cour ﬁﬁqm ; &t mairtenant i a expié tout & la fois . * La éess
chunk 10 Mnerve . lui répondit ensuite : ** 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 . koin de ses amis . souffre dans une ba quienferment les flots ot qui est le center dalam
chunk 12 Rhaque : mais Uysse, qui voudrat voir au mens la fumée s * Elever de [a terre natale , souhate de meurir, Ton cceur mest done p

chunk 13 Troie 7 Pourguol tant de coumow contre lul , & juptier 7 jupter qui rassemble fes nudes lui répondt : ** Ma file, quele parole est

chunk 14 Ulysse , le plus sage des mortels, calui qui 3 offert le plus de sacrfices aux dieuwx qui habitent le vaste ciel 2 Malg

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.

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
‘Odveaijog Thov gig ebmwlov EPn koiknc' &vi vnuoiv

Cyclope tua dans sa caverne profonde
Kooy év oniji yhapupd

le fils chéri d'Ulysse
’08v661)0g Pihog VIOG

Odvoaijog 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.

churk T Bubpar pou Twvins 2
H

churik 2 podoa , noAltpanc , B¢ paka nodd miayEn . el tpelng lopdy mokicBpoy Inpony : noMOv 6" dvBpdnuy Toev Bovoe kol voow bve . Mok

ehunk 3 uneploves Heow fiosuow : el & 1oTow drpedeto véagov flsap . Tow inaddey ve , Bed, Blyatep

churk & Bt , £l wal g . 8" ENon i ndvteg , Boot glyow ainiv BeBpov , olxol boav , nikeuty e Rigtuydteg Aot Bihacoay : tiv o° olov wia

chunk 5 18w , 06" boBa neguyufves fiew By kal et olo gdiown . Beol b° EMaipov dnavieg wooge noarisbuwed : & 8" tmeplic uevbawey

chunk & Déwof. népos fiv yolow ixfodon . &M & v aiBlonag pereniade sl ibvteg,

churik 7 aifionag ol 68d tebaiaro, bofaten dubpln , ol v bucopiveu unepiewog ol & Gubetog , Svnitwy telpuy Te ol Gouaiy xatiypng

chuni 8 {rpdg A poyipowow

chunik § Dopniou &Bptos foaw . toioy 5E poduw Aplc nathp dbpdv 18 Bl 1 1 |oato yhp xath Bupby dsuoveg

chunik 10 olyfgBow , 109 b Ayspeuevions kT Doy’

chunk 11 Dptong : ted &y Emywnodiels ne’ Bovwanoun petnioa : * & ndnos, olow 04 v Brod Bponal el : i futwe vip gam i’ kst

chunk 12 hepeibeo , mdt & Asdon e kel fic iutprue aing . B led epptioc , & ol ppbvag

churk 13 clyfoBoi nelB” tryadl gpovliow : v §° pba névt' dntriory . * tiw & Matlper’ inecva Bul, ylausdme

churik 14 A : * O nnep futuepe mpowisn , tnate gpoubvtun , wol My xeivé ye o meivan Gipy : O imtlovts nol Glkog , Sug toualnd ve

chunk 15 D&uary Salgpowm Salcta fivop , Suoubpw . B 6f BnBé sl Bno mfuata ndofoviow b Gugiplrn , 880 1 dugaldc tov Bakdoons . via

chunk 16 Dwaocix; Apyeiun

chunk 17 olinalog imip pdpow tpoln b clpein : o v ol 1800w Obloeo , Tl the &' nounpdumvo; npooten vigthnyspéta

=

Tchunk T Muse , dis-moi ca sage hidros qui erma de fongues anndes apris U eut rerne mrs sacrs da Trom , gus vieta les citds of app
chunk 2 S0kl of ke O lou ranal e [our du retor . Deesse . file de jupder , redd-nous dU MOINS UNe Parie de Ces Malneurs . DS Lous celx
chunk 3 Agamemnon , & famews Oreste : § se souvenat , oL il adressa ces pardles aux immortels - * Hélas | combien ks hommes n"accusent
churik & Egisthe , malgré le destin, s est uni & ['épouse du s dAtrée., il gorgh be héros & son retor , bien qul Vi une fin ternble ; nous+
chunk S Oreste e punirat un jour , quand i aurat grandi et quil déswerait revorr $a patrie . Ainsi paria Mercure ; mais ses conseils bierveilan
churk § Minerve , lul répondit ensuite : ~* Fis de Saturme , notre pére , le plus grand des rois , il est tombé sous de justes coups . Périsse ain
churik 7 Ulysse , mais il le fa errer loin de 5a patrie . Mais voyons , nous tous qui Sommes ici, 50ngecns & assurer son retor ; Neptune dépos
chunk B Satume , notre pire , be plus grand des roms , s * il plalt aujourd ™ hul aux dieux bienheureux que ke prudent

chunk 9 Ulysse rentre dans sa demeure , @moyons ausstdt

churik 10 Mercure , notre messager , le meurniner GArgus , dans Nie d'0gype., pour déclarer 3 13 nymphe aux beaux cheveux notre résclution
churik 11 Ulsse . Mo . [ irai & Rhaque animer 50n il , et jo mettrai 1a force dans SoN Copur, pour Quil comvoque en assembiée les

churk 12 Grecs & la longue chevelure et interdise 32 maison auwx prétendants , qui chaque jour Egargent en hu\a ses brebis et ses bauls o
les batailons de hésos contre lesquels *ele s imite, elle , fille d'un plre puissant . Elle s * Hance des times de I

chunk 13 Olympe et 5 ambte au miieu du peuple &
churik 14 Rhaque , pris du vestibule dUlysse , sur le seul de b cour, semblable b un étranger , b

churik 15 Mentks , chef des Taphiers . Ebe trouva d'abord les prétendants superbes ; s se dvertissaient svec des jetons devant |a porte . at
honneurs et gouvernar ses biens . Lvré & ces pensées , assis au mileu des prétendants , il apergut

chunk 16 Minerve , §alla drot au vestibule , et s * indigna dans son caeur qu'un étranger it resté debout longtemps prés delapote:ds” &

chunk 18 {elc: * = 1hevow fut . noid ot ot gOye dpwog Satvtwy . i &y Inoit’ nooabdum payiioa . i 1o 84 Dévofia chunik 17 Palas Athénd le suntt . Lorsquils furent entrés dans la haute demeure . | slla poser a lance contre une colonne élevée . dans une
Fig. 3 Needleman-Wunsch Greek alignment without distributional semantics
G =] = Tehunk ] ™
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chunk 2 Muse , dis-moi ce sage hiros qui erma de longues anndes apris quil eut renversé las murs sacrés de

chunk 3 Trose , qui visita bes cités o apprit les mosurs de tant de pseuples ; sur mer . son cosur endura mile souffrances , tandis quil uttai
chunk 4 Soleil , et le dieu leu ravt le jour du retor , Déesse , file de jupiter, redis-nous du moins une partie de ces mathewrs . Déjh tous ce
chunk 5 Calypso . belle entre les déesses . le retenait dans ses grottes profondes . et brilat d'en faire son épousc. Mais lorsque enfin les
chiunk & thague , alors méme d devat souteni encore des Littes jusqu'au mibeu de ses ams . Tous les deux avaient peid da lus: Ulysse, |
=1 chunk 7 upiter

chunk 8 Ohympien . Le pbre des diew et des hommes prit e premier I parale : Il 5@ souvenatt en son cour du noble

chunk 9 Egisthe , que venait de tuer le fis &

chunk 10 Agamemnon , le famess: Oreste ; § se souvenalt, et I adressa ces paroles aux immortels : ** Hélas ! comblen les hommes n'actu
chunk 11 Eqisthe , malgré le destin, 5 ™ est uni & Pépouse du fis d'Atrée , § o fgorgé le héros & son retor, bien quil vt une fin terrible ; nc.
chunk 12 Oreste le punrat un jour . quand i aurait grand et qul désirerat revor sa patne . Ainsi parla Mercure : mais ses conseils bienve
chunk 13 Saturne , notre pire . ke plus grand des ross ., i est Lombé seus de justes coups . Pénsse ainsi quicanque ferat co quil afad | Mg
chunk 14 Atlas . qui connal les abimes de la mer entibre et soubent les hautes colonnes qui séparent La tere et les tewx. Sa Mle retient
chunk 15 Rhaque ; mais

chunk 16 Ulysse prits des vaisseau des Troie ? Pourquod tant de cowrowcontre ki, & jupiter 7~

chunk 17 epyeiow nfppaveg . Eoxonov dpyeipivine , pit abniv xrelbew pite wdaoboy dxovw : i yip napd vl Eapilene fepd pEluy

chunk 17 jupiter qui rassemble les nubes lui répondt : ** Ma flle . quelle parole est sortie de ta bouche | Comment pourrais e oublier le da

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

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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