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RÉSUMÉ 

    La présente recherche s’inscrit dans le cadre du traitement automatique du langage 

naturel. Dans ce travail, nous nous intéresserons aux résumés automatiques de textes 

en portant une attention particulière à la famille de méthodes de résumé automatique 

par compréhension. L’objectif principal de cette recherche était de concevoir et 

d'implémenter deux approches de résumé automatique par extraction et par abstraction 

ainsi qu’un protocole d’évaluation de résumés automatiques de texte par 

compréhension.  

    Le volet informatique de notre recherche présente de manière détaillée les approches 

proposées pour le résumé automatique de texte. En ce qui concerne le volet cognitif, 

nous accordons une attention particulière aux théories de compréhension de textes 

issues de la psychologie cognitive. L’hypothèse générale qui sous-tend notre recherche 

est qu’un modèle informatique de résumé automatique de textes ou d’évaluation de 

résumé automatique doit être inspiré de l’activité résumante chez le sujet humain. 

 

Mots-clés : Résumés automatiques de textes par compréhension, Résumés 

automatiques par extraction et abstraction, Méthodes d’évaluation des résumés 

automatiques. Modèles issus de la psychologie cognitive pour la compréhension de 

textes. 
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ABSTRACT 

 

    This work is part of the NLP (Natural Language Processing) research. We will pay 

particular attention to the by-comprehension text summarization approaches. This 

research aims to design by-comprehension extractive and abstractive models and an 

evaluation protocol of automatic text summarization. 

    The computer science component of our research resides in our proposed approaches 

for automatic text summarization details. As for the cognitive component, special 

attention is given to the cognitive psychology theories for text summarization. The 

general hypothesis underlying our research is that an automated model of text 

summarization, also an evaluation protocol for the same purpose, should be inspired 

by the human subject summarizing activity. 

 

 

Keywords: Automatic text Summarization by comprehension, By extraction/ 

abstraction text summarization, Evaluation methods of automatically generated 

summaries. Cognitive psychology models of text comprehension  
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 CHAPITRE I : INTRODUCTION GÉNÉRALE 
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1.1 Le contexte 

L’idée de l’automatisation de l’activité résumante est née en raison des économies 

qu’elle pourrait engendrer. En effet, le volume de données textuelles générées (textes 

techniques et scientifiques, articles de presse, etc.) fait de l’analyse de ces derniers une 

tâche ardue. Afin de mieux cerner les défis à relever lors de la conception et de la 

réalisation d’une nouvelle approche de résumé automatique de textes, nous devons tout 

d’abord nous attarder aux caractéristiques fondamentales de ces textes dans une optique 

de Big Data (données massives). 

1.1.1 Le volume des données générées    

Les statistiques révèlent que sur les 7,6 milliards d’habitants de notre planète, 

4,1 milliards sont des internautes (environ 40 % de la population mondiale) (Cox, 

2018). Le web ainsi que la numérisation de documents finissent par générer des 

données massives qui présentent de nouveaux défis d’analyse et de traitement (Smith, 

2018). Il faut rappeler que dans le cadre de ce projet de recherche, nous nous 

intéressons à un défi spécifique, à savoir les méthodes de résumé automatique de textes. 

1.1.2 La vitesse    

La vitesse à laquelle d’énormes quantités de données textuelles sont générées par les 

échanges sur les médias sociaux et la numérisation pose un grand défi en ce qui 

concerne les méthodes de résumé automatique de textes. En revanche, les outils de 

TAL doivent prendre en considération de multiples dimensions, y compris les liens 

spatiaux et temporels ainsi que la non-hétérogénéité des données qui viennent de 

multiples sources, ce qui fait de l’automatisation de la création des résumés une tâche 

ardue. 
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1.1.3 La variété  

Souvent, ce problème émerge quand il s’agit de textes extraits des médias sociaux où 

les utilisateurs n’emploient pas la même langue ni le même style. Ainsi, ces textes 

n’obéissent pas aux règles d’orthographe et de grammaire classiques. Dans le cadre de 

cette recherche, le problème de variété ne se pose pas, car nous travaillons sur des 

articles de journaux qui obéissent aux règles de grammaire et d’orthographe classiques. 

1.2 Les enjeux d’un résumé automatique par compréhension 

Un bon résumé doit être doté d’un certain nombre de caractéristiques, à savoir la 

couverture, la fidélité et la cohérence : 

• La couverture : Il s’agit d’un critère important pour caractériser un bon résumé. 

Elle présente en quelque sorte le rapport entre les propos énoncés dans le texte 

source et ceux présents dans le résumé généré. 

• La fidélité : Elle peut être considérée comme une mesure de la qualité globale 

du résumé. Elle dépend systématiquement de la couverture. En effet, si la 

couverture est respectée, le résumé généré sera assez fidèle au texte source. 

• La cohérence : Elle peut être obtenue à la suite de l’application des techniques 

de suivi du thème, qui font en sorte que le résumé généré soit cohérent. 

Notez que « résumer » revient à identifier, puis extraire l’information la plus saillante 

d’un texte source dans le but de le transformer en une version abrégée. La taille du 

résumé est inférieure à celle du texte source. En effet, celui-ci doit contenir les idées et 

énoncés présents dans le texte d’origine (Mani, 1999). Donc, le terme « activité 

résumante » désigne une démarche cognitive complexe qui fait appel à différents 

procédés de réduction afin de retenir l’essentiel du texte à résumer. Ainsi, le sujet 

humain fait intervenir plusieurs capacités intellectuelles afin de dissocier ce qui est 
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facultatif de ce qui est essentiel. Dans ce qui suit, nous exposons le processus entrepris 

par un humain pour générer un résumé par compréhension. 

Selon (Kumar, 2016), l’élaboration du résumé par compréhension passe par cinq 

phases : 1) la lecture du texte source, 2) l’analyse de l’information, 3) la hiérarchisation 

de l’information, 4) la synthèse de l’information et 5) la rédaction du résumé. Nous 

relatons en détail chacune de ces phases dans ce qui suit. 

La phase de lecture complète du texte source :   Durant cette phase, le sujet humain 

effectue une ou plusieurs lectures du texte source. Il s’assure de la compréhension 

parfaite de son contenu et étudie le vocabulaire employé. Souvent, il met l’accent sur 

certaines parties, c’est-à-dire le début et la fin. 

L’analyse de l’information source : Une fois que la lecture du texte source est 

achevée, on passe à l’analyse de l’information, soit l’analyse de certains segments du 

texte, des mots-clés, des connecteurs, etc. Le lecteur effectue le bilan de toutes les 

informations contenues dans le texte source. Il dégage l’ensemble des propos énoncés 

dans le texte tout en restant neutre et objectif. Il peut ensuite marquer les segments les 

plus informatifs qui constitueront par la suite un simple résumé par extraction ou la 

base d’un résumé par abstraction plus élaboré. 

La hiérarchisation de l’information : Cette phase est en quelque sorte une opération 

de tri des différentes informations énoncées dans le texte. En effet, l’humain classe les 

notions fondamentales pour la bonne compréhension du texte et s’affaire à dégager les 

liaisons sémantiques exprimant la cohérence entre elles. 

La synthèse de l’information :  Durant cette phase, le sujet humain réalise un filtrage 

de l’information recueillie lors de la phase précédente. Ce filtrage peut s’opérer à l’aide 

des mécanismes cognitifs de suppression, d’intégration, de généralisation et/ou par 
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l’application de procédés stylistiques et linguistiques permettant le filtrage de mots et 

la compression des phrases. 

La rédaction du texte du résumé : Il s’agit de projeter les idées dégagées du texte 

original dans une structure narrative, tout en restant neutre et en veillant à la clarté des 

idées. Le sujet humain peut reprendre les mêmes phrases employées dans le texte 

original tout comme il peut employer ses propres mots. Dans tous les cas, le résumé 

généré doit satisfaire les trois critères d’un bon condensé textuel, à savoir la couverture, 

la fidélité et la cohérence. 

1.3 Problématique 

Nous démontrerons dans le chapitre portant sur l’état de l’art que la plupart des modèles 

proposés dans le cadre de la recherche en méthodes de résumé automatique de textes 

sont issus d’approches classiques purement statistiques, linguistiques, ou d’une 

combinaison des deux. Dans le cadre de cette recherche, nous nous basons sur les 

travaux de compréhension de textes réalisés en psychologie cognitive pour concevoir 

et implanter de nouveaux protocoles de résumés automatiques et d’évaluation de 

résumés automatiques de textes. Deux défis majeurs sont à relever lors de l’élaboration 

de la version computationnelle pour un modèle théorique de compréhension de texte : 

i. La simulation des processus cognitifs ; c’est-à-dire les macro-règles qui 

interviennent pour assurer la bonne compréhension du texte lu. 

ii. La simulation d’un système de mémoire complexe qui véhicule les différents 

concepts lors de la lecture du texte à résumer. 

En ce qui concerne la simulation des processus cognitifs, il est parfois difficile 

d’automatiser certaines tâches. À titre d’exemple, la conversion du texte brut en un 

ensemble d’unités sémantiques appelées propositions peut induire des erreurs qui 
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auront pour effet de rendre les traitements ultérieurs plus difficiles. Quant à la 

simulation du système de mémoire, notons que celle-ci est organisée en plusieurs 

niveaux : 

La mémoire à court terme : Souvent appelée la mémoire du présent. Nous l’utilisons 

pour retenir des informations dans le cerveau durant de très courtes durées. 

La mémoire de travail (mémoire immédiate) : Elle correspond à une sorte de 

mémoire cache souvent utilisée à court terme. Elle joue un rôle essentiel lorsque nous 

voulons effectuer deux choses en parallèle, comme parler à quelqu’un en lisant un texte. 

La mémoire à long terme : C’est une mémoire permanente où les informations sont 

stockées pendant une longue durée qui peut aller jusqu’à la durée de vie de l’être 

humain. Dotée d’une capacité abyssale, elle se décompose en deux sous-systèmes de 

mémoire :  

• La mémoire explicite ou mémoire déclarative, qui mémorise les informations 

que nous pouvons exprimer par le biais du langage ; un souvenir personnel par 

exemple. On distingue deux types de mémoire explicite, soit la mémoire 

sémantique et la mémoire épisodique. La première sert d'entrepôt des 

connaissances générales sur soi (souvenirs) et notre environnement (géographie, 

nature, et même les noms des objets, leurs fonctions, leurs utilisations ou leurs 

caractéristiques). En revanche, la deuxième stocke les informations liées aux 

événements vécus et leur contexte (le lieu, la date ou l’état émotionnel). 

 

• La mémoire implicite, aussi appelée mémoire non déclarative ou mémoire 

procédurale, qui permet l’acquisition et l’utilisation de compétences motrices 

(par exemple faire du vélo ou pratiquer un sport). 
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La simulation de ce système de mémoire complexe semble constituer l’un des défis 

majeurs avec lequel il faut composer lors de l’implantation de la version 

computationnelle d’un modèle théorique de compréhension de textes puisqu’il sert de 

support principal pour l’information véhiculée dans ce système 

1.4 Volets informatiques et cognitifs de la thèse 

Le volet informatique de notre recherche présente de manière détaillée les approches 

proposées pour le résumé automatique de texte. En ce qui concerne le volet cognitif, 

nous accordons une attention particulière aux théories de compréhension de textes 

issues de la psychologie cognitive. Nous prétendons qu’un modèle informatique de 

résumé automatique de textes ou d’évaluation de résumé automatique doit être inspiré 

de l’activité résumante chez le sujet humain. 

 

1.5 Hypothèses 

L’hypothèse principale qui sous-tend notre recherche est qu’on peut améliorer la 

qualité d’un résumé en simulant par des algorithmes spécifiques certaines des 

opérations cognitives de compréhension de texte. Cette hypothèse se déploie en deux 

sous-hypothèses. 

Hypothèse cognitive (H1) : Le résumé par extraction ou abstraction ou l’évaluation 

d’un résumé automatique est une opération cognitive liée à des processus de 

compréhension de textes ou de discours. 

 Hypothèse informatique (H2) : On peut simuler algorithmiquement l’opération 

cognitive de compréhension de texte afin d’élaborer des méthodes d’évaluation et des 

résumés par extraction et abstraction pertinents qui satisferont les trois contraintes de 
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couverture, fidélité et cohérence ainsi que des modèles d’évaluation de résumés 

automatiques de textes pertinents. 

1.6 Plan de la thèse 

Ce travail est organisé de la façon suivante : Tout d’abord, nous décrivons l’état de l’art 

du domaine dans le prochain chapitre. Nous nous focalisons surtout sur les méthodes 

extractives et abstractives du résumé automatique ainsi que les méthodes d’évaluation 

de résumés automatiques de textes. Ensuite, nous présentons deux protocoles de 

résumé automatique par extraction et par abstraction dans les troisième et quatrième 

chapitres. Les deux approches reposent sur un modèle de compréhension de textes issu 

des travaux réalisés dans le cadre de la psychologie cognitive. Par la suite, nous 

proposons une approche cognitive d’évaluation de résumés automatiques par extraction 

dans le cinquième chapitre. Nous consacrons le sixième chapitre aux conclusions tirées 

de ce travail ainsi qu’aux directives et directions de recherche en traitement 

automatique du langage naturel dans le cadre de l’informatique cognitive. Dans 

l’annexe, nous décrivons un cas d’utilisation des résumés automatique comme outil 

d’analyse des documents pour implémenter un moteur de recherche basé sur l’outil 

LUCENE.  
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2.1 Introduction  

Un résumé automatique de texte est un condensé d’un texte source plus long. Ce 

condensé est obtenu avec perte d’information au moyen de techniques informatiques 

basées sur des approches statistiques, linguistiques ou combinaison des deux. Il est à 

noter que produire un résumé humainement crédible demande au résumeur de 

soigneusement sélectionner et assembler des segments d’information selon leurs degrés 

de saillance. En revanche, ceci demande aussi de résoudre les problèmes de 

redondance, cohérence et cohésion afin de produire des condensés automatiques 

pertinents et de qualité. 

Dans ce chapitre, nous présentons les différents types du résumé automatique. Ensuite 

nous faisons l’état de l’art des techniques d’évaluation des résumés automatiques. 

2.2 Taxonomie des méthodes de résumé automatiques 

Plusieurs ébauches en résumé automatique de texte ont été proposées depuis les années 

cinquante. Ci-dessous, nous effectuons une taxonomie de ces travaux selon la nature 

de l’entrée, la nature de la sortie, ainsi que la stratégie de construction du résumé 

automatique.  

2.2.1 Selon le document d’entrée 

Selon La forme : Le type, la structure, la granularité et le médium 

La forme contient plusieurs aspects : le type, la structure, la granularité et le médium. 

La technique à employer pour générer le résumé automatique dépend souvent du type 

du document source qui peut être un article de journal (Sethi, 2017, Sahni, 2018 et Ben 

Ayed, 2019), un roman (Kazantseva, 2006, 2010), un rapport scientifique (Paice,1993, 
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Zhang, 2019, Ramu, 2019), une pièce d’opinion (en Anglais : reviews) (Zhan et al, 

2009, Mirani, 2017, Lovinger, 2019), un microblog ou des tweets (Dutta, 2019 et 

Chakraborty, 2019). 

La structure comprend deux niveaux : l’organisation en sections du document à 

résumer ainsi que l’organisation et les relations rhétoriques entre les phrases et les mots 

employés. Des textes particuliers comme les articles scientifiques ont souvent une 

structure commune : une introduction des sections pour les travaux reliés, le travail 

présenté, l’évaluation, et la conclusion finale. Ces sections sont généralement marquées 

par des en-têtes (Paice, 1993 et Jaidka, 2013). Souvent, on a intérêt à ce que le résumé 

généré ait la même structure que celle du texte source, comme dans le travail de 

Farzindar (Farzindar, 2004), qui a généré des résumés automatiques des textes 

juridiques en se basant sur leur structure qui comporte quatre sections : une 

introduction, une section contexte, une section raisonnement juridique et une 

conclusion. Il est à noter aussi que la rhétorique du texte à résumer peut-être modélisée 

par l’intermédiaire de différentes théories de l’organisation du texte, comme la 

technique de la structure rhétorique (RST : Rhetorical structure theory). La RST définit 

les relations entre les phrases du texte (exp. une déclaration suivie d’une élaboration). 

Nous l’avons utilisée dans (Ben Ayed, 2019) pour assurer la cohérence des résumés 

générés. 

En résumé automatique de textes, on peut travailler sur des récits courts comme on peut 

travailler sur des romans. La transformation du contenu dépend toujours de la 

granularité qu’on veut atteindre qui dépend du degré de réduction souhaité. Les auteurs 

dans (Woodsend, 2010 et Kazantseva, 2006) ont proposé une approche de résumé 

automatique d’histoires qui a pour but de donner un condensé compressé offrant un 

aperçu sur le thème général sans devancer trop de détail concernant les caractères, les 

lieux, etc.  
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Souvent, le texte est le support le plus utilisé en résumé automatique, bien qu’il existe 

d’autres supports comme l’image (Carson, 2002, Fei-Fei, 2003 et Trieu, 2020), l’audio 

(Hori, 2001, Inoue, 2004 et Gonz’alez-Gallardo, 2020) et la vidéo (Ekin, 2003, Albanese, 

2006 et Wei, 2018). Le résumé automatique d’image consiste souvent à extraire des 

contours, des régions ou des formes de l’image à traiter, initialement présentée sous 

forme de pixels. Le résumé automatique de documents audio requiert souvent une 

phase de prétraitement qui consiste à transcrire des documents audio sources. Ensuite, 

ces documents sont traités comme des textes classiques. Enfin, le résumé automatique 

de vidéos est une combinaison des deux premiers. 

Selon l’unité : Résumés automatiques mono-documents vs résumés automatiques multi-

documents 

En se basant sur le nombre de documents à traiter, on distingue deux catégories 

d’approches de résumé automatique : mono-document et multi-documents. Un résumé 

mono-document est un résumé généré à partir d’un seul document, même si ce dernier 

est produit en compilant plusieurs documents. Le résumé automatique mono-document 

a fait l’objet de plusieurs recherches, à commencer par le travail de Luhn (Luhn, 1958). 

Parmi ces recherches, on peut citer : (Edmundson, 1969, Mitkov, 1993, Kupiec, 1995, 

Hovy, 1998, Farzindar, 2004, Joshi, 2018 et Ben Ayed, 2019), etc. À l’opposé, un 

résumé multi-documents est généré à la suite de l’analyse du contenu de plusieurs 

documents en entrée, ayant un ou plusieurs thèmes en commun (McKeown, 1995, 

Boudin, 2009, Gupta, 2012, Sahoo, 2016 et Tomer, 2021). Le résumé automatique 

multi-documents présente d’avantage de défis tels que la gestion de la redondance, des 

relations temporelles, etc. (Gupta, 2012). 
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2.2.2 Selon le document de sortie 

Selon la partialité : résumé automatique neutre vs résumé automatique évaluatif 

Un résumé automatique selon la partialité peut être neutre ou évaluatif. Généralement, 

ce critère est pris en considération quand il s’agit de textes d’opinion. Un résumé neutre 

est un condensé du (des) contenu (s) de document(s) d’entrée, généré sans y introduire 

des critiques ou des jugements supplémentaires. En revanche, un résumé évaluatif 

introduit des déclarations d’opinion. À titre d’exemple, les auteurs dans (Généreux, 

2009, Dutta, 2019 and Chakraborty, 2019) ont proposé une approche de résumé 

automatique de blogs, qui crée un condensé d’opinions reportées dans des blogs tout 

en prenant une position sur les faits considérés. 

Selon le public : Résumé automatique générique vs résumé automatique orienté usager 

Selon le public, un résumé automatique peut être générique ou orienté par requête 

utilisateur. Un résumé générique est un résumé qui synthétise un ou plusieurs 

documents d’entrée, en donnant le même ordre d’importance pour tous les thèmes cités, 

et sans tenir compte de ce que l’utilisateur cherche (Kazantseva, 2006). À l’inverse, un 

résumé orienté usager est un résumé qui doit mettre l’accent sur le (les) thème (s) 

recherchés par l’utilisateur. Ce type de résumé demande une analyse en profondeur et 

une compréhension des thèmes figurant dans le texte à résumer et dépend fortement 

des contextes, de l’audience et des cadres spatio-temporels (Spärck Jones, 2007). 

(Rahman, 2020) a proposé plusieurs techniques de désambiguïsation pour gérer les cas 

d’ambiguïtés en lien avec le contexte et les cadres spatio-temporels afin d’améliorer la 

qualité des résumés orientés usager. Les travaux de (Reeve, 2007) qui s’intéresse aux 

textes biomédicaux et (Farzindar, 2004) qui prend en entrée des textes juridiques sont 

des exemples de travaux portant sur le résumé automatique orienté usager. 
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Selon la fonction : Résumé automatique indicatif vs résumé automatique informatif 

Un résumé est soit informatif, soit indicatif. Le résumé informatif est un condensé du 

texte original reportant le plus largement possible les thèmes du document source. Les 

approches proposées par (Boudin, 2009 et Usunier, 2005) sont respectivement des 

exemples de méthodes de résumés automatiques informatifs multi-documents et 

informatifs mono-documents. À l’inverse, un résumé indicatif évoque les thèmes les 

plus saillants évoqués par le texte à résumer. Il faut souligner que la création d’un 

résumé automatique indicatif peut se restreindre à l’identification des mots-clés et 

thèmes présents dans le document source, l’approche proposée par (Liu, 2009, Li, 

2019) en étant un exemple. 

La combinaison des deux techniques de résumés automatiques indicatifs et informatifs 

peut servir d’outil pour créer des systèmes de résumés guidés. Par exemple, les auteurs 

dans (Saggion, 2002) ont proposé un système de résumé automatique qui génère 

initialement un résumé indicatif. Ensuite, l’utilisateur choisit parmi les thèmes 

proposés celui qui l’intéresse. Un résumé informatif est généré ensuite en se basant sur 

la requête de l’utilisateur. La requête dans ce contexte est l’ensemble des sujets 

sélectionnés à partir du résumé indicatif. 

2.2.3 Selon la stratégie de construction 

Résumé automatique extractif vs résumé automatique abstractif 

Un résumé par extraction évite la génération de texte. Ceci permet d’une part, de se 

concentrer sur la sélection du contenu pertinent et d’autre part, d’obtenir un résumé 

lisible et linguistiquement correct (Abualigah, 2020). La cohérence n’est toutefois pas 

garantie. Par exemple, si le système de résumé sélectionne des phrases contenant des 

références (acronyme, pronom personnel, etc.) et ne sélectionne pas les phrases 

contenant leurs antécédents, il est fort probable que le résumé produit soit 
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incompréhensible. Pour pallier ce problème, certains travaux considèrent le paragraphe 

comme unité d’extraction au lieu de la phrase (Salton, 1996). Ceci permet de garder la 

cohérence du texte source, mais ne peut pas être applicable dans le cas de résumés 

courts. De plus, il est évident que cette méthode réduit la précision du résumé en y 

incluant des phrases peu importantes juste pour améliorer la cohérence. D’autres 

chercheurs procèdent à des étapes de pré/post-traitement du texte qui améliorent 

partiellement la cohérence globale du résumé, comme la résolution des références 

anaphoriques dans le texte source (Trandabâț, 2011). Le processus principal dans le 

résumé extractif est la sélection des segments de textes (généralement les phrases) 

pertinents et non redondants sans dépasser une taille limite du résumé. Ce principe 

limite la couverture des informations apportées par le texte source (Ben Ayed, 2019). 

Les résumés abstractifs souffrent moins de ce problème puisque l’information peut y 

être reformulée. 

Les méthodes de résumé abstractives imitent, jusqu’à un certain degré, le processus 

naturel accompli par les humains pour résumer un document. Par conséquent, elles 

produisent des résumés plus similaires aux résumés manuels. Ce processus peut être 

décrit par deux étapes majeures : la compréhension du texte source et la génération du 

résumé (Khan, 2014). Ces deux tâches sont assez complexes. C’est pourquoi elles ont 

été simplifiées. La première étape vise à analyser sémantiquement le contenu du texte 

et à identifier les parties à exprimer dans le résumé. Elle a parfois pris la forme d’une 

tâche d’extraction d’information liée au domaine abordé (Genest, 2011, 2012) ou de 

regroupement des phrases du texte source (Filippova, 2010). La génération de texte est 

un domaine en soi. Une des approches simplifiées consiste à appliquer des techniques 

de génération text-to-text : utilisation de paraphrases (Madnani, 2010) ou fusion et 

compression de phrases (Filippova, 2010). Une alternative consiste à induire un modèle 

textuel du domaine (patron) et de l’instancier lors de la génération (Cheung, 2013). Les 

nouvelles techniques de résumé automatiquement par abstraction sont principalement 

basées sur l’apprentissage profond (See, 2017, Paulus, 2017 and Chen, 2021). 
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Résumé automatique généré à l’aide d’une approche linguistique vs statistique 

Approches statistiques : Le travail de Luhn (Luhn, 1958) représente la première 

ébauche de résumé automatique. Il s’agit de la première méthode statistique basée sur 

la fréquence de mots. Les méthodes statistiques procèdent souvent par le calcul d’un 

score associé à chaque unité (phrase) afin d’estimer son importance sans tenir compte 

des aspects linguistiques. Le calcul d’un poids de saillance pour chaque phrase du texte 

source se base sur : (a) le calcul de similarité entre les phrases, et (b) un tas 

d’hypothèses Adhoc. 

L’approche de résumé mono-document TextRank (Mihalcea, 2004) est l’approche de 

référence des méthodes basées sur le calcul de similarité entre les phrases. Cette 

approche utilise souvent la tf-idf, une fonction de la fréquence de mots dans le texte. 

Le score attribué à chaque unité textuelle (phrase) est la somme des scores des mots 

significatifs contenus dans celle-ci. L’hypothèse fondamentale sur laquelle reposent 

ces approches stipule que les phrases qui contiennent les mots les plus fréquents sont 

censées encoder la thématique du texte. Selon (Minel, 2003) cette hypothèse n’est pas 

toujours vraie quand il s’agit d’articles de presse où l’auteur a tendance à utiliser 

plusieurs termes lexicaux pour désigner un même référent en employant des 

synonymes ou de la métaphore, etc. En outre, l’utilisation des outils d’étiquetage 

morpho-syntaxique s’avère indispensable afin de résoudre les cas d’ambiguïté, ce qui 

rend ces systèmes dépendants des langues. De plus, l’extrait généré ne contient, par 

construction, que les phrases encodant la thématique principale du texte. Ainsi, le 

principe de la sélection d’unités textuelles par calcul de scores est utile quand il s’agit 

de résumés indicatifs, contrairement aux résumés informatifs. Afin de générer des 

condensés cohérents, le paragraphe peut être choisi comme unité textuelle à la place de 

la phrase puisqu’il offre plus de contexte (Salton, 1997). Ensuite, on calcule la 
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similarité entre les paragraphes. Un lien de similarité entre deux paragraphes P1 et P2 

est établi si le coefficient de similarité Sim (P1, P2) est inférieur à un seuil donné. 

Plusieurs stratégies de sélection des paragraphes sont possibles par la suite, telles que 

la stratégie du « busy path » qui consiste à rechercher le paragraphe qui possède le plus 

de liens de similarité avec les autres, donc ceux qui traitent les principaux thèmes. Ce 

processus de recherche de paragraphes ayant le plus de liens de similarité se fait d’une 

façon itérative jusqu’à attendre le taux de compression souhaité.  

 

Dans le contexte de résumé automatique multi-documents, les documents sont 

généralement représentés par des matrices dont les lignes sont des vecteurs pondérés 

avec la mesure tf-idf des mots significatifs qu’elles contiennent. Les documents sont 

regroupés selon la similarité de leurs matrices (Sammut, 2010). Les phrases les plus 

similaires au barycentre du cluster sont considérées comme représentatives du groupe 

de documents (Radev, 2004 et Neto, 2003), ce qui constitue un critère de sélection 

important. De nombreuses mesures de similarité textuelle utilisées en résumé 

automatique de textes ont été proposées dans le contexte classique de sélection de 

phrases pertinentes, ainsi que dans d’autres contextes plus complexes comme 

l’élimination de la redondance (Bär, 2015). 

 

La sélection d’unités textuelles saillantes peut également se faire en se basant sur un 

tas d’hypothèses Adhoc : par exemple, les phrases qui contiennent des mots qui 

figurent dans le titre, sont généralement liées au thème principal étant donné que dans 

la majorité des cas, le titre informe de façon très brève sur le contenu principal du texte 

(Edmundson,1969). La similarité avec les sous-titres est aussi considérée comme 

indicateur de pertinence. De plus, les phrases se trouvant au début du texte source 

donnent fréquemment un aperçu général du contenu du texte. En outre, les phrases 

situées au début de chaque paragraphe sont souvent plus informatives que les autres 

(Lin, 1997 et McKeown, 1999). Les phrases très courtes sont aussi généralement peu 

informatives contrairement aux phrases très longues qui posent à leur tour des 
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problèmes de redondance. Cette caractéristique qui favorise les phrases composées de 

15 à 30 mots a été combinée avec d’autres pour produire des résumés automatiques par 

extraction (Schiffman, 2002). 

 

Approches linguistiques : L’approche linguistique emploie plusieurs théories telles 

que la théorie de la structure rhétorique, et les chaînes lexicales. Ces modèles créent 

initialement une représentation de l’entrée. Le processus de création du résumé 

automatique consiste à réduire cette représentation en ayant recours à plusieurs règles 

de réduction, soit en gardant les segments les plus informatifs ou en créant une nouvelle 

représentation. Un résumé par extraction est souvent créé en fusionnant les phrases 

extraites. Finalement, un résumé par abstraction est obtenu en transformant la 

représentation réduite à un condensé par abstraction. 

La méthode des chaînes lexicales a été introduite par (Barzilay, 1997). Une chaîne 

lexicale (lexical chain en anglais) est une séquence de mots ayant une distance courte 

(les mots qui apparaissent dans la même phrase ou dans des phrases adjacentes), ou 

une distance longue (le texte entier). Le principe de cette approche repose sur 

l’identification des chaînes lexicales puissantes qui sont censées apparaître dans les 

segments les plus informatifs. L’avantage de cette méthode réside dans le fait qu’elle 

permet de modéliser la cohésion lexicale du texte source en identifiant les mots qui 

sont sémantiquement reliés (synonymes, antonymes) même s’ils ne sont pas employés 

dans la même phrase. Elle permet également d’identifier le sens des phrases ainsi que 

les différents concepts et les liens entre eux. Un thésaurus (Wordnet) est utilisé pour 

l’identification des chaînes lexicales (Miller, 1995). 

Les approches linguistiques peuvent également employer les théories de la structure 

rhétorique comme la RST (Rhetorical Structure Theory). Cette technique permet 

d’identifier deux types de phrases les noyaux et les satellites. Les noyaux sont les 

phrases principales. Les satellites sont les segments qui sont souvent employés pour 
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détailler les propos exprimés dans les phrases noyaux. La RST permet également 

d’employer les relations rhétoriques (élaboration, justification, exemplification, etc.). 

(Marcu, 1998) a proposé d’extraire un sous-ensemble des phrases noyaux qui satisfait 

à un tas de critères classiques précédemment proposés par les approches statistiques. 

Contrairement à l’approche précédente qui étudiait les relations rhétoriques entre 

phrases de textes, (Ono, 1994) a proposé une méthode de résumé automatique basée 

sur la compression des phrases. Les relations entre les parties de la phrase sont 

modélisées par l’intermédiaire d’un arbre binaire. Ces structures binaires sont taillées 

pour ne garder que les parties les plus importantes de la phrase en se basant sur les 

relations rhétoriques entre les syntagmes nominaux et verbaux qui la composent. 

2.3 Les techniques d’évaluation de résumé automatique  

L’évaluation des résumés automatiques est un domaine de recherche actif. Plusieurs 

campagnes d’évaluation ont été organisées au fil des années. Les principales sont   

DUC, TAC et TREC. Au début, ces compagnes reposaient sur l’évaluation, par les 

lecteurs, de la qualité linguistique et du contenu du résumé généré. Cette évaluation est 

soit objective (en estimant la similarité des résumés candidats avec un résumé manuel) 

ou subjective (en jugeant la qualité du résumé sans se référer à un modèle). Ces 

techniques d’évaluation nécessitent une intervention de l’humain. Ainsi, plusieurs 

recherches ont proposé des métriques d’évaluation semi-automatique afin de faciliter 

la comparaison des différentes approches de résumé automatique. Ces métriques ne 

s’intéressent pas à la qualité linguistique ou grammaticale des résumés générés. Elles 

évaluent principalement le contenu sélectionné en le comparant à un modèle de 

référence. Ces techniques semi-automatiques stipulent donc la disponibilité des 

résumés de référence faits par des humains. 

Dans ce qui suit, nous présentons : ROUGE, PYRAMID, et BE. ROUGE est la 

méthode d’évaluation semi-automatique la plus standard pour le cas du résumé 
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automatique par extraction. Ensuite, nous faisons l’état de l’art des travaux portant sur 

les techniques proposées pour l’évaluation des résumés automatiques par abstraction. 

2.3.1 ROUGE 

ROUGE évalue la qualité d’un résumé généré par extraction en le comparant à un (ou 

plusieurs) résumé(s) de référence. Elle utilise principalement trois métriques pour 

quantifier les recouvrements entre les N-grammes deux textes. Ces trois métriques 

sont : 

• La précision : C’est le rapport d’N-grammes communes au résumé généré 

automatiquement et aux résumés de référence sur la cardinalité (le nombre de 

N-grammes) du résumé automatique. 

• Rappel. C’est le rapport d’N-grammes communes au résumé généré 

automatiquement et aux résumés de référence sur la cardinalité (le nombre de 

N-grammes) du résumé de référence. 

• F-mesure (ou encore F-score): Il s’agit de la moyenne harmonique de la 

précision et du rappel.  

Jusqu’à présent ROUGE est la mesure d’évaluation la plus utilisée en résumé 

automatique par extraction étant donné qu’elle a montré une forte corrélation avec les 

jugements humains (Lin, 2004).  Notez aussi que d’autres variantes de ROUGE ont été 

proposées. Ces dernières exploitent la plus longue sous-séquence commune ou les bi-

grammes distants et la dernière implémentation de ROUGE permet de calculer en plus 

la précision et la f-mesure (Hong, 2014).  

2.3.2 PYRAMID 

Le principe de la méthode PYRAMID repose sur l’annotation des résumés de référence 

afin d’identifier des unités textuelles appelées SCUs (Summary Content Units). Un 
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SCU est un ensemble d’unités textuelles (souvent des phrases) des résumés de 

référence encodant la même information. Un poids égal au nombre de résumés de 

référence qui l’instancient lui est assigné. Ces SCUs sont organisés en pyramide où les 

SCUs de même poids se trouvent à la même couche. L’évaluation d’un résumé 

automatique est effectuée en repérant les SCUs candidats qu’il contient. Par la suite, 

chaque SCU candidat hérite du poids du SCU le plus similaire dans la pyramide. 

Ensuite, le score PYRAMID est calculé comme le rapport de la somme des poids de 

tous ses SCUs candidats sur la somme des poids d’un résumé idéal ayant le même 

nombre de SCUs. Notez que le calcul du score PYRAMID a été automatisé en utilisant 

la sémantique distributionnelle (Passonneau, 2013). Cependant, l’annotation des 

résumés modèles reste une tâche ardue et difficile à automatiser. 

2.3.3 BE 

Au départ, chaque phrase des résumés de référence et du résumé à évaluer est réduite 

en ses éléments sémantiques minimaux (BEs : Basic elements). Ensuite, on fusionne 

tous les BEs de référence qui sont sémantiquement identiques et on attribue un score à 

chacun des BEs de référence. Puis, on compare chaque BE du résumé à la liste des BEs 

de référence et on calcule le score global de tous les BEs contenus dans le résumé 

candidat (Hovy, 2006). Notez que l’identification des BEs, se fait en utilisant des règles 

de découpage exécutées sur l’arbre syntaxique du texte d’entrée. La comparaison des 

BEs fait recours à des stratégies de comparaison telle que la similitude lexicale exacte, 

la similitude de lemmes, la similitude de synonymes, etc. Un point (1) est attribué à 

chaque BE du résumé candidat qui figure dans un résumé de référence (si et seulement 

si la similarité entre ce BE et un BE de référence est satisfaite). Le score global attribué 

au résumé généré est égal à la somme pondérée des poids de ses BEs. 
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2.3.4 Les techniques d’évaluation de résumés automatiques par abstraction 

 Les méthodes d’évaluation citées ci-dessus présentent deux problèmes majeurs : i) Ils 

ne permettent pas de mettre en œuvre des évaluations à large échelle, ii) les résumés de 

référence ne sont pas forcément idéaux si on tient compte de la subjectivité de la 

personne qui rédige un résumé (Hovy, 2006). De ce fait, plusieurs recherches ont 

essayé de proposer des méthodes d’évaluation entièrement automatiques (sans 

référence) qui permettent non seulement de réduire le coût de l’évaluation mais aussi 

de contourner le problème de la qualité des résumés manuels et de leur disponibilité. 

Dans ce contexte, plusieurs protocoles d’évaluation principalement basés sur des 

mesures de divergence ont été proposés. On en cite le système SIMetrix qui calcule la 

divergence entre la distribution de probabilité du vocabulaire du résumé produit et celle 

du texte source (Louis 2013). Fresa est un autre système qui utilise aussi des mesures 

de divergence (la divergence de Kullback-Leibler et celle de Jensen-Shanon) pour 

estimer la qualité d’un résumé généré automatiquement (Torres-Moreno, 2010). Les 

divergences peuvent être calculées, comme dans ROUGE, en employant différents 

types de ngrammes. Le système d’évaluation Fresa a été étendu dans la perspective du 

multilinguisme (Saggion et al., 2010). Toujours dans le même contexte, SummTriver 

(Cabrera-Diego 2016 and Cabrera-Diego, 2018) est un modèle d’évaluation qui calcule 

simultanément la dissimilarité entre trois éléments : le résumé candidat, le texte source 

et un ensemble de résumés automatiques de la même source mais produits avec des 

méthodes différentes. La divergence de Kullback-Leibler ou de Jensen-Shanon est 

utilisée pour calculer les dissimilarités entre ces éléments. Ensuite, elles sont 

fusionnées en utilisant la trivergence de distributions de probabilité (Torres-Moreno, 

2015). 
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2.4 Conclusion 

Dans ce chapitre, nous avons fait l’état de l’art des méthodes de résumés automatiques 

de textes et de méthodes d’évaluation de résumés générés automatiquement. Dans les 

pages qui suivent, nous présenterons une méthode de résumé automatique par 

extraction dans le troisième chapitre et une méthode cognitive de résumé automatique 

par abstraction dans le quatrième. Nous proposerons également une méthode cognitive 

d’évaluation des résumés de textes générés automatiquement au cinquième chapitre. 

Dans l’annexe, nous mettrons de l’avant un cas d’utilisation des résumés automatiques 

de textes comme moyen d’analyse et de synthèse de documents retournés par un 

système de recherche de documents basé sur l’outil LUCEN.



 

 

 

 

 

 

 CHAPITRE III : RÉSUMÉ DU TEXTE ARABE VIA L'ÉQUILIBRAGE DU 

SAC À DOS DE LA RÉTENTION EFFICACE  
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3.1 Détails de l’article 

ARABIC TEXT SUMMARIZATION VIA KNAPSACK BALANCING OF 

EFFECTIVE RETENTION 

Alaidine Ben Ayed, Ismaïl Biskri and Jean-Guy Meunier 

Article publié Procedia Computer Science d'Elseiver (Volume 189, pp 312-319, 

2021). 

Notre thèse s’inscrit dans le domaine du traitement automatique du langage naturel, et 

plus particulièrement dans le domaine du résumé automatique. L’objectif de cet article 

est de mettre de l’avant un modèle performant de résumé automatique par extraction. 

L’approche proposée permet d’identifier les phrases porteuses d'information la plus 

saillante. Elle est indépendante de la langue. Dans ce chapitre, nous testons ladite 

approche sur l'arabe, une langue sémitique qui présente beaucoup de défis en lien avec 

la morphologie et la complexité de syntaxe. L’approche proposée dans cet article 

servira de base pour une approche cognitive de résumé automatique de textes par 

abstraction, qui fera l’objet du prochain chapitre et qui sera testée sur des articles de 

journaux en anglais. Notez que le présent chapitre met l’accent sur la dimension 

purement informatique de notre recherche. La dimension cognitive des approches 

relatées sera expliquée en détail dans les deux chapitres qui suivront. 

3.2 Résumé 

Cet article présente un nouveau protocole de résumé automatique de texte arabe par 

extraction. Notre approche est basée sur l’équilibrage du sac à dos (Knapsack 

Balancing en anglais) de la rétention efficace. La rétention efficace fait référence à la 
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maximisation de la rétention tout en priorisant les thèmes saillants. Tout d’abord, les 

segments de texte sont mappés aux thèmes importants et un score de rétention efficace 

est calculé pour chaque phrase. Ensuite, la tâche de résumé est formulée comme un 

problème d’optimisation combinatoire. Le résultat final est généré par la maximisation 

de la rétention efficace. En d’autres termes, les phrases sélectionnées pour faire partie 

du résumé sont les meilleures pour coder les idées saillantes tout en couvrant la plupart 

des thèmes centraux. Les résultats expérimentaux montrent que l’approche proposée 

surpasse trois protocoles de résumé arabe de pointe. 

3.3 Abstract  

This paper presents a new extractive Arabic text summarization approach based on the 

Knapsack balancing of effective retention. Effective retention refers to maximizing 

retention while prioritizing salient themes. First, text segments are mapped to salient 

topics, and an effective retention score is computed for every sentence. Next, the 

summarization task is formulated as a combinatory optimization problem. The final 

output is generated through the maximization of effective retention. Aka selected 

sentences to be part of the summary are the best ones to encode salient ideas while 

covering most central themes. Experimental results show that the proposed approach 

outperforms three state-of-the-art Arabic summarization protocols. 

3.4 Introduction 

3.4.1 Automatic text summarization 

Automatic text summarization (ATS) refers to the process of producing a concise, 

reliable, and fluent summary from a longer script (Widyassari, 2019 and El-Kassas 

2021). In essence, it is intended to assist humans in consuming relevant massive 

information automatically. ATS approaches fall into many subcategories: depending 
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on the adopted strategy to produce the summary, automatic text summarization 

techniques might be categorized into extractive vs. abstractive protocols. Extractive 

techniques roughly extract a subset of the most salient sentences present in the original 

text to construct the generated output. In contrast, the abstractive ones apply 

paraphrasing techniques to produce novel sentences while preserving the source text’s 

conveyed information. Also, there are single-document vs. multi-document 

summarization techniques depending on the number of documents to summarize. 

Summary techniques might be indicative or informative depending on the output. 

Depending on generality, they might be generic or query-driven. Based on the language 

criteria, they might be monolingual or multilingual. Note that novel summarization 

protocols are greatly needed to process the ever-growing amount of textual data 

available online, especially for the Arabic language, which has many unique 

characteristics. 

3.4.2 Arabic Language 

Arabic is an ancient Semitic language written from right to left (Guellil, 2019). It is 

deemed to be over 2000 years old. According to (Al-Saleh, 2016), it serves more than 

300 million people globally as their native language, and it is one of the current six 

official and working languages of the United Nations. Its alphabet is made of 28 letters 

whose shape is determined by their positioning. Unlike many other languages, where 

words continuously change their meanings, Arabic words stayed firm and pure to their 

roots for faraway decades due to the religious heritage. Arabic operates with a triliteral 

root system. For instance, the word سيارة meaning “Car,” comes from the three root 

letter letters ( ر ي س ) meaning: “traveling through Movement.” Therefore, a word with 

a similar root-like سار, “he took a walk,” would have a similar meaning. Therefore, 

guessing the meaning of a problematic Arabic word can be a straightforward task since 

it can be broken down into its three root letters. This root system is partially present in 



30 

other languages, but Arabic consistently sustains this rule throughout its entire 

language, making its richness even more exciting to explore.  

There are two types of sentences in the Arabic language: verbal and nominal. Verbal 

sentences have at least a verb and a subject, and they usually begin with a verb. The 

subject, as well as the object, might be attached to the verb. For instance, in شاهدتك (“I 

saw you”) the conjugated verb شاهد (“to see”) has a subject and an object suffix pronoun 

attached to it. Nominal sentences have two parts: a subject or topic (مبتدأ), and a 

predicate (خبر). They usually begin with a noun or a pronoun. Arabic is a highly concise 

and rich language; a three-word English sentence corresponds to a five-letter word in 

Arabic. For instance, “He gave him” is أعطاه in Arabic. Also, Arabic has over 60 

different words for love. Each one has its own slightly different shade of meaning. 

 

Figure 3-1: words organization in a sample Holy Quran Surate (Chapter 67). Surat Al-Mulk 

(Domination) 

Dealing with the Arabic language implies many challenges (Al-Saleh, 2016), 

including: 
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• Arabic orthography: the shape of a letter depends on its position in a word. For 

example, the shape of the letter (ف), changes depending on whether it occurs in 

the beginning (فـ), middle (ـفـ), or end (ـف) of a word. 

• The inflection in morphology: Arabic is highly derivational. Thus, there is a 

high inflection in morphology. 

• Syntax’s complexity: It is due to how words are constructed and organized 

(Figure 3-1). 

All the mentioned above issues make Arabic text summarization a challenging research 

area. In the next section, we make a literature review of the state-of-the-art Arabic text 

summarization techniques. 

3.5 Literature review 

(El-Kassas, 2021, Al-Saleh, 2016 and Al-Qassem, 2017) report the state of the art of 

most relevant Arabic automatic text summarization protocols. They fall into five main 

subcategories: discourse-based, graph-based, machine learning-based, ontology-based, 

and hybrid approaches. 

Most discourse-based Arabic text summarization approaches lay on the Rhetorical 

structure and the segmented discourse representation theories. The Rhetorical Structure 

Theory (RST) is usually used to analyze rhetorical relations between text sentences. It 

considers a given sentence as a nucleus or a satellite. Nuclei segments contain essential 

information, while satellites provide additional information about the nucleus (Mann, 

1988). A coherent text can be represented as an RST tree, and many variants of Arabic 

summarization protocols based on this intuition are proposed in (Al-Sanie, 2005, 

Mathkour, 2009, Mustafa, 2012, Ibrahim, 2013, and Maaloul, 2013). The Segmented 

Discourse Representation Theory (SDRT) is a dynamic semantic theory of discourse 
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understanding and interpretation (Asher, 2005). It was employed in (Keskes, 2015) to 

propose an Arabic text summarization protocol. 

Graph-based approaches lay the following hypothesis: the document to summarize can 

be described as an undirected graph. Every sentence is represented by a node. An edge 

between two nodes is activated if there is a relationship between their associated text 

units. A connection might be a similarity measure above a given threshold or any other 

type of relationship. Once the graph is set, the summary construction is based on 

analyzing sub-graphs of connected nodes encoding the most salient topics. The 

summarization approach proposed in (Al-Taani, 2014) is based on the mentioned above 

intuition. Furthermore, Arabic machine-learning-based approaches fall into two 

primary sub-categories; supervised vs. unsupervised methods. Supervised approaches 

apply machine learning techniques to learn patterns of a summary sentence and a non-

summary sentence (Sobh, 2009, Abdel-Fattah, 2009 and Belkebir, 2015), while 

unsupervised methods use clustering techniques to generate the summary (Oufaida 

2014, Fejer 2014, Haboush 2012 and EL-Haj 2011). 

Ontology-based approaches, especially query-based Arabic summarization systems, 

use lexical databases to expand the user query to generate a relevant summary as a 

response. (Imam, 2013) uses the Arabic WordNet (AWN) (BLACK 2006 and 

Abouenour, 2013) for this purpose. 

Finally, Hybrid Arabic text summarization approaches combine the mention above 

techniques. For instance, (Ahmed, 2013 and Azmi, 2012) add a meta-heuristics to the 

linguistic classic RST-based approach. Also, (Belguith, 2014) used an ontology to 

expand user queries, then used decision trees to construct query-based summaries. 

(Imam, 2013 and El-Haj, 2013) used Latent Semantic Analysis to map the query and 

the text to summarize onto a lower-dimensional space. 
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Notice that Discourse-based Arabic text summarization approaches have to overcome 

all the issues related to the Arabic language nature, such as identifying elementary 

discourse units’ boundaries. Indeed, punctuation marks are not widely used in Arabic 

texts, so that that entire paragraph can be written without punctuation. Thus, relying on 

punctuation marks alone is not satisfactory for Arabic text segmentation. Also, the 

named entity recognition is not a straightforward task since Arabic does not have 

capital letters. Furthermore, Arabic discourse connectives are highly ambiguous. Also, 

Graph-based approaches fail to find out the best informative and salient text segments. 

Machine learning-based approaches ignore pertinent words only used in the test 

dataset. Those words are considered irrelevant since they were not seen during the 

training process. All mentioned above approaches, including hybrid ones, fail to 

maximize retention while prioritizing salient themes. According to (Lloret, 2012), 

determining the valuable features that excerpt salient ideas from the text to summarize 

while covering all central themes is the most challenging issue in extractive text 

summarization. 

This chapter proposes a new Arabic text summarization approach based on the 

Knapsack balancing of effective retention. Effective retention refers to maximizing 

retention while prioritizing salient themes. The proposed approach considers the 

summarization task as a combinatory optimization problem. Text segments are mapped 

to salient concepts, and the summary is generated by maximizing of effective retention. 

The rest of this chapter is broken down as follows: the sixth section describes the 

proposed Arabic summarization approach. The seventh one compares the proposed 

approach to three state-of-the-art Arabic summarization techniques. The eighth section 

puts forth conclusions. 
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3.6 The proposed approach: KBER (Automatic Arabic text summarization via 

Knapsack balancing of effective retention) 

3.6.1 Text preprocessing 

Preprocessing stage involves four steps: a) text segmentation, b) tokenization, c) 

lexeme building, and d) stemming. First, the input text is broken down into unitary text 

units (sentences) during the segmentation phase. Next, sentences are split into tokens 

based on punctuation and white spaces. Afterward, the El-Khair Arabic stop-word list 

(El-Khair, 2017) is used to remove all stop-words. Initially, the lexeme is made of the 

remaining significant words. Next, the Information Science Research Institutes (ISRI) 

Arabic Stemmer (Larkey, 2002) is used to stemming text sentences and lexeme tokens. 

Only one instance of the same lexeme tokens is kept. By the end of the preprocessing 

stage, the text is coded as an 𝑠 ×  𝑡 text feature matrix TFM. Note that 𝑠 equals the 

number of segmented sentences, and 𝑡 equals the number of lexeme tokens. Each line 

of TFM is a sentence feature vector ζ𝑖  associated to sentence 𝑆𝑖 . Each ζ𝑖  is an 𝐼𝐷𝐹 

(Inverse Document Frequency) vector built using the generated lexeme. 

3.6.2 Calculating the effective retention scores 

Irrelevant and redundant information is mathematically expressed as a vector 𝜔 equal 

to the mean sums of sentence feature vectors ζ𝑖  (Eq. 1). Furthermore, 𝜔 is used to 

generate a normalized sentence feature vector ζ𝑖 for every text unit (Eq.2). 

 
𝜔 =

1

𝑠
∑ ζ𝑖

𝑠

𝑖=1

 
(1) 

 ϱ𝑖 = ζ𝑖 −  𝜔 (2) 
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Once we get rid of the redundant information by subtracting 𝜔 from each sentence 

feature vector, we build the basis of a more informative space. An SVD (Eq. 4) is 

performed on the covariance matrix ℵ (Eq. 3) to construct a set of eigenvectors, the 

targeted space’s unitary vectors. Those unitary vectors excerpt salient themes conveyed 

in the text to summarize. 

 
ℵ =

1

𝑠
∑𝜚𝑛

𝑠

𝑛=1

𝜚𝑛
𝑇 = 𝜒T 

(3) 

 𝜒 =  𝛿 S 𝛾𝑇 (4) 

 𝜒 =  [𝜚1, 𝜚2, . . . , 𝜚𝑠] (Eq. 3). ℵ is a 𝑡 × 𝑡 matrix. 𝜒 is a 𝑡 × 𝑠 matrix. Additionally, 

dimensions of 𝛿, S and 𝛾  are respectively 𝑡 × 𝑡, 𝑡 × 𝑠  and 𝑠 × 𝑠  (Eq. 4). Notice 

that 𝛿  and 𝛾  are orthogonal ( 𝛿𝛿𝑇 = 𝛿𝑇𝛿 = 𝐼𝑑𝑡 𝑎𝑛𝑑 𝛾 𝛾 
𝑇 = 𝛾 𝑇𝛾  =  𝐼𝑑𝑠 ). 

Additionally:  

1.  𝛾’s columns are eigenvectors of 𝜒𝑇𝜒  and 𝛿 ’s columns are eigenvectors of 

𝜒𝜒𝑇. 

2. 𝜎𝑘 (Eigenvalues of 𝜒𝜒𝑇 and 𝜒𝑇𝜒 ) are squares of 𝑠𝑘 (singular values of ℵ). 

 For 𝑘 >  𝑠 , eigenvalues 𝜎𝑘  of 𝜒𝜒𝑇 are null. Their associated eigenvectors can be 

neglected (𝑠 <  𝑡), and matrix 𝛿 and 𝑆 can be truncated. Respective dimensions of 𝛿, 

𝑆 and 𝛾 (Eq. 4) become 𝑡 ×  𝑠, 𝑠 ×  𝑠 and 𝑠 ×  𝑠. Now, the basis of the targeted more-

informative space Π𝐾  (Eq. 5) is built using the 𝐾eigenvectors 𝛿𝑖 , associated to the 

highest 𝐾 eigenvalues. 

 Π𝐾 = [𝛿1, 𝛿2, … , 𝛿𝐾] (5) 
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Next, normalized feature sentence vectors are projected onto the newly constructed 

space. They can be written as a linear combination of the 𝐾 eigenvectors of Π𝐾 (Eq. 

6). The vector ℵ𝜚𝑖(𝑘) = 𝛿𝑘
𝑇𝜚𝑖 in Eq. 7 provides coordinates of each sentence in that 

space.  

 𝜚𝑖
𝑝𝑟𝑜𝑗

=∑ℵ𝜚𝑖(𝑘)

𝑘

𝛿𝑘 
(6) 

 𝑑𝑖(𝛿𝑞) = |𝛿𝑞 − 𝜚𝑖
𝑝𝑟𝑜𝑗| (7) 

Next, we compute the Euclidean distance between 𝛿𝑖 and any projected sentence onto 

the more-informative space (Eq. 7), and we construct the effective retention tensor 

(Figure 3-2). 

 

Figure 3-2: The effective retention tensor 

In the illustrated example by Figure 3-2, the window size 𝑤  used to construct the 

effective retention tensor is set to 4. The first line of the tensor provides the best four 

text units to encode the first-order theme. Their projected vectors onto the constructed 

salient space in Eq. 6 have the smallest distances to the first order eigenvector 

(associated with the highest eigenvalue in Eq. 7. Similarly, the tensor’s fourth line gives 
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the best four sentences to encode the fourth most central theme. Note that the order of 

a given sentence in a given window 𝑤 depends on to which extent it encodes a given 

theme. For instance, the second sentence is the best sentence to encode the second most 

crucial theme, while the sixth one is the last best sentence to encode the same theme in 

a window of four sentences. 

The built tensor is used to compute an effective retention score (ER) for each sentence: 

The intuition behind the ER score is the following: a given projected sentence onto the 

constructed salient space should encode as much as possible the most important themes 

conveyed in the text to summarize while taking into consideration the importance order 

of each theme. The ER coefficient for each sentence is defined by Eq. 8. 

 

𝐸𝑅𝑘𝑤(𝑆) =
1

𝑘
∑α𝑖 [1 +

1 − ψ𝑖
𝑤

]

𝑘

𝑖=1

 

(8) 

𝐾  is the number of eigenvectors encoding principal themes, α𝑖 = 1  if sentence 𝑆 

encodes the ith theme. It is equal to zero in the opposite case. ψi is the rank of 𝑆 in the 

𝑖𝑡ℎ window of the effective retention tensor. 

1.3.1 Generating the summary through Knapsack-balancing of effective retention 

scores 

Given n-tuples of effective retention < 𝐸𝑅1, 𝐸𝑅2, … , 𝐸𝑅𝑛 >, and sentence length  <

𝑙1, 𝑙2, … , 𝑙𝑛 > , and 𝐿 >  0 , the goal is to determine the subset 𝑇 ⊆ 1,2, … , 𝑛  of 

sentences that: 

 𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒𝑠∑𝐸𝑅𝑖
𝑖∈𝑇

 
(9) 
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 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑡𝑜∑𝑙𝑖
𝑖∈𝑇

< 𝐿 
(10) 

The time complexity of the brute-force solution of this combinatorial problem is 

𝑂(2𝑛). The next section's reported results are obtained with our dynamic programming 

solution whose time complexity is around 𝑂(𝑛 × 𝐶). 𝐶 is a constant.     

3.7 Experiments and Results 

3.7.1 Experimental settings 

The EASC (EL-Haj, 2010) dataset and the ROUGE (Recall-Oriented Understudy for 

Gisting Evaluation) toolkit (Chin-Yew, 2004) are used for experiments. The EASC 

dataset contains 153 Arabic text article and their 765 human-generated extractive 

summaries. The average number of sentences per text to summarize is 17, and the 

average number of tokens is 377. Statistics about the number of articles per topic, 

average text length, and average sentence length are given in Table 3-1. 

Table 3-1 : The EASC dataset 

ID Topic Articles Average text length (Sentences) Avg text length (Tokens) 

1 Art & Music  10 17 372 

2  Education  7 14 356 

3  Environment  34 17 417 

4 Finance  17 14 264 

5 Health  17 17 333 
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6 Politics  20 14 380 

7 Religion  8 16 404 

8 Science& Technology  16 13 393 

9 Sport  10 17 331 

10 Tourism  14 28  480 

 

The ROUGE-1 and ROUGE-2 metrics are used in experiments to compare an 

automatically produced summary against a set of human-produced reference 

summaries. They refer to the overlap of unigrams and bigrams, the produced output, 

and their associated reference summaries. Obtained results are compared to those 

obtained by Arabic summarization protocols proposed in (Al-Abdallah 2017 and 

Jaradat 2016). 

3.7.2 Results and discussion 

Table 3-2: The proposed approach (KBER) VS. PSO, GA and HS ROUGE-1 and ROUGE-2 scores 

Approach ROUGE Recall Precision F-measure 

KBER  ROUGE-1 0.6113 0.6108 0.5614 

KBER  ROUGE-2 0.4912 0.4961 0.4690 

PSO  ROUGE-1 0.5444 0.5882 0.5532 

PSO  ROUGE-2 0.4483 0.4814 0.4538 

GA  ROUGE-1 0.5713 0.5658 0.5476 
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GA  ROUGE-2 0.4710 0.4597 0.4465 

HS  ROUGE-1 0.5758 0.5686 0.5495 

HS  ROUGE-2 0.4810 0.4679 0.4540 

 

Table 3-2 describes the obtained ROUGE-1 and ROUGE-2 scores for the proposed 

approach and the three state-of-the-art Arabic summarization protocols. Obtained 

results prove that the proposed method outperformed the (Al-Abdallah 2017 and 

Jaradat 2016) summarization techniques. Indeed, mapping the original space onto a 

more salient space in a compressed way yields two results: First, the basis of the 

constructed space encodes salient themes. Second, it enables mapping each projected 

sentence into the constructed space to a set of dominant themes. Furthermore, using the 

tensor of distances between unitary vectors of the compressed space and normalized 

projected sentence feature vectors makes it possible to assign high scores of effective 

retention to text units encoding principal themes while considering the saliency degree 

of each one of them. Also, formulating the summarization task as a combinatorial 

problem gives the best balance between maximizing both retention and compression 

ratios while ensuring the best coverage of salient themes conveyed in the text to 

summarize. 

3.8 Conclusion and future work 

In this study, we proposed a new Arabic mono-document summarization protocol. The 

proposed approach computes an effective retention score for every sentence. Then, it 

generates the summary through retention maximization while ensuring covering all 

salient themes. The proposed approach can be applied to any Semitic language. It can 

also be applied to long scripts or collections of scripts. Notice that the main drawback 
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of the proposed approach is that it only focuses on the retention criterium. As said in 

the previous section, the coherence is out of the scope of this work. Currently, we are 

implementing rhetorical analysis mechanisms to ensure text coherence. In such a case, 

the summarization process will be considered a multi-objective optimization problem 

tending to maximize retention and coherence while achieving a given compression 

ratio. 
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 CHAPITRE IV : UNE APPROCHE COGNITIVE ABSTRACTIVE DE 

RÉSUMÉ AUTOMATIQUE DE TEXTE BASÉE SUR UN MODÈLE DE 

COMPRÉHENSION DE TEXTE ISSU DES TRAVAUX RÉALISÉS EN 

PSYCHOLOGIE COGNITIVE  
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4.1 Détails de l’article 

A COGNITIVE ABSTRACTIVE APPROACH OF AUTOMATIC TEXT 

SUMMARIZATION BASED ON A COGNITIVE PSYCHOLOGY TEXT 

COMPREHENSION MODEL 

Alaidine Ben Ayed, Ismaïl Biskri and Jean-Guy Meunier 

 

Article soumis au Cognitive Science de Wiley (Décembre 2021). 

 

 L’objectif de cet article est de proposer un modèle de résumé automatique par 

abstraction performant. L’approche proposée repose sur une variante de la technique 

présentée dans le chapitre précédent pour identifier les phrases porteuses des 

informations les plus saillantes. Ensuite, une architecture d’apprentissage profond du 

type sequence2sequence, est utilisée pour générer les paraphrases qui constituent le 

résumé automatique par abstraction. Il est à noter que le présent chapitre met l’accent 

sur la dimension cognitive de notre recherche. Nous en expliquons les détails de 

l’implantation computationnelle du modèle de compréhension du texte, issu des 

travaux réalisés dans le cadre de la psychologie cognitive, sur lequel repose notre 

approche de résumé automatique de texte par abstraction. Nous détaillons en particulier 

la simulation du système de mémoire assez complexe ainsi que la mathématique et la 

simulation computationnelle des processus cognitifs qui interviennent pour la 

compréhension du texte. 
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4.2 Résumé 

Ce chapitre met de l’avant un nouveau modèle cognitif de résumé de texte par 

abstraction. L’approche proposée est un système en deux étapes. Tout d’abord, les 

phrases du texte source sont mappées aux sujets saillants, et un score de saillance est 

calculé pour chacune. Ensuite, la tâche de résumé est formulée comme un problème de 

logique floue. Les phrases assurant une couverture et une fidélité maximales sont 

sélectionnées pour faire partie d’un pré-résumé. Ensuite, les phrases du pré-résumé sont 

reformulées à l’aide d’un transformeur T5. Les résultats expérimentaux montrent que 

l’approche proposée surpasse trois protocoles de synthèse de pointe. 

4.3 Abstract  

This chapter proposes a new cognitive abstractive text summarization model. The 

proposed approach is a double-stage system. First, text segments are mapped to salient 

topics, and a salience score is computed for every sentence. Next, the summarization 

task is formulated as a fuzzy logic problem. Sentences ensuring maximum coverage 

and fidelity are selected to be part of a pre-summary. Sentences of the first stage's 

output are rephrased using a T5 transformer. Experimental results show that the 

proposed approach outperforms three state-of-the-art summarization protocols. 

4.4 Introduction  

Text summarization refers to the process of producing a brief and accurate synopsis of 

voluminous text or collection of texts while focusing on text units that convey the most 

salient information and without deviating the overall meaning. Automatic text 

summarization (ATS) automatically removes redundant and insignificant information 

to construct shortened versions of lengthy documents, which could be a burdensome 
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and costly process if done manually. Thus, there is a need to propose new text 

summarization approaches that automatically deliver insights of textual data 

overloading the digital space to deal with big data is high-volume, high-velocity, and 

high-variety information assets that demand innovative forms of information 

processing. 

4.4.1 Automatic text summarization 

There There are two broad approaches for automatic text summarization: extraction 

(Allahyari, 2017 and Andhale, 2016) and abstraction-based (Kumar, 2016). Extractive 

approaches gauge a weight for every sentence of the source text. Then, they 

concatenate the most salient sentences to generate the shortened version of the text to 

summarize. Extractive approaches fall into statistical and linguistic models. They 

generally compute a score that determines the importance of each sentence of the 

original text. Statistical models can be divided into three broad subcategories: 

frequency, feature-based, and machine learning-based approaches. Frequency-based 

approaches assume that essential words are more frequent than other words in a 

document. So, they use the basic term frequency (word probability) (Nenkova 2006, 

2005) or inverse document frequency measures (Filatova 2004, Fung 2006 and Galley 

2006) to assign scores to each sentence of the source document. Feature-based 

approaches determine sentence relevance by the presence of different features such as 

the presence of title/headline words, sentence position, sentence length, etc. (Gupta 

2010). Machine learning approaches learn from training data patterns of "summary 

sentence" and "non-summary sentence" (Svore 2007, Burges 2005 and Hannah, 2014). 

On the other hand, linguistic models assume that structure and coherence can be 

modeled through rhetorical relations. Those models employ discourse analysis 

techniques that establish a formal representation of the knowledge contained in the text 

(Barzilay, 1997 and Asghar, 2014).  
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Abstractive approaches are not limited to merely select and rearrange salient text 

sentences. They involve complex language modeling techniques to generate a fluent 

summary containing new sentences that cover core information and preserve the 

intended meaning of the source text. Thus, abstractive summarization is relatively more 

complex than extractive summarization.  

There are many other taxonomies of automatic text summarization techniques based 

on different angles of view. For instance, a given summarization protocol may be 

mono-document or multi-document, depending on the number of input documents. It 

may be generic or query-based depending on whether the generated output is intended 

to report all text source events or focus on the user’s searched topics. An automatically 

generated summary may also be evaluative if the summary is made subjectively or 

neutral in the opposite case.  

4.4.2 Objectives and contribution 

This chapter aims to bridge cognitive psychology with natural language processing to 

propose a dual-stage cognitive abstractive automatic text summarization protocol 

covering core information and preserving the author’s intentions. The proposed 

approach relies on a cognitive psychology reading comprehension theory’s 

computational model. 

The following section reviews cognitive psychology models of text comprehension. 

The sixth one describes the proposed approach. Conducted experiments and obtained 

results are described in section seven. Conclusion and future work are exposed in the 

eighth section. 
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4.5 Related Cognitive psychology research on Reading comprehension 

Reading comprehension has been a hot research topic since early 1978 (Kintsch, 1978). 

It has mainly focused on reading comprehension’s cognitive processes ranging from 

recognizing letters and words to making predictions and inferences. For instance, the 

resonance Model focused on the reader’s mental presentation (Myers, 1998). Since 

sand propositions may remain in the working memory, the resonance model pretends 

that the reader’s mental presentation may be accessible in part while the reading 

process progresses. Secondary concepts are forgotten and maybe activated, reinstated 

by a sentence that is being read. The reinstatement process is either top-down or 

bottom-up. The top-down interpretation claims that readers tend to connect incoming 

text statements to earlier ones. When a connection between working memory and the 

text’s mental representation fails to be established, the reader tends to reinstate his 

earlier working memory to find a link. The bottom-up interpretation is based on earlier 

research, which confirmed that a reader’s mental presentation of a text depends on the 

elements of the sentence being processed (Albrecht, 1995). Aka words of the sentence 

being read activate previous statements when reinstating them to the working memory. 

The Landscape model mimics how those prominent text items are being initiated, 

saved, and retention rose in memory to construct a moderately steady memory 

representation of a text (Van Den Broek, 1996).  

Both resonance and landscape models incorporate causality in their assumptions 

without simulating it. The causality-based effects simulation is the center of focus of 

the Langston and Trabasso model (Trabasso, 1999, Langston, 1999) since statements 

highly relying on previous story events are customarily read faster (Myers, 1987) and 

further often rated as relevant to the text (Trabasso, 1985). 
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The construction-integration model claims that the reading comprehension process 

should be decorticated beyond relationships between explicitly stated statements in the 

text (Kintsch, 1991). It focuses on the inferencing subprocess, which generates new 

knowledge based on the information being processed. Also, it may bring saliant 

background knowledge into the reader’s subconscious thoughts. In this case, text 

propositions would retrieve a set of elements from the reader’s world knowledge net 

during the construction phase. Then, appropriate ones are selected during the 

integration phase. Furthermore, the construction-integration model assumes that 

knowledge is processed at three different mental representation levels during the 

reading comprehension process: i) a literatim design enabling recognition of words, ii) 

a semantic one that encodes preeminent text items, and iii) a situational design of the 

situation to which the text endures. Note that the Gestalt model suggested an alternative 

view of the construction-integration model’s external world knowledge claiming that 

the knowledge is created by gathering event sequences in a microworld (St. John 

1992a, 1992b). 

Subjectivity is out of the scope of the mentioned above models. It was addressed by 

the Predication model (Kintsch, 2001). Also, previously mentioned approaches are 

localist models, aka text items and relationships are modeled separately. However, the 

Predication model employs a distributed representation of words and propositions; 

there is no borderline between them. Therefore, text items are described by vectors 

encoding relations between them. Mathematically, the Predication model relies on LSA 

(Latent Semantic Analysis) model discourse units (Landauer, 1998). The Golden and 

Rumelhart model (Golden 1993, 1994) also dealt with subjectivity issues. As 

mentioned previously, in the construction-integration model, an inference results from 

a search process through the reader’s world knowledge. One drawback of this 

assumption is that the reader’s world knowledge is subjectively defined. To overcome 
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this problem, Golden and Rumelhart view inference as a form of pattern completion 

(Golden 1993, 1994). 

Dealing with the text in the situational level of the construction-integration model calls 

for concepts or propositions that originate from the reader’s knowledge and not from 

the processed text (Kintsch, 1978, 1988, 1991). So, the construction-integration (C-I) 

model focuses on knowledge instead of text. To overcome this drawback of the C-I 

model, the Distributed Situation Space Model (DSS) shares Gestalts’s assumption 

claiming that text events take place in a microworld to proven the focus on the text at 

hand and make the amount of knowledge to be implemented manageable (Frank, 2003). 

Also, the Distributed Situation Space, which gets its name from the distributed nature 

of the space, holds on most architectural and mathematical assumptions the Golden and 

Rumelhart Models (Golden 1993, 1994). 

Other cognitive psychology models of comprehension, like the Structure Building 

model, studied the involved processes in comprehending various media other than texts 

like pictures (Gernsbacher, 1995). They can be extended to deal with more complicated 

tasks like video comprehension. The Structure Building model splits the 

comprehension process into three sub-actions: i) building the base (foundation) of the 

text’s mental representations, ii) mapping knowledge onto the constructed base, and 

iii) shifting the new structures when a piece of new information is not incongruity with 

the existing ones, or when dealing with new ideas. 

4.6 CogSum: a new cognitive abstractive summarizer 

The proposed summarization technique is a double-stage system. First, an extraction 

phase is performed. Extracted sentences should satisfy maximum retention and fidelity 

criteria. Next, the by extraction selected sentences are paraphrased using a Text-To-
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Text Transfer Transformer. Note that the proposed system relies on Kintsch's 

construction-integration model of text grasp, assuming that Knowledge construction 

and knowledge integration are the two phases of text comprehension. During the 

construction phase, the mental representation of the discourse is modeled through a 

complex propositional network made of nodes and connections, meant to reflect any 

relationship between the unitary discourse elements (text sentences). Next, an 

elaborated propositional network is constructed. It encodes most of the salient 

knowledge and hidden concepts. In other words, the comprehension process refers to 

activating salient knowledge during the construction phase. The integration process 

refers to the spread of this activation of salient concepts and marginal ones' deactivation 

across the network. Note that when we read a text, our mind processes it at three levels:  

• The surface structure level 

• The intermediate level (the textbase) 

• The cognitive level: the situation model 

 

The surface structure level is simply the text's words and how they relate to each other 

at a syntactic level. The second level of information processing is the textbase, in which 

a proposition codes a basic unit of text. Each proposition refers to a given idea (or 

concept). Finally, the situation model (SM) integrates basic meanings derived from the 

textbase into our knowledge. 

 

Figure 4-1 describes the proposed cognitive summarization protocol and its different 

information processing levels inspired by the construction-integration model of text 

grasp. Next, we detail the construction and integration phases. 
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Figure 4-1: The proposed cognitive summarization protocol and its different information processing 

levels inspired by the construction-integration model of text comprehension 

 

4.6.1 The construction phase 

Mathematically, we project the source document onto a lower-dimensional space that 

captures the essence of concepts present in the source text. The latter space's unitary 

vectors are used to compute retention-fidelity scores as follows: First, a lexicon, 

including all unique non-generic words, is constructed. Each text unit (sentence) 𝑆𝑖 is 

encoded by a sentence column feature vector x𝑖 of 𝑑 components. Each component of  

x𝑖  corresponds to the number of occurrences of a given lexicon word (Eq. 1). Next, 

sentence feature vectors are stacked as rows of a data matrix to construct the crude text 

feature matrix; the microstructure (Eq. 2). Next, we will build the elaborated 

propositional network (the macrostructure). The latter will be used later to compute a 

saliency score for each sentence. Thus, the mean sentence vector is computed as 

described in Eq 3. It is subtracted from each sentence feature vector to remove noise 
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and redundant information, and the normalized text feature matrix is constructed by 

stacking zero-centered sentence feature vectors as its rows (Eq 4). 

 
𝑥𝑖 = (
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𝑥𝑖2
⋮
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As said previously, the goal is to project the initial sentence feature vectors dataset 

from many correlated coordinates (the microstructure) onto fewer most salient and 

uncorrelated ones called principal concepts (the macrostructure). Thus, the covariance 

around the mean is computed as described in Eq 5: 

 
𝑆 =

1

𝑛 − 1
 ∑(𝑥𝑖 −  𝜇)(𝑥𝑖 − 𝜇)

𝑇 = 
1

𝑛 − 1
 𝑋𝑇𝑋

𝑛

𝑖=1

 (5) 

Vectors encoding those concepts will be built sequentially in a way that maximizes 

their contributions to the variances of the original set of sentence feature vectors. 

Mathematically, the goal is to find a collection of 𝑘 ≤ 𝑑 unit vectors 𝑣𝑖 ∈ ℝ𝑑 (for 𝑖 ∈

1,… , 𝑘) called principal concepts, such that: The variance of the set of sentence feature 

vectors projected onto the 𝑣𝑖  direction is maximized. 𝑣𝑖  should be orthogonal 
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to 𝑣1, … , 𝑣𝑖−1 . The projection of a vector 𝑥 ∈ ℝ𝑑 onto the line determined by any 𝑣𝑖 is 

simply given as the dot product 𝑣𝑖
𝑇𝑥. The variance of the sentence feature vector 𝑥 

projected onto the first principal concept 𝑣1is defined as follows: 

 
𝑆 =

1

𝑛 − 1
 ∑(𝑣1

𝑇𝑥𝑖 − 𝑣1
𝑇𝜇)2 = 𝑣1

𝑇𝑆𝑣1

𝑛

𝑖=1

 (7) 

To construct 𝑣1, 𝑆 is maximized while satisfying the ‖𝑣1|| = 1 additional constraint. 

The Lagrange multipliers (LM) approach is used to solve this optimization 

problem. LM implies that 𝑆𝑣1 = 𝜆1𝑣1 ,aka; 𝑣1 is an eigen concept (mathematically, it 

is an eigenvector of the covariance matrix 𝑆). Note that  ∥ 𝑣1 ∥= 𝑣1
𝑇𝑣1 = 1, this means 

that the corresponding eigenvalue is equal to 𝑣1
𝑇𝑆𝑣1 = 𝜆1. It equals the variance of the 

sentence feature vectors along 𝑣1 . The most important concept is coded by the 

eigenvector associated to the highest eigenvalue. Next, the sentence feature vectors set 

is projected onto a new direction 𝑣2  , the same way, while satisfying the 𝑣1⊥ 𝑣2 

condition, then onto 𝑣3 while satisfying 𝑣3⊥ 𝑣1, 𝑣2, and so on. 

By the end of this process, the first 𝑘 vectors encoding principal concepts (macro-

propositions) of 𝑋 are built. They are eigenvectors of the covariance 

matrix 𝑆 corresponding to its 𝑘 highest eigenvalues. Next, the macrostructure will be 

constructed such that the 𝑘 most important eigen concepts (macro-propositions) will 

form its orthonormal basis Ξ𝑘: 

 Ξ𝑘 = [𝑣1, 𝑣2, … , 𝑣𝑘] (8) 

Each normalized projected sentence onto the constructed conceptual space can be 

written as a linear combination of 𝑘 eigen concepts. Ξ𝑘 is the macrostructure.  

https://en.wikipedia.org/wiki/Lagrange_multiplier
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4.6.2 The integration phase 

Next, the goal is to build a retention-fidelity tensor. Thus, the Euclidean distance 

between a given concept 𝑣𝑗  ; 𝑗 = 1,… , 𝑘 and any normalized sentence 𝑥�̂� = 𝑥𝑖 −  𝜇, 

projected in the macrostructure is defined and computed as follows: 

 𝑑𝑖(𝑣𝑗) = ‖𝑣𝑗 − 𝑥�̂�‖ (9) 

 

 

Figure 4-2: Retention-Fidelity tensor construction using the five most important macro-propositions 

(eigen concepts) 

The Retention-Fidelity tensor (Figure 4-2) provides distances between algebraic 

sentence feature vectors and the orthonormal conceptual space (macrostructure) basis's 

unitary vectors. It is constructed such that the line order depends on the importance of 

a given macro-proposition, while the column order is related to the extent to which a 

random sentence encodes a given macro-proposition. For instance, the first line 

provides the 𝑤 best sentences to encode the first most crucial macro-proposition (their 

normalized projected feature vectors have the smallest distances to 𝑣1 encoding the 

most important macro-proposition). The second line provides the same information 

related to the second most important macro-proposition, and so on.  Note also that the 

fifth sentence, for instance, is the best sentence to encode the second most crucial 
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macro-proposition, while the sixth sentence is the last one in a window size of four 

sentences. Next the Retention-Fidelity tensor will be used to compute a Retention-

Fidelity score for each sentence. 

Retention-Fidelity (RF) score computation and summary construction 

 

First, a Retention score is computed for each normalized sentence being projected onto 

the constructed macrostructure. A given sentence having a high Retention sore should 

encode as much as possible the most important concepts (macro-proposition) expressed 

in the source document. In other words, it should appear as much as possible in a 

window of size 𝑤  while taking into consideration the 𝑘  macro-propositions.  

Mathematically, it is defined as follows:  

𝑅𝑘𝑤(𝑠) =
1

𝑘
∑𝛼𝑖

𝑘

𝑖=1

 (11) 

𝛼𝑖 = 1 if the sentence 𝑆 occurs in the ith window. If not, it is equal to zero.  

Now, an extended fidelity (𝐹𝑘𝑤(𝑠)) score is computed for every sentence. It is a kind 

of averaged sum of the retention coefficient. The latter one is weighted according to 

the sentence’s position in each window of size 𝑤. The central intuition is that sentences 

with a high 𝐹𝑘𝑤 score should encode important concepts (macro-propositions) while 

focusing on the most important ones. The fidelity score is defined as follows: 

 
𝐹 𝑘𝑤(𝑠) =

1

𝑘
 ∑𝛼𝑖 [1 +

1 − ψ𝑖
𝑤

]

𝑘

𝑖=1

 (12) 
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𝛼𝑖  =  1 if a sentence 𝑠 occurs in the ith window. If not, it is equal to zero. 𝜓𝑖 is the rank 

of a sentence 𝑠  in the ith window. Next, we use fuzzy logic to compute a unified 

retention and fidelity scores (R-F) as we proceeded in (Ben Ayed, 2019). The 

integration phase involves activating text units that encode the macrostructure's salient 

concepts (macro-propositions) to create a situational model (a pre-summary). The 

reader's intention (maximizing retention and fidelity) guides this activation process; 

Sentences with the highest R-Fs are chosen to be part of the pre-summary.   

 

Figure 4-3: The used text-to-text-transfer-transformer architecture for sentence paraphrasing 

Next, the T5 model (text-to-text-transfer-transformer), proposed by (Raffel, 2019), 

is used to paraphrase sentences of the generated pre-summary. It has an encoder 

(trained in a BERT manner) and a decoder (trained in a GPT manner). BERT is a 

Masked Language Modeling (MLM) model. Training Bert to predict masked tokens is 

performed as follows: 1) Corrupting; Adding noise by replacing a random subset of the 

input with a mask token, 2) Denoising; predicting the original tokens for each of the 

masked tokens. The Bert attention calculation for a given token depends on all 

remaining tokens in the sequence. The GPT model has proven well suited to text 

generation tasks. Its attention calculation for a given token only depends on the tokens 

that occur before it in each sequence. The T5 (text-to-text-transfer-transformer) model 

is essentially getting the best of both Bert and GPT worlds. The T5 model is pre-trained 
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on the C4 dataset for the corrupting, denoising (Raffel, 2019). This pre-training 

encapsulates/simulates the reader’s background knowledge. The final output is a 

cognitive abstractive summary. 

4.7 Experimental Results: 

4.7.1 Dataset  

The Timeline17 dataset is used for experiments (Giang, 2013). It consists of 17 manual-

created timelines and their associated news articles. They mainly belong to 9 broad 

topics: BP Oil Spill, Michael Jackson Death (Dr. Murray Trial), Haiti Earthquake, 

H1N1 (Influenza), Financial Crisis, Syrian Crisis, Libyan War, Iraq War, Egyptian 

Protest. Original articles belong to news agencies, such as BBC, Guardian, CNN, 

Foxnews, NBCNews, etc. Those news articles are in plain text file format and noise 

filtered. 

4.7.2 Results and discussion 

To evaluate our proposed system (CogSum) for automatic text summarization, we used 

the Recall-Oriented Understudy for Gisting Evaluation (ROUGE) metric to compare 

the by-extraction generated pre-summaries to reference abstracts produced by three 

state-of-the-art automatic summarizers (Luhn, 1958, Mihalcea 2004b and Erkan 2004). 

ROUGE-n (n = 1,2) refers to the overlap of n-gram between generated and reference 

summaries. ROUGE-S refers to Skip-bigram based co-occurrence statistics, while 

Skip-bigram is any possible pair of words in their sentence (Here the order does not 

matter). Obtained results are reported in In Table 4-1.   
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Table 4-1: Evaluation of the proposed system for automatic text summarization by comparing it to the 

Luhn, TextRank and LexRank approaches. 

Summarizer Rouge-1 Rouge-2 Rouge-S 

Luhn 0.119 0.018 0.022 

TextRank 0.204 0.206 0.047 

LexRank 0.042 0.047 0.037 

CogSum pre-summaries 0.241 0.061 0.058 

 

Obtained results show that the proposed system outperforms summarizers proposed in 

(Luhn, 1958, Mihalcea 2004b and Erkan 2004). Indeed, our model can project the text 

onto a lower-dimensional space. The basis of this new space encodes the most salient 

information expressed in the source document. Extracting sentences with the highest 

R-F scores guarantees that both retention and fidelity criteria are met. 

Figures 4‑4, 4-5, and 5-5 illustrate a paraphrased output sample. The first one reports a 

BBC news article dealing with Michael Jackson ‘s death. The second one reports the 

generated pre-summary, and the final one reports the final abstractive cognitive 

generated summary. 

 

 

 

 



59 

 

 

Michael Flanagan of the DEA describes the operation Police have searched the Las Vegas home and offices 

of Michael Jackson 's doctor as part of a manslaughter investigation into the singer 's death. Dr Conrad 

Murray 's lawyer, Edward Chernoff, said officials were looking for the star 's medical records. The search 

is the second in a week following a similar operation at the doctor 's Houston clinic on 22 July. Dr Murray, 

who was with Jackson and tried to revive him before he died, has not been named as a suspect. In a 

statement, Dr Murray 's lawyer Edward Chernoff said the warrant `` authorised investigators to look for 

medical records relating to Michael Jackson and all of his reported aliases '‘. He added Dr Murray was 

present during the search of his home and assisted the officers, who seized mobile phones and a computer 

hard drive. Reports suggest the investigation around Jackson 's death is focusing on his use of powerful 

painkilling drugs. The Drug Enforcement Administration has been involved in the investigation because 

the agency licenses doctors to administer controlled pharmaceuticals. Searches at the clinic and another 

site rented by Dr Murray in Houston, Texas, were carried out last Wednesday after a warrant was issued 

by a judge in the city. Dr Murray has already been interviewed twice by police the warrant, filed in Harris 

County District Court, said authorities were looking for `` items constituting evidence of the offence of 

manslaughter that tend to show that Dr Conrad Murray committed the said criminal offence '‘. Such 

charges against a doctor for the death of a patient are extremely rare and require authorities to show 

there was a reckless action that created a risk of death. Items seized during the searches included 27 

tablets of the weight loss drug Phentermine, a tablet of the muscle relaxant Clonazepam, two hard drives, 

notices from the Internal Revenue Service and a registration for controlled substances. Police have said Dr 

Murray is co-operating in the investigation. Paramedics were called to Jackson 's Los Angeles mansion 

while Dr Murray was performing CPR on the singer on the day he died, according to a recording of a 911 

call. Speaking a few days after Jackson 's 25 June death, Mr Chernoff, denied his client administered 

painkilling drugs that could have contributed to the singer 's death. An official determination of what 

killed Jackson will not be made until the results of a toxicology report are disclosed. 

Figure 4-4: A BBC news article about Michael Jackson’s death (2009-07-29). 
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Michael Flanagan of the DEA describes the operation Police have searched the Las Vegas home and offices 

of Michael Jackson 's doctor as part of a manslaughter investigation into the singer 's death.  Dr Murray, 

who was with Jackson and tried to revive him before he died, has not been named as a suspect. Reports 

suggest the investigation around Jackson 's death is focusing on his use of powerful painkilling drugs. Dr 

Murray has already been interviewed twice by police the warrant, filed in Harris County District Court, 

said authorities were looking for `` items constituting evidence of the offence of manslaughter that tend 

to show that Dr Conrad Murray committed the said criminal offence '‘. An official determination of what 

killed Jackson will not be made until the results of a toxicology report are disclosed. 

Figure 4-5: The generated pre-summary from the BBC news article 

 

 

Michael Flanagan of the dea describes the police's raid on the las vegas home and offices of michael 

jackson's doctor as part of an investigation into his death. Dr Murray, who was with Jackson and tried to 

revive him before he died, has not been named as a suspect. reports suggest that the investigation is 

focused on jackson's use of powerful painkilling drugs for pain treatment. reports suggest that the 

investigation is focused on jackson's use of powerful painkilling drugs for pain treatment. Dr Murray has 

already been interviewed twice by police the warrant, filed in Harris County District Court, said authorities 

were looking for 'items constituting evidence of the offence of manslaughter that tend to show that Dr 

Conrad Murray committed the said criminal offence '. A formal determination of what killed jackson will 

not be made until a toxicology report is released 

Figure 4-6: The final generated cognitive abstractive summary 

The generated final summary can sometimes have minor issues. Some of the generated 

sentences are almost identical to the extracted ones, with only minor differences in a 

word or two. Additionally, incorrect, or awkward grammar can occur when dealing 
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with complex sentences. Furthermore, the T5 model might not be as good on out-of-

domain (from training data) inputs. The latter issue can be averted by using better 

training data. 

4.8 Conclusion and perspectives 

This chapter proposed a cognitive abstractive summarization approach. The proposed 

system bases on a cognitive psychology model of text comprehension. The first stage 

‘s results show that the proposed cognitive summarization model outperforms three 

states of the art summarization techniques. Currently, we are testing a bunch of deep 

learning architectures to deal with the paraphrasing task. More specifically, we are 

implementing a BART autoencoder.  The standard BART implementation performs 

training by 1) applying a mask on a random subset of the input sequence (corrupting), 

2) learning a model to reconstruct the original text.  We are testing a double stage 

paraphrasing technique which uses a sentence permutation corruption schema in the 

first stage (The input is split based on periods (.), and the sentences are shuffled), and 

text infilling corruption schema in the second one (Some text spans are each replaced 

with a single mask token).  
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 CHAPITRE V : UN MODÈLE D'INTELLIGENCE ARTIFICIELLE 

EFFICACE ET EXPLIQUABLE D'ÉVALUATION DE RÉSUMÉ GÉNÉRÉS 

AUTOMATIQUEMENT : UN CAS D'UTILISATION POUR COMBLER 

PSYCHOLOGIE COGNITIVE ET LINGUISTIQUE COMPUTATIONNELLE. 
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5.1 Détails de l’article 

AN EFFICIENT EXPLAINABLE ARTIFICIAL INTELLIGENCE MODEL 

OF AUTOMATICALLY GENERATED SUMMARIES EVALUATION: A USE 

CASE OF BRIDGING COGNITIVE PSYCHOLOGY AND 

COMPUTATIONAL LINGUISTICS 

Alaidine Ben Ayed, Ismaïl Biskri and Jean-Guy Meunier 

 

Article publié comme chapitre du livre « Explainable AI Within the Digital 

Transformation and Cyber Physical Systems », édition Springer (Octobre 2021, 

2021ISBN 978-3-030-76408-1). 

 

Nous avons proposé une méthode de résumé automatique par extraction et une 

approche de résumé automatique par abstraction dans les articles des troisième et 

quatrième chapitres respectivement. L’objectif de cet article est de présenter une 

méthode d’évaluation des résumés générés automatiquement par extraction. 

L’approche en question est la première ébauche de protocole cognitif d’évaluation de 

résumés automatiques de textes. L’objectif principal est d’avoir recours au modèle 

computationnel proposé dans le chapitre IV du modèle « construction-integration » de 

compréhension de textes, issu des travaux réalisés en psychologie cognitive, pour 

évaluer automatiquement la qualité d’un résumé généré par extraction. 
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5.2 Résumé 

Le résumé automatique de texte (RAT) (un sous-ensemble du traitement du langage 

naturel) est activement intégré dans de nombreuses applications industrielles, telles que 

les systèmes de questions/réponses, l’analyse des textes juridiques ou le résumé de 

génération de titres de l’actualité. L’explosion de la quantité de données textuelles 

provenant de diverses sources dans le contexte de l’ère du big data et de la révolution 

industrielle 4.0 exige que des techniques innovantes de résumé de texte automatique, 

autrefois considérées comme inaccessibles, soient mises en œuvre dans un monde de 

plus en plus numérique. Ce chapitre se concentre sur une sous-tâche de RAT, à savoir 

l’évaluation des résumés générés automatiquement (ERGA). Il propose une approche 

cognitive et explicable de l’ERGA. Le modèle proposé s’appuie sur la version 

computationnelle du modèle Kintsch pour la compréhension de textes. Il a été testé et 

comparé à la méthode ROUGE (Recall-Oriented Understudy for Gisting Evaluation) : 

une approche standard pour évaluer automatiquement les résumés générés. Les 

expériences menées montrent que les scores de notre approche sont fortement 

positivement corrélés à ceux de l’état de l’art ROUGE. La contribution saillante de 

cette recherche est qu'elle propose un modèle cognitif et explicable d’ERGA, et qu’elle 

pousse vers le traitement cognitif du langage naturel. Elle démontre également 

comment la psychologie cognitive peut servir de base pour proposer une approche 

d’intelligence artificielle explicable (XAI) en justifiant les scores d’un modèle 

d’ERGA. 

5.3 Abstract  

Automatic text summarization (ATS) (a subset of natural language processing) is 

actively being integrated across many industrial applications, such as question 

answering, legal texts or news summarization, and headline generation systems. The 



65 

explosion in the amount of text data from various sources in the context of the big data 

and 4.0 industrial revolution era demands innovative automatic text summarization 

techniques, formerly thought unattainable, to be accomplished in an ever more digital 

world. This chapter focuses on a sub-task of ATS, namely automatically generated 

summaries evaluation (AGSE). It proposes a cognitive and explainable approach of 

AGSE. The proposed model is the computational version of the Kintsch model of 

reading comprehension. It was tested and compared to Recall-Oriented Understudy for 

Gisting Evaluation (ROUGE): a standard approach to automatically evaluate generated 

summaries. Conducted experiments show that our approach’s scores are highly 

positively correlated to the state-of-the-art ROUGE ones. This research’s salient 

outcome is that it proposes a cognitive and explainable model of AGSE, and it pushes 

toward cognitive natural language processing. It also demonstrates how cognitive 

psychology can be used for an explainable artificial intelligence (XAI) approach to 

justify an AGSE model’s scores. 

5.4 Introduction 

5.4.1 Automatic Text Summarization 

Automatic summarization has been adopted for the daily running of affairs. Book 

abstracts on digital bookstores, show trailers, and headlines on TV broadcasts are 

samples of summaries we deal with regularly (Widyassari, 2019 and El-Kassas, 2021). 

automatic summarization has commonly been defined as the process of condensing a 

piece of media form to a shorter version while preserving key informational elements 

(Radev, 2002). The spectrum of its application ranges from texts to audio and video 

media forms. The particular case of automatic text summarization (ATS) refers to 

creating a concise, reliable, and fluent abstract from a more extended reference text 

(Gambhir, 2017). 
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Following technological improvements, an enormous volume of textual records is 

publically accessible (Liang, 2017, Lee, 2017, Roetzel, 2019 and Schmitt, 2017). This 

massive amount of the available data calls for automatic text summarization, enabling 

access to only relevant information. (Torres-Moreno, 2014) argues that automated 

summarization has concerns deserving addressing despite having been a target of 

academic research for more than five decades. Also, it states six main arguments why 

we need automated text summarization. First, abstracts lessen the time spent on reading 

a more extended text.  They make it possible to consume content efficiently. Second, 

they facilitate the selection process when searching for a document. Third, automatic 

summarization can likewise make the indexing process more effective when dealing 

with massive textual databases. Fourth, it provides us with less biased summaries than 

those made by humans. Fifth, automatically generated abstracts carry much 

personalized information, which can be a valuable supplement to question answering 

frameworks. Finally, automatic text summarization increases the number of texts that 

can be processed by commercial abstract services. 

Depending on the angle of perception, there are many taxonomies of automatic text 

summarization (Mani, 2001).  One critical criterion to consider when analyzing ATS 

approaches is the type of the generated output. The latter can be either an extract or an 

abstract of a source document. Extractive summarization implies that the original text's 

most significant segments are excerpted to make the abstract. On the flip side, 

abstractive summarization uses paraphrasing techniques to present the original format's 

significant issues logically. It produces the original summaries; that is why it is a more 

challenging task than extractive summarization. The number of documents to 

summarize is another criterion that categorizes the summarization process into mono-

document and multi-document ATS.  When taking language as an angle of view, we 

can distinguish three variants of ATS: 1) mono-lingual automatic text summarization,  

when the source input and the final output are in the same language; 2) multi-lingual 
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automatic summarization, when the original text is written in more than one language, 

thus, the final output would be in the corresponding languages; and 3) cross-lingual 

automatic text summarization, when the generated summary is not in the same 

language of the source text. The authors in (Saggion, 2013) have pointed out key 

challenges associated with automatically generated summaries evaluation. 

5.4.2 Evaluation protocols of automatically generated text summaries 

Significant advances in the AGSE research area have been made during the last two 

decades.  Various evaluation protocols have been proposed in this context. Furthermore, 

many evaluation campaigns have been led since early 1996. SUMMAC (the TIPSTER 

Text Summarization Evaluation) (Mani, 2002), DUC (Document Understanding 

Conference) (Over, 2007), and TAC (Text Analysis Conference) (TAC, 2008) are the 

most far-reaching ones. Notice that the evaluation process can be carried out in 

reference to a human-made summary. It can also be conducted without an ideal 

reference (Lin, 2003). 

Recall-Oriented Understudy for Gisting Evaluation (ROUGE) is the standard metric 

for automatically generated summaries evaluation purposes (Lin, 2004). It compares 

the generated output to a set of reference human-produced summaries. There are five 

main variants of the ROUGE metric:  

• ROUGE-N (Lin, 2004): captures the n-gram overlap between the input and 

output texts; for instance, ROUGE-1 refers to the overlap of unigrams between 

system and summary references. ROUGE-2 refers to the overlap of bigrams. 

• ROUGE-L (Lin, 2004): measures the longest matching sequence of words 

using LCS. LCS does not require consecutive matches since it uses in-sequence 

matches that reflect sentence-level word order. In this case, there is no need to 



68 

fix a predefined n-gram length since LCS automatically includes the longest in-

sequence common n-grams. 

• ROUGE-W (Lin, 2004): is a bunch of weighted LCS-based statistics that hold 

serial LCSes. 

• ROUGE-S (Lin, 2004): is a skip-gram co-occurrence metric. It captures any 

pair of words in a sentence in order, allowing for arbitrary gaps. For instance, 

skip-bigram measures word pairs' overlap with a maximum of two gaps 

between sentence tokens. 

• ROUGE-SU (Lin, 2004): is a set of skip-bigram plus unigram-based co-

occurrence statistics. 

Ramirez-Noriega et al. (Noriega, 2018) proposed a new variant of the ROUGE protocol 

that does not involve human-built model summaries (ASHuR). ASHuR checks whether 

the most informative sentences of the original text were extracted. Informative 

sentences are selected based on the frequency of concepts they encode, the presence of 

cue words, and sentence length. RETENTION is another metric of automatically 

generated summaries evaluation (Hovy, 2005). It has been used in DUC evaluations. It 

gives insights on to which extent the extracted summary conveys critical information 

present in the source text. RESPONSIVENESS has also been used in focus-based 

summarization tasks of DUC and TAC evaluation campaigns (Conroy, 2008). It uses 

a 5-point ranking scale, indicating how well the summary satisfied many predefined 

information criteria. The PYRAMID evaluation is another approach that was built upon 

the same intuition. It uses SCUs (Summarization Content Units) to compute a set of 

weighted scores (Nenkova, 2004). An automatically generated summary containing 

units with higher weights would have a high PYRAMID score. An SCU weight for a 

given text unit is relative to its frequency in the human-made summaries. FRESA is 

another approach that does not involve human-produced reference summaries (Torres-

Morenoa, 2010). It computes a set of divergences among probability distributions.  
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Another evaluation of text summaries without human references approach was recently 

proposed by Jonathan et al. (Rojas, 2021). It is based on the linear optimization of 

content metrics using a genetic algorithm. 

Lloret et al. (Rojas-Simón, 2018) give an overview of challenging issues related to 

summary evaluation research that remains an effortless task. Notice that all of the 

previously proposed AGSE models were designed according to a classical natural 

language processing view that involves computer science, mathematical, and linguistic 

backgrounds.  In this chapter, we present a new cognitive and explainable protocol of 

AGSE. The proposed approach relies on a reading comprehension model that emerged 

from cognitive psychology research. In the next section, we review the most critical 

cognitive psychology models of reading comprehension. 

5.4.3 Cognitive psychology models for text comprehension  

Several theories about reading comprehension have been proposed since early 1973 

(Van Dijk, 1983). The proposed models tend to analyze different cognitive processes 

involved in the reading comprehension activity, including recognizing letters and 

words and getting their meaning, syntactic parsing of sentences, making predictions 

and inferences, etc. Below, we make a short review of the most crucial cognitive 

psychology models of text comprehension. 

The Resonance model 

The reader's mental presentation is the center of focus of the resonance model. It may 

be accessible in part as the reading progresses. This intuition is exemplified by the fact 

that sand propositions may remain in the working memory since they are essential to 

the text, and those concepts considered secondary are forgotten. The latter ones may 

be reinstated through reactivation:  being instigated by a sentence that is being read. 
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Reinstatement is either top-down or bottom-up. The top-down interpretation precedes 

the argument that readers try to establish a relationship between incoming text 

statements and earlier ones. When a connection cannot be established between the 

working memory and mental representation of a text, it calls for earlier reinstatement 

of the reader's working memory to ensure a link. The bottom-up interpretation claims 

that there is nothing like active search processes. Hence, "elements from current 

sentences activate previous statements when reinstating them to the working memory." 

The latter assumption has been affirmed by an earlier study, which found out that a 

reader's mental presentation of a text is prone to resonate with the elements of a 

sentence being processed (Albrecht, 1995). The latter finding led to the establishment 

of the resonance model (Myers, 1998). 

The Landscape model 

The landscape model focuses on the construction of a relatively stable memory 

representation of a text, which is an essential facet of the comprehension process (Van 

Den Broek, 1996). The landscape model simulates how prominent text items are being 

activated, stored, and retention strengthened in memory.  

The Langston and Trabasso model 

It has been argued that statements having a robust causal relation to previous story 

events are usually read faster (Myers, 1987). They are further often recalled as well as 

rated as relevant to the text (Trabasso, 1985). It has further been argued that when a 

story is read, the reader can relate it to causal events. The resonance and landscape 

models have been found to incorporate causality in their explanations. However, they 

do not simulate it. The Langston and Trabasso model simulates all of the causality-

based effects (Trabasso, 1999, Langston, 1999). 
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   The Construction-Integration model 

The construction-integration model is one of the most influential reading 

comprehension theories (Kintsch, 1991). It simulates many cognitive processes ranging 

from recognizing words to constructing a representation of text elements. Kintsch 

assumes that readers build three different mental representations: (i) a literatim 

representation of the manuscript, (ii) a semantic one that illustrates the essence of the 

text, and (iii) a situational representation of the situation to which the manuscript holds. 

The construction-integration model treats the reading comprehension process as much 

more than just relationships between explicitly mentioned information printed in the 

text. It casts light on the inferencing sub-process, which either brings relevant 

background knowledge into someone's subconscious thoughts or generates new 

knowledge based on what was read.  

The Predication model 

The predication model was designed to address issues relating to subjectivity (Kintsch, 

2001).  It employs a distributed representation of words as well as propositions. The 

main idea is to represent discourse as a network made up of connected nodes. The 

nodes represent discourse items, and the connections give insights into relations 

between them. Generally, in a localist model, items and relations are presented 

separately, while in a distributed representation, there is no clear line between them. 

Therefore, items are represented as vectors, which determine the relations between 

them. The predication model relies on Latent Semantic Analysis (Landauer, 1998) to 

automatically acquire an objective vector representation of discourse units. 
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The Gestalt model 

Gestalt's model offers an alternative view of Kintsch's external world knowledge that 

the world of knowledge is formed by accumulating experiences of event sequences in 

a microworld. The model has proposed that world knowledge is an amalgamation of 

experiences in a microworld. The model has been criticized for harboring two issues. 

One, there is no representation of the order of story events. Two, the processing of a 

story propositional way requires an equal number of computations, which paves the 

way for the lack of processing time (St. John 1992a, 1992b). 

The Golden and Rumelhart model 

Inferencing is one of the most critical sub-processes involved in reading 

comprehension. Usually, it involves the reader's general knowledge to activate (retrieve) 

not explicitly mentioned information in a text. The abovementioned models differ in 

their view toward inferencing. In the construction-integration model, text propositions 

typically retrieve a set of associated propositions from the reader's world knowledge 

net. Then at the integration phase, the propositions that are considered most appropriate 

to the text are selected. Here inference is taken as a result of a search process through 

the reader's world knowledge. However, it has been identified that one setback for the 

construction-integration model is the subjectivity involved in defining the world 

knowledge net that is included in the model. To overcome this problem as well as issues 

related to the order of story events and the Gestalt model's processing time, Golden and 

Rumelhart view the inference as a form of pattern completion. Even though it seals the 

loopholes created by Gestalt's model, it has been criticized for involving a switchback 

from the distributed representation to the localist one (Golden 1993, 1994). 
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The Distributed Situation Space model 

Kintsch and Welsch (Kintsch, 1991), Kintsch and Dijk (Kintsch 1978), and Kintsch 

(Kintsch, 1988) argued that there are three levels of text: a surface text level, the 

textbase level, and the situational level. Considering texts at situational levels has been 

criticized as it focuses on knowledge instead of text. Comprehension of texts calls for 

concepts or propositions that originate from the reader’s knowledge and not from the 

text that is being processed.  

Gestalts and Distributed Situation Space Models have similarities in that the amount of 

knowledge to be implemented is made manageable by letting stories take place in a 

microworld and that situations are represented distributively. Also, the Distributed 

Situation Space and the Golden and Rumelhart Models share most architectural 

assumptions and their mathematical basis from which it follows how world knowledge 

concerning relations between storytime steps is implemented and how the knowledge 

is applied to the story representation to result in inferences. It is also important to note 

that both models take the issue of situation space very seriously, and it is from the 

distributed nature of the space that the Distributed Situation Space model gets its name 

(Frank, 41). 

The Structure Building model 

The structure building model focuses on casting light on the involved processes in the 

comprehension of various media such as texts and pictures (Gernsbacher, 1995). It 

divides the comprehension process into three broad sub-processes: a) setting a 

foundation (base) for the text's mental representations, b) mapping information onto 

that base, and c) shifting the new structures when dealing with new ideas or when new 

information is not incongruity with the existing one.  
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5.4.4 Originality of Our Work 

The salient outcome of this research is that: 

• It proposes a cognitive protocol of AGSE since it is built upon a cognitive 

psychology model of reading comprehension. 

• The proposed AGSE protocol gives insights on to which extent criteria of a 

good summary are met instead of merely focusing on the N-gram overlaps 

between the original text and the generated output. 

Most of the summary evaluation protocols described in Sect. 5.4.2 were designed 

according to a pure classical natural language processing view that involves computer 

science, mathematical, and linguistic backgrounds. This chapter presents a new 

cognitive and explainable AGSE model. The proposed approach relies on a reading 

comprehension theory that emerged from cognitive psychology research. Furthermore, 

classic AGSE protocols only focus on N-gram overlaps between the original text and 

the generated summary. They do not give any insight on to what extent the criteria of 

a fair resume are met, namely: 

• Retention (coverage): The generated output should cover all the concepts 

reported in the source document.  

• Fidelity: The summary should accurately reflect the author's point of view by 

focusing on salient concepts conveyed in the original text. 

• Coherence: The generated summary should be semantically meaningful. 

Since previously proposed AGSE protocols merely focus on the N-gram overlaps 

between the original text and the generated summary, they only reflect on the retention 

ratio. They cannot check whether the fidelity criterion is met or not; If a newspaper 

article reports events related to five concepts and a given automatically generated 
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summary focuses on the three marginal ones. It gets a higher relevancy score than 

another overview focusing on the two most crucial concepts present in the source text 

despite it is merely focusing on nonessential events. 

This chapter presents a cognitive evaluation protocol of automatically generated text 

summaries. The proposed approach casts light on to which extent both retention and 

fidelity are met. The technical and mathematical details of the proposed AGSE protocol 

are detailed in the next section. The conducted experiments and obtained results are 

reported in the sixth section. Conclusion and future work are exposed in the seventh 

section. 

5.5 CATSE: A cognitive automatic text summarization evaluation protocol 

5.5.1 The main idea 

The construction-integration (C-I) model of text comprehension comprises two ordered 

steps: knowledge construction and knowledge integration. During the construction 

phase, the C-I model generates a propositional network made up of nodes and 

connections that encode a crude mental representation of the discourse. The 

connections are meant to reflect any relationship between the discourse elements 

(Figure 5-1). Next, we will consider text sentences as elementary discourse elements. 
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Figure 5-1: An example of expressing the crude mental representation of the discourse as a 

propositional network. 

 

The mental representation is not refined at this stage. An elaborated propositional 

network is needed to interpret salient knowledge and infer hidden concepts. In the 

above example, the elaborated propositional network should reflect, in a condensed 

way, that the civil war is the dominant concept. It should also reveal the hidden 

semantic link between sentences (a) and (d). In other words, it should help to infer that 

"many people are dead in Libya because of civil war." In this way, the mind is 

stimulated as a network, and the comprehension process refers to activating salient 

knowledge. This activation begins in the construction phase.  The integration process 

refers to the spread of this activation of salient concepts and marginal ones' deactivation 

across the network (Figure 5-2).   

 

Figure 5-2: The whole text comprehension process according to the construction-integration model 

The propositional network's set of propositions and their associated connections 

(semantic links) form what we call the microstructure (Figure 5-3). According to [39], 
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the CRUD semantic representation of the text being read (the microstructure made up 

of micro-propositions) is too complex to be manipulated and memorized. Thus, the 

human brain tends to use a set of strategies (macro-rules) that aim to build a more 

abstracted semantic structure (the elaborated propositional network) containing the 

text's gist and known as the macrostructure (Figure 5-3). The macrostructure, made up 

of macro-propositions, is better suited for memorization or for manipulations that 

operate on it due to cognitive constraints like the memory size and the complexity of 

representations. 

 

Figure 5-3: Application of the Macro-rules to generate the macrostructure from the microstructure. 

 

From a computational perspective, the proposed CATSE protocol generates a feature 

vector for each input text sentence. Feature vectors encode the different concepts stated 

by their associated sentences. This representation is better than the propositions-based 

encoding proposed by the original construction-integration model as it provides 

semantic relations between text units. Also, it makes it possible to represent a text unit 

as a linear combination of concepts. The microstructure is made up of a set of feature 

vectors encoding text units. Latent Semantic Analysis is used to construct the 

macrostructure, the compressed form of the microstructure containing salient concepts 
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stored in the semantic memory. Building the macrostructure is a mathematical 

transformation that consists of mapping feature vectors of the microstructure onto a 

lower-dimensional space whose unitary vectors encode critical concepts stated in the 

text. The macrostructure will be stored in the episodic memory. 

The integration phase consists of activating text units that encode the salient concepts 

of the macrostructure. The reader's intention guides this activation process; the CATSE 

protocol mainly focuses on the retention and fidelity criteria. Coherence is out of the 

scope of this research.  A score assessing the quality of the generated abstract will be 

produced by the end of the integration phase. It is equal to the average of the activation 

weights relating to the original text's sentences reported in the generated summary. 

Note that the construction-integration model of text comprehension (Kintsch, 88, 99) 

relies on three different memory structures: 

• The semantic memory is simulated by LSA (Latent Semantic Analysis); the 

semantic similarity between text units is meant to model human associations in 

semantic memory. 

• The working memory audits the mapping between salient concepts and their 

associated text units. 

• The episodic memory keeps track of all concepts or propositions that occur in 

working memory and their activation values. 

5.5.2 Levels of representation 

When we read a text, our mind processes it at three levels:  

• The surface structure level 

• The intermediate level: the textbase 

• The cognitive level: the situation model 
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Below we describe each level of representation, and we explain how we encode it in 

our summary evaluation protocol. 

The surface level 

The surface structure level is simply the text's words and how they relate to each other 

at a syntactic level. When we read a sentence, our mind initially understands it at a 

grammatical level. It checks whether words are in the correct order according to the 

grammatical rules of a given language. Also, it assesses the level of cohesion in the 

structure. At this superficial level of representation, our brain tries to understand the 

information conveyed by sequences of words. If it encounters a text in a language it 

does not know, it will reject it at the surface structure level. In other words, if we are 

not familiar with the sequence of terms printed in the text and their syntactic structure, 

our brain will not waste its cognitive processing time on them. The surface structure 

level can be considered the first "test" a printed text must go through to be deemed 

worthwhile for processing. Our CATSE protocol assumes that the summary to evaluate 

already passed this test since we deal with a by-extraction summary. Furthermore, the 

goal is to assess the quality of the generated summary, not the original text's quality. 

The intermediate level: the Textbase 

The textbase is the second level of information processing in which a proposition codes 

a basic unit of text. Each proposition refers to a given idea (or concept). Below we 

present an example of this from (Van Dijk, 1983).  
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Figure 5-4:Text unit codification in the construction-integration model (Van Dijk, 1983) 

 

The example (Figure 5-4) illustrates a sentence (1) and its atomic propositions (2). A 

complete proposition can replace any variable Xi. Therefore, (ii) could also be written 

HAVE WON (FASCISTS, ELECTIONS). The theoretical construction-integration 

model assumes that the whole text is transformed into atomic propositions before the 

next stage. The CRUD natural language is not suitable for computational processing 

since it serves many purposes other than the expression of meaning. Kintsch argues 

that: "propositions are designed to capture those semantic relations that are most salient 

in text comprehension" (Kintsch, 1988). One drawback of the construction-integration 

model is that it does not technically describe how those propositions would be 

generated from the CRUD text (Kintsch, 1988). Furthermore, when we deal with a long 

text, we generate many complex propositions, which would explode the processing 

time and affect the quality of the final output (Grabowski, 1992). 

The central intuition is to break down the text into propositions to get into the essential 

meaning encoded by each unit (sentence) of the text. Thus, our CATSE protocol 

encodes each sentence by a feature vector whose coordinates are the tf-idf of relevant 

tokens (words) printed in the text. In this way, each text unit is encoded as a weighted 

linear combination of cue words (meaning concepts). As a result, instead of breaking 

down our sentence into 𝑛 propositions, we encode it by a unique weighted feature 
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vector.  Semantic relations between text units can be assessed by computing cosine 

distance between feature vectors.    

The cognitive level: the situation model 

The situation model (SM) integrates basic meanings derived from the textbase into our 

knowledge. Kintsch claims that the SM is continually changing as we read. At any 

given time, it generally depends on someone's background knowledge and/or the 

reader's intentions when summarizing a text ranging from achieving given compression 

ratios to maximizing retention, fidelity, and coherence of the generated summary. In 

the coming sections, we will suppose that we are working in a closed reasoning word 

since the goal is to automatically assess the quality of the generated summaries, which 

are, by construction, supposed only to contain extracted sentences from the text to 

summarize. They are not supposed to integrate the reader's background knowledge 

since we are dealing with a "by extraction" summary evaluation protocol.  We literally 

are in an encapsulated knowledge and rote memorization mode; thus, we only limit our 

focus on the automatic summarizer's intention to generate a fair summary.  Modeling 

the comprehension processes that forge the situation model should be done at the 

semantic level, especially cognitive modeling. Thus, our CATSE protocol relies on 

LSA, a powerful model for representing the meaning of words and sentences. 

5.5.3 The CATSE protocol of automatically generated summary evaluation 

First, the text to summarize is segmented into units (sentences). Then, a lexicon is built 

and filtered to discard all universal expressions and terms. Next, the text is coded as an 

𝑠 × 𝑡; 𝑠 refers to the number of sentences, while 𝑡 refers to the number of significant 

unique tokens. We initially map the propositional network (the microstructure) onto a 

random space during the construction phase. Then, we build the elaborated 
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propositional network (the macrostructure). The latter will be used later to compute a 

score assessing the generated abstract's quality during the integration phase. 

The construction phase 

Each sentence 𝑆𝑖  is coded by a sentence feature vector 𝜁𝑖 of 𝑡  components. 𝜁𝑖 

components refer to the tf-idfs associated to tokens present in a given sentence 𝑆𝑖. The 

set of 𝜁𝑖 vectors encodes the micro-propositions and the feature text matrix, obtained 

by stacking sentence feature vectors 𝜁𝑖  as its lines, encodes the microstructure.  

Afterward, redundant information is coded as 𝜔; the mean sum of sentence feature 

vectors is 𝜁𝑖  (equation 1). We normalize each sentence feature vector to excrete 

redundant information since the brain tends not to waste its cognitive processing time 

(Eq. 2). 

 
𝜔 = 

1

𝑠
 ∑𝜁𝑖

𝑠

𝑖=1

 (1) 

 𝜚𝑖 = 𝜁𝑖 −  𝜔 (2) 

The macrostructure (the new space in which we map the elaborated propositional 

network) is built by first computing the covariance matrix described in Eq. 3. A singular 

value decomposition will then be performed as described by Eq. 4 to construct the 

macro-propositions (eigenvectors of ℵ associated with the highest eigenvalues). 

 
ℵ = 

1

𝑠
 ∑ 𝜚𝑛𝜚𝑛

𝑇

𝑛

𝑛=1

= 𝜘𝜘𝑇  (3) 

 𝜘 =  𝛿𝑆𝛾𝑇 (4) 
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𝜘 = [𝜚1, … , 𝜚2] in Eq. 3. Also, ℵ  and 𝜘 are respectively 𝑡 × 𝑡 and 𝑡 × 𝑠 matrix. Also, 

dimensions of matrix 𝛿, 𝑆 and 𝛾 in Eq. 4 are, respectively, 𝑡 × 𝑡 , 𝑡 × 𝑠 and 𝑠 × 𝑠. Note 

that, 𝛿  and 𝛾  are orthogonal ( 𝛿𝛿𝑇 = 𝛿𝑇𝛿 =  𝐼𝑑𝑡   and 𝛾𝛾𝑇 =  𝛾𝑇𝛾 = 𝐼𝑑𝑠 ). 

Additionally: 

• Eigenvectors of 𝜘𝑇𝜘  are columns of  𝛾. 

• Eigenvectors 𝜘𝜘𝑇 are columns of 𝛿. 

• Eigenvalues 𝜎𝑘 of 𝜘𝜘𝑇 and 𝜘𝑇𝜘 are squares of singular values 𝑠𝑘 of 𝑆. 

Eigenvalues 𝜎𝑘  of 𝜘𝜘𝑇  are null when 𝑘 > 𝑠  and their associated eigenvectors are 

unnecessary since 𝑠 < 𝑡. So, matrix 𝛿 and 𝑆 can be truncated, and,  dimensions of 𝛿 , 

𝑆  and 𝛾  in  Eq. 4 become, respectively, 𝑡 × 𝑠 , 𝑠 × 𝑠,  and 𝑠 × 𝑆 . Next, the 

macrostructure Π𝑘  will be built using 𝐾  eigenvectors 𝛿𝑖  (macro-propositions), 

belonging to the highest 𝐾 eigenvalues as shown in Eq. 5: 

 Π𝑘 = [𝛿1, 𝛿2, … , 𝛿𝑘] (5) 

The construction-integration theory claims that the construction stage refers to (1) 

building the microstructure (the CRUD semantic representation of the text being read), 

and (2) transforming it into a macrostructure coding the text’s gist. The microstructure 

and the macrostructure form the textbase, the second level of knowledge processing by 

our minds. The shifting from the microstructure to the macrostructure is performed by 

applying a mathematical transformation that maps the original space in which we 

projected the initial propositional network onto a compressed, more relevant space (the 

macrostructure) whose unitary vectors are the macro-propositions (constructed vectors 

that better encode salient concepts yarned by sentences of the text to summarize). The 

mathematical transformation simulates the macro-rule that aims to build a more 

abstract semantic structure. 
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The integration phase 

The integration phase consists of activating text units (sentences) that encode the 

macrostructure's salient concepts. The reader's intention guides this activation process; 

the CATSE protocol mainly focuses on the retention and fidelity criteria.  Our CATSE 

protocol's primary concern is to assess the quality of the generated abstract. In other 

words,  it will compute a score that approximates to which extent sentences of the 

original text are covering all the concepts conveyed in the source text while focusing 

on the most salient ones. Thus, sentence feature vectors are projected onto the 

constructed macrostructure and encoded as a linear combination of 𝐾  macro-

propositions as described by Eq. 6: the vector ℵ𝜚𝑖(𝑘)𝛿𝑘   provides coordinates of a 

sentence 𝑆𝑖 in the conceptual space. 

 𝜚𝑖
𝑝𝑟𝑜𝑗

= ∑ℵ𝜚𝑖(𝑘)𝛿𝑘
𝑘

 (6) 

Next, the Euclidean distance between a given macro-proposition 𝑚 and any projected 

sentence onto the macrostructure is defined and computed as described by Eq. 7: 

 𝑑𝑖(𝜚𝑚) =  ‖𝜚𝑚 − 𝜚𝑖
𝑝𝑟𝑜𝑗

‖ (7) 

 

Next, we construct the Retention-Fidelity tensor (Figure 5-5) as follows: First, we fix 

a 𝑊 window size. 𝑊 is proportional to the compression ratio. In the below example, 

𝑊 is set to 4. 
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Figure 5-5:The retention-fidelity tensor 

The tensor's first line gives the four text units having the smallest distances to the vector, 

encoding the first macro-proposition (the most salient concept). The second line shows 

the same information relative to the second most important concept (macro-

proposition). Note here that the order of a given text unit in a given window 𝑊 depends 

on its cosine distance to a given macro-proposition. For instance, the first sentence is 

the best one to encode the first most salient concept, while the eight sentence is the last 

one to encode it in a window of four text units. Also, the first macro-proposition is 

encoded by the eigenvector related to the highest eigenvalue. Thus, it encodes the most 

salient concept. The second macro-proposition encodes the second most salient concept, 

and so on. The retention-fidelity tensor simulates the working memory. It will be used 

later to infer a unified fuzzy retention-fidelity score for each sentence of the source text: 

First, a retention score is computed to each text unit projected onto the macrostructure. 

It is defined as the number of times it occurs in the retention-fidelity tensor divided by 

the number of macro-propositions to be bounded between 0 and 1. The central intuition 

behind it is that a given sentence having a high retention sore should encode as much 

as possible of the 𝐾 macro-propositions of the macrostructure.  
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𝑅𝑘𝑤(𝑠) =  
1

𝑘
 ∑𝛼𝑖

𝑘

𝑖=1

 (8) 

𝛼𝑖 = 1 if 𝑠 occurs in the  𝑖𝑡ℎ window. If not, it is equal to zero.  

Next, we compute a fidelity score, defined as shown in the ninth equation, as the 

averaged sum of summary sentences' retention coefficients.  The fidelity score's central 

intuition is that text units whose fidelity score is high should encode the most salient 

concepts stated in the source text. So, they should have minimum distances from the 

macro-propositions in Eq. 7.  In other words, the fidelity score gives insights on to 

which extent a given sentence encodes concepts present in the original text (the macro-

propositions) while taking into consideration the salience degree of each one of them.  

Mathematically, the fidelity score is defined as follows: 

 

𝐹 𝑘𝑤(𝑠) =
1

𝑘
 ∑𝛼𝑖 [1 +

1 − ψ𝑖
𝑤

]

𝑘

𝑖=1

 (9) 

α𝑖 = 1 if 𝑠 occurs in the 𝑖𝑡ℎ window of the retention-fidelity tensor. If not, it is equal 

to zero. ψ𝑖 is the rank of 𝑠 in the  𝑖𝑡ℎ window.  

Next, we use fuzzy logic to compute a unified retention-fidelity score (R-F) for each 

sentence of the source text. Text units having the highest (R-F) scores will be activated 

by the end of the integration phase. They will remain in the episodic memory, and they 

will present candidate sentences of an ideal summary. We opt for the fuzzy logic to 

compute the unified retention-fidelity score because the brain is a "fuzzy machine." 

Linguistic variables are input and output variables in simple words (Figure 5-6). 
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Figure 5-6: Defining linguistic variables and membership functions. 

"Low," "medium," and "high" are the linguistic terms used to model the retention and 

fidelity scores.  Afterward, we build a set of rules into the knowledge base in the form 

of IF-THEN-ELSE structures: 

• Rule 1: If the retention score is high or the fidelity score is high, then, the R-F 

score is high.  

• Rule 2:  If the fidelity score is medium, then, the R-F score is medium. 

• Rule 3:  If the retention score is low and the fidelity score is also low, then, the 

R-F score is low. 

Next, fuzzy set operations evaluate the previously defined rules to infer the fuzzy 

values of R-F sores. Here, the used operations for "OR" and "AND" are "Max" and 

"Min," respectively. Afterward, we combine all evaluation results to form final fuzzy 

R-F scores (Figure 5-7). 
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Figure 5-7: Fuzzy R-F score 

 

Figure 5-8: Defuzzification and activation of 

text units (sentences) having the highest R-F 

scores. 

Defuzzification is performed according to the membership function for output 

variables, as shown in Figure 5-7. A unified retention-fidelity (R-F) score is computed 

for every sentence of the source text.  Text units having the highest R-F scores will be 

activated (integrated into the situation model) and stored in the episodic memory. 

Sentences with low R-F scores will be deactivated and forgotten (Figure 5-8). The 

CATSE score is equal to the averaged sum of retention-fidelity (RF) scores of 

sentences chosen to be included in the actual summary. 

5.6 Experiments and results 

5.6.1 Datasets 

In this chapter, we mainly used three datasets: 

• The Timeline17 dataset (Giang, 2013): It consists of 17 manually created 

timelines and their associated news articles. They mainly belong to 9 broad 

topics: Original texts belong to news agencies, such as BBC, Guardian, CNN, 

Fox news, and NBC News. Major topics are: BP Oil Spill, Michael Jackson 

Death (M-J), Haiti Earthquake (H-E), H1N1 (Influenza), Financial Crisis (F-C), 



89 

Syrian Crisis (S-C), Libyan War (L-W), Iraq War (I-W), and Egyptian Protest 

(E-P). 

• Crisis dataset (EL-Haj, 2017): It consists of 20463 news articles dealing with 

the crisis in Egypt, Libya, Yemen, and Syria. Famous news agencies produced 

the original texts. 

• EASC dataset (EL-Haj, 2017): Contains 153 Arabic articles and 765 human-

generated extractive summaries of those articles. 

5.6.2 Experimental results 

To evaluate the proposed protocol of CATSE, we computed the Spearman correlation 

between ROUGE and CATSE scores using the three abovementioned datasets.  Note 

that the Spearman correlation of two variables equals the Pearson correlation between 

their associated rank values:  In contrast to the Pearson's correlation that assesses linear 

relationships, Spearman's correlation assesses monotonic relationships (whether linear 

or not). A perfect Spearman correlation of +1 or -1 occurs when each variable is a 

perfect monotone function of the other. Those correlations were computed using 

reference texts and automatically generated ones using three summarizers: 

• The Luhn summarizer (Luhn, 1958):  Luhn's summarizer is a naive approach 

based on tf-idf. It extracts "salient" sentences of the source text. A given 

sentence's saliency depends on a bunch of meta-heuristics, including cue terms, 

sentence position in the text, and many other indicators. 

• The TextRank summarizer (Mihalcea, 2004): TextRank builds an undirected 

graph using text units as vertices. The degree of semantic or lexical similarity 

between text units is attributed as a weight to vertices edges.  The constructed 

graph is used to build a stochastic matrix. Next, the ranking over vertices is 

obtained by finding the eigenvector corresponding to the eigenvalue that gives 

a stationary distribution of the random walk on the graph. 
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• The LexRank summarizer (Erkan, 2004): It is also a graph-based summarizer. 

Measured semantic similarities or content overlaps between sentences are 

defined as weights to graph edges. LexRank uses the cosine similarity of tf-idf 

vectors in contrast to the TextRank approach that uses a very comparable 

weight based on the number of shared words between two sentences (generally 

normalized by the sentences' lengths).  

Table 5-1: Spearman correlation between CATSE and ROUGE scores in the TIMELINE17 dataset 

Sub-dataset Support Luhn TextRank Lexrank 

BP-Oil 
1415 0.74 0.66 057 

E-P 563 0.81 0.62 0.64 
H1N1 215 0.31 0.59 0.61 
H-E 125 0.52 0.73 0.88 
I-W 125 0.76 0.82 0.81 
L-W 325 -0.16 0.23 0.19 
S-C 214 0.82 0.86 0.91 
M-J 124 0.79 0.83 0.86 

 

Table 5-2: Spearman correlation between CATSE and ROUGE scores in the CRISIS dataset 

Sub-dataset Support Luhn TextRank LexRank 

Egypt 5110 0.72 0.66 0.64 

Libya 5665 0.83 0.79 0.83 

Syria 5355 0.51 0.81 0.82 

Yemen 4333 0.74 0.69 0.39 

 

The obtained results are reported in Tables 5-1, 5-3 and 5-3. Notice that if the Spearman 

correlation score is positive, it means that the two studied variables are positively 

correlated: if the first variable increases, the second increases. If the first variable 

decreases, it will be the same scenario for the second one. In contrast, if the Spearman 
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correlation score is negative, it means that the two variables are negatively correlated. 

Also, if the Spearman correlation score is superior to 0.5, it means that the two variables 

are highly positively correlated. The obtained results from the 24 experiments led on 

the eight subsets of the Timeline17 dataset show that the ROUGE and CATSE scores 

are highly positively correlated in 20 scenarios. They are moderately positively 

correlated in three scenarios and negatively correlated in only in one scenario. 

Table 5-3: Spearman correlation between CATSE and ROUGE scores in the EASC dataset 

Sub-set Luhn TextRANK LexRank 

Art and music 0.11 0.42 0.16 

Education 0.31 0.56 0.33 

Environnement 0.33 0.51 0.52 

Finance 0.29 0.61 0.74 

Health -0.21 0.02 0.013 

Politics 0.16 0.29 0.24 

Science and tehnology 0.52 0.49 0.32 

Tourism 0.39 0.58 -0.25 

Politics 0.53 0.50 -0.11 

Sports 0.34 -0.21 0.41 

 

 The obtained Spearman correlation results using all subsets of the second dataset show 

that the ROUGE and CATSE scores are highly positively correlated. Better results are 

obtained when using long texts with many concepts.  Our approach assumes that the 

source text to summarize reports at least two concepts. Thus, it is more suitable for 

long texts. Experiments conducted on the third dataset show that our method needs 

more parameter tuning to obtain a realistic assessment of the quality of generated 

summaries in Semitic languages.  
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5.7 Conclusion 

This chapter focused on a sub-task of ATS, namely automatically generated summaries 

evaluation (AGSE). We proposed a cognitive and explainable approach of AGSE. The 

proposed model relies on the Kintsch theory of reading comprehension. Our evaluation 

protocol is tested and compared to Recall-Oriented Understudy for Gisting Evaluation 

(ROUGE): a standard approach used to evaluate automatically generated summaries. 

Conducted experiments on the Timeline17, Crisis, and EASC datasets show that our 

approach's scores are generally highly positively correlated to the state-of-the-art 

ROUGE ones. Best results are obtained when using long texts. A refined parameter 

tuning is needed when assessing the quality of generated summaries in Semitic 

languages. This research's salient outcome is that it proposes a cognitive and 

explainable model of AGSE, and it pushes toward cognitive natural language 

processing. It also demonstrates how cognitive psychology can be used for an 

explainable artificial intelligence (XAI) approach to justify an AGSE model's scores. 

The current version of the proposed evaluation protocol only works with extractive 

summarization tasks. Now, we are implementing the abstractive oriented version of it. 

The main idea is the following: after identifying important sentences in the text, the 

next variant of our CATSE approach will tend to detect the reader's strategy to build 

the summary, which is viewed as applying adequate macro-rules. Macro-rules are the 

core of the cognitive processes involved in the summarization activity (Kintsch, 1978). 

Note that the construction-integration model states three types of macro-rules: 

• Deletion: Each text unit containing minor redundant or unrelated details may 

not be considered part of the summary. 

• Generalization:  A generic segment may substitute a bunch of text units. 
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• Construction: Salient text units from retention and fidelity perspectives are 

stored in the episodic memory and activated later on to be part of an ideal 

summary.  

The CATSE protocol should infer that a particular sentence in the text has been deleted 

given a text and its summary. In the same way, it should infer whether a sentence is a 

generalization, and so on. The selection (construction) macro-rule is already simulated 

using LSA: Each sentence of the summary is semantically compared with each source 

text sentence. A sentence of the source text will be considered deleted for the deletion 

macro-rule if no generated output sentence is sufficiently close to it. Similarly, a 

generalized sentence is a summary sentence close enough to more than one source text 

sentence. 
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 CHAPITRE VI : CONCLUSION GÉNÉRALE 
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Tout au long de cette thèse, nous avons réalisé un tour d’horizon de techniques de 

génération et d’évaluation de résumés automatiques. Nous avons constaté que les 

approches proposées sont souvent purement mathématiques, linguistiques ou 

combinaisons des deux. Nous avons postulé au départ que le résumé par extraction ou 

abstraction ou l’évaluation d’un résumé automatique est une opération cognitive liée à 

des processus de compréhension de textes ou de discours et qu’on peut simuler 

algorithmiquement l’opération cognitive de compréhension de texte afin d’élaborer des 

modèles de résumés par extraction et abstraction ainsi que des protocoles d’évaluation 

de résumés automatiques de textes pertinents. L’étude des différents aspects lors de la 

production (humaine) d’un résumé et l’analyse des modèles proposés dans le cadre des 

travaux effectués en psychologie cognitive qui tentaient de décortiquer le processus de 

compréhension des textes nous ont permis de proposer de nouvelles approches 

cognitives de résumé automatique et d’évaluation de résumé automatique de textes. 

6.1 Résultats 

Dans le troisième chapitre, nous avons mis de l’avant un nouveau protocole de résumé 

automatique mono-document. L’approche présentée calcule un score de rétention 

effective pour chaque phrase. Nous avons défini la rétention effective comme 

consistant à « couvrir le maximum de thèmes tout en se focalisant les plus saillants ». 

La tâche de résumé automatique est traitée comme un problème d’optimisation du type 

« 0-1 Knapsack balancing ». Ainsi, le résumé est généré par la maximisation de la 

rétention tout en assurant la couverture de tous les thèmes saillants. L’approche 

proposée a été testée sur la langue arabe. Elle est applicable à n’importe quelle langue 

sémitique. Elle peut également être appliquée sur de longs textes ou à des collections 

de textes. Les résultats expérimentaux montrent que l’approche proposée surpasse trois 

protocoles de résumé arabe de pointe. 
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Dans le quatrième chapitre, nous avons mis de l’avant un modèle cognitif de résumé 

automatique par abstraction performant. L’approche présentée repose sur une variante 

de la technique proposée dans le chapitre III pour identifier les phrases porteuses des 

informations les plus saillantes. Ensuite, une architecture d’apprentissage profond du 

type sequence2sequence est utilisée pour générer les paraphrases qui constituent le 

résumé automatique par abstraction. Dans ce chapitre, nous avons mis l’accent sur la 

dimension cognitive de notre recherche. Nous avons expliqué les détails de 

l’implantation computationnelle du modèle de compréhension du texte, issu des 

travaux réalisés dans le cadre de la psychologie cognitive, sur lequel repose notre 

approche de résumé automatique de texte par abstraction. Nous avons détaillé en 

particulier la simulation du système de mémoire assez complexe ainsi que la 

mathématique et la simulation computationnelle des processus cognitifs qui 

interviennent pour la compréhension du texte. Notre méthode a été testée sur des 

articles de journaux comparativement à des systèmes de résumé automatique de 

référence. Les résultats reportés montrent que la nôtre atteint les meilleures 

performances. 

Dans le cinquième chapitre, nous avons présenté une approche cognitive d’évaluation 

des résumés générés automatiquement par extraction. L’approche proposée est la 

première ébauche de protocole cognitif d’évaluation de résumés automatiques de textes. 

L’objectif principal était d’avoir recours au modèle computationnel proposé dans le 

chapitre IV du modèle « construction-integration » de compréhension de textes, issu 

des travaux réalisés en psychologie cognitive, pour évaluer automatiquement la qualité 

d’un résumé généré par extraction. Le modèle proposé a été testé et comparé à la 

méthode ROUGE (Recall-Oriented Understudy for Gisting Evaluation) : une approche 

standard pour évaluer automatiquement les résumés générés. Les expériences menées 

montrent que les scores de notre approche sont fortement positivement corrélés à ceux 

de ROUGE.  
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Dans l’annexe, nous avons exposé un cas d’utilisation des résumés automatique de 

texte comme outil d’analyse de documents retournés par un moteur de recherche. 

L’apport principal de ce travail, outre le fait de proposer un système original de 

recherche de document et une évaluation comparative de techniques originales 

d’expansion de requêtes, est qu’il a permis de tester notre approche de résumé 

automatique de texte dans un contexte multi-documents. 

En guise de conclusion, la contribution saillante de cette recherche est qu'elle présente 

des modèles cognitifs de résumé automatique de texte ou d’évaluation de résumé 

automatique et qu’elle pousse vers le traitement cognitif du langage naturel. Elle 

démontre également comment la psychologie cognitive peut servir d’outil pour 

proposer des approches innovantes de TALN. 

6.2 Perspectives 

Plusieurs perspectives de recherche découlent de l’analyse d’approches de résumé 

automatique et d’évaluation de résumé automatique de texte proposées dans le cadre 

de cette thèse. Premièrement, l’article présenté dans le chapitre III se concentre 

uniquement sur le critère de rétention. Des mécanismes d’analyse rhétorique pourraient 

être ajoutées, comme on a fait dans (Ben Ayed, 2019) pour assurer la cohérence du 

texte. Dans un tel cas, le processus de résumé sera considéré comme un problème 

d’optimisation multi-objectifs tendant à maximiser à la fois la rétention et la cohérence 

tout en atteignant un taux de compression donné. Dans ce cas, la génération de résumé 

automatique peut être formulée comme un problème d’optimisation du type 

« Knapsack Balancing » bidimensionnel avec une contrainte d’équilibrage. En outre, 

le test de plusieurs architectures encodeurs-décodeurs ainsi que l’emploi de plus grands 

jeux de données mèneraient à une meilleure validation d’approche de résumé 

automatique par abstraction proposée dans le chapitre IV. 
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     Une autre direction de recherche à approfondir serait de continuer le travail sur la 

version actuelle de notre approche cognitive d’évaluation de résumés automatiques 

pour qu’elle soit utile en l’absence de résumés de références. Pour ce faire, une fois 

qu’on a identifié les segments saillants (les plus informatifs), il faut déterminer la 

stratégie qu’un humain aurait élaborée pour construire le résumé produit, qui consiste 

à appliquer les macro-règles adéquates. Il est à noter que le modèle construction-

intégration définit trois types de macro-règles : 

• La suppression : chaque segment du texte contenant de l’information 

redondante ne devrait pas faire partie du résumé. 

• La généralisation : un segment générique peut remplacer plusieurs autres 

segments. 

• La construction : les segments les plus pertinents du point de vue de la 

couverture et de la fidélité seront enregistrés dans la mémoire épisodique pour 

qu’ils fassent partie d’un résumé idéal.  

Notre prochaine version d’évaluation des résumés automatiques générés par 

abstraction devrait inférer les macro-règles mises en œuvre pour générer le résumé.  

Une autre direction de recherche serait de proposer d’autres approches de résumés 

automatiques de textes et d’évaluation en ayant recours à d’autres modèles de 

compréhension et en travaillant sur des supports de données plus complexes que le 

texte. À titre d’exemple, le modèle de « Structure Building model » peut servir d’outil 

pour proposer une approche cognitive de résumé automatique de séquences vidéo. 

 



 

 

 

 

 

 

 ANNEXE : UN FRAMEWORK DE BOUT EN BOUT DE RECHERCHE DE 

DOCUMENTS/INFORMATIONS EFFICACE À BASE DE LUCÈNE  
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7.1 Détails de l’article 

AN END-TO-END EFFICIENT LUCENE-BASED FRAMEWORK OF 

DOCUMENT/INFORMATION RETRIEVAL 

Alaidine Ben Ayed, Ismaïl Biskri and Jean-Guy Meunier 

 

Article accepté pour publication dans International Journal of Information Retrieval 

Research (IJIRR : Volume 12, Issue 2, Article 5.). 

 

Nous avons proposé une méthode de résumé automatique par extraction, une approche 

cognitive de résumé automatique par abstraction et un protocole d’évaluation des 

résumés générés par extraction dans les articles des chapitres III, IV et V.  Le présent 

article présente un cas d’utilisation des résumés automatiques de texte comme outil 

d’analyse de documents retournés par un moteur de recherche. Il est à noter que nous 

avons prouvé que notre approche de résumé automatique est invariante par rapport à la 

langue. Nous l’avons testée sur l’arabe (une langue sémitique) au chapitre III et 

l’anglais (une langue germanique) au chapitre IV. Toutes les expériences précédentes 

ont été réalisées dans un contexte de résumé automatique mono-document. Cet article, 

outre le fait de proposer un système original de recherche de document et une 

évaluation comparative de techniques originales d’expansion de requêtes, permet de 

tester notre approche de résumé automatique de texte dans un contexte multi-

documents. 
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7.2 Résumé 

Dans le contexte du big data et de l’ère de la révolution industrielle 4.0, il s’avère 

indispensable d’améliorer l’efficacité des systèmes de recherche de 

documents/d’informations pour gérer le volume toujours croissant de données 

textuelles dans un monde de plus en plus numérique. Cet article décrit un système en 

deux étapes de recherche de documents/d’informations. Tout d’abord, un outil de 

recherche de document, basé sur Lucene, est implémenté. Ensuite, quelques techniques 

d’expansion de requête utilisant un corpus comparable (Wikipédia) et le word 

embedding (« plongement de mots » ou « plongement lexical » en français) sont 

proposées et testées. Subséquemment, on procède au résumé automatique des 

documents récupérés pour créer un extrait court, précis et fluide des top documents 

retournés par notre système de recherche de documents. Les résultats obtenus montrent 

que le plongement lexical constitue un excellent moyen d’améliorer la précision d’un 

système de recherche de documents. De plus, les résumés obtenus satisfont les critères 

d’un extrait pertinent, à savoir la conservation et la fidélité. 

7.3 Abstract  

In the context of big data and the 4.0 industrial revolution era, enhancing 

document/information retrieval frameworks efficiency to handle the ever‐growing 

volume of text data in an ever more digital world is a must. This chapter describes a 

double-stage system of document/information retrieval. First, a Lucene-based 

document retrieval tool is implemented, and a couple of query expansion techniques 

using a comparable corpus (Wikipedia) and word embeddings are proposed and tested. 

Second, a retention-fidelity summarization protocol is performed on top of the 

retrieved documents to create a short, accurate, and fluent extract of a longer retrieved 

single document (or a set of top retrieved documents). Obtained results show that using 
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word embeddings is an excellent way to achieve higher precision rates and retrieve 

more accurate documents. Also, obtained summaries satisfy the retention and fidelity 

criteria of relevant summaries. 

7.4 Introduction 

Document Retrieval (DR) is defined as the process of matching some stated user 

queries against a set of free-text records (Anwar, 2010 and Vishal, 2021). Nowadays, 

massive and quite variant data is being generated at an unprecedented rate.  In this 

context, the big data era has overturned classical DR challenges. More focus is being 

addressed on proposing innovative indexing and searching routines. Document 

retrieval systems generally perform two basic operations: 1) indexing; representing 

data in a condensed format, 2) querying; is the process of querying the DR system to 

retrieve appropriate data. The first operation does not involve end-users. Generally, it 

is performed in an off-line mode. The second one includes numerous processing 

operations, ranging from filtering, searching, mapping to ranking returned indexes. 

 

Document retrieval frameworks are built upon the cluster hypothesis (Fiana, 2013). 

Identifying the appropriate cluster of pertinent documents to a given straightforward 

user query is an easy task.  Finding the clusters appropriate to complex queries is a 

more difficult task (Tombros, 2002 and Liu, 2006).  The retrieval performance drops 

down if top accurate documents are not presented at the top of returned indexes. 

Proposing new ranking query-specific cluster strategies has been a hot research topic 

for many years (Leuski, 2001), and suggested solutions based on a cluster-against-

query representation comparison (Liu, 2004 and Liu, 2008). Some document retrieval 

frameworks make use of extra features, including inter-cluster and cluster-document 
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similarities (Kurland, 2006, 2008, 2011). Query expansion (QE) is another way to 

heighten document retrieval systems accuracy (Hiteshwar, 2019). 

 

First attempts of query expansion have been proposed since early 1960. The main 

objective is to improve the retrieval process performance. In this context, QE was used 

as a procedure for literature indexing and searching (Maron, 1960). The user's feedback 

was employed in (Rocchio, 1971) to expand queries. (Jones, 1971 and Van, 1977) 

suggested a collection-based term co-occurrence QE protocol, while (Jardine, 1971) 

(Minker, 1972) introduced a cluster-based one. The mentioned above techniques led to 

satisfactory results. Nevertheless, they were experimented with using small corpora 

and a set of straightforward user queries. Researchers noticed a considerable loss in 

retrieval precision when the mentioned above techniques were tested using bigger 

corpora sizes provided by public search engines, firstly implemented in 1990 (Salton, 

1990 and Harman, 1992). Consequently, query expansion has been a hot search topic, 

notably in an ever-growing big data word (Raza 2019).  Precision and Recall are the 

states of the art standard measures of document retrieval accuracy (Sagayam, 2012). 

The first one refers to the percentage of relevant retrieved records, while the second 

one refers to the percentage of relevant records being retrieved.  Notice also that the 

document retrieval research community uses TRECEVAL, a standard tool commonly 

used to evaluate ad hoc retrieval runs, given the returned documents and a conventional 

collection of refereed results. 

Automatic text summarization (ATS) is another critical research area related to text 

document retrieval if we assume that the returned result may be a concise, reliable, and 

fluid extract of a given longer retrieved text document. ATS can also be applied to a set 

of retrieved documents. Generally, automatic text summarization is either performed 

by extraction or abstraction (Widyassari 2020). The first approach extracts prominent 

sentences that vehicle the essential concepts of the source text. Nevertheless, the latter 
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creates novel sentences by applying rephrasing techniques instead of merely reporting 

the most salient fragments. 

Note that extractive models gained more attention than abstractive approaches. 

Extractive summarizers generally estimate a relevancy score for each sentence of the 

original retrieved source text document. The latter score determines to what extent a 

given sentence encodes significant concepts.  The generated output is made of the top-

scored sentences. This kind of summarization remains a challenging research field. The 

extraction process depends on a set of linguistic and-or statistical features. 

Linguistic-based summarizers tend to build a formal representation of the conveyed 

information through the text to summarize. The central intuition behind it is to employ 

discourse analysis techniques to model text rhetoric.  For instance, the Rhetorical 

Structure Analysis (RST) can be employed to find out "Nucleus" fragments, which 

contain salient information, and "satellite" ones delivering additional information 

about the nucleus. In this specific case, "Nucleus" sentences would have higher 

relevancy scores, and they will be chosen to be part of the generated summary 

(Barzilay, 1999 and Kundi, 2014). 

On the other hand, there are three variants of statistically-based summarizers; i) 

frequency-based, ii) feature-based, and iii) machine-learning-based ones.  Frequency-

based summarizers are built upon one of two primary hypotheses. The first one is a): 

"cue words would be repeated many times in a given text document"; in this case, term 

frequency (Nenkova, 2005, 2006) is used to compute sentence relevancy scores. 

Inverse document frequency (a kind of probabilistic measure) (Filatova, 2004, Fung, 

2006 and Galley, 2006) is used for the same reason if we assume b): "essential words 

are more frequent in a given document than in another one.". In other words, the inverse 

document frequency measure estimates how relevant a word is to a given text in a set 
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or text records. Feature-based statistical summarizers employ a bunch of indicators to 

compute sentence relevancy scores. Those indicators are mainly, the presence of cue 

headline tokens, sentence length or position, etc. (Gupta, 2010). Machine learning-

based summarizers makes use of training data to learn "relevant" and "non-relevant" 

sentence patterns (Svore, 2007, Burges, 2005 and Hannah, 2014, Bharti, 2019). 

Automatically generated summaries are regarded as straightforward, reliable, and fluid 

abstracts if they meet three main criteria:  

• Retention: It is a measure of the extent to which the generated summary covers 

different topics discussed in the retrieved document (or set of documents). 

• Fidelity: It is a measure of the extent to which the summary accurately reflects 

the author's point of view(s). 

• Coherence: It is a measure of the extent to which the generated extract is 

semantically meaningful. 

This chapter presents a Lucene-based document retrieval framework. It proposes two 

query expansion techniques: The first one uses parallel corpora while the second one 

bases on word embeddings to boost retrieval accuracy. Next, it adds to the proposed 

DR framework, a mono/multi-document summarization layer. A concise, reliable, and 

fluid extract of a given longer retrieved text document (or a set of documents) is 

returned as a query result instead of a crud index (or a set of indexes). The coming 

section describes the suggested document retrieval framework and details the proposed 

expansion and summarization protocols. The sixth one reports obtained results. The 

last section concludes this article and details ongoing and planned work. 
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7.5 Methodology 

This section presents the suggested Lucene-based DR framework as well as the 

proposed query expansion techniques. Also, it describes the theoretical details of the 

summarization process. 

7.5.1 System overview 

Lucene is a robust and scalable open-source Java-based Search library. It can be easily 

integrated into any application to add impressive search capabilities to it. It implements 

the core services needed for indexing and record searching for both structured and no 

structured data. 

 

Figure 7-1: The proposed IR/DR framework 

The proposed IR/DR framework performs the following processes shown by the above 

Illustration:  

1. Acquiring crude contents: this first step refers to collecting the data utilized 

later to be queried during the retrieval phase.  

2. Analyzing crude documents: It consists of merely converting each instance of 

the crude data to a given format that can be efficiently guessed and rendered. 
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3. Indexing data: It consists of mapping each document by a specific key. Next, 

the retrieval process will base on particular keys rather than the entire 

document's full content. 

4. Retrieving top documents: It consists of returning indexes of top matching 

documents to the user query. 

5. Summarizing a given retrieved document or a set of documents: It consists of 

returning an abstract of the top retrieved document (or a set of the top retrieved 

documents). 

Operations 1), 2), and 3) are generally performed off-line. Users can query the 

described DR framework; after that, all the text records are appropriately indexed. 

Generally, indexing documents bases either on a vectorial model (TF-IDF) or a 

probabilistic one (BM25). The query is converted onto a bag of words, and the index 

database is investigated to get the query response. Any returned reference is displayed 

to the user as a concise, reliable, and fluid extract of a given longer retrieved text 

document. 

TF-IDF estimates how relevant a word w is to a document d in a corpus of text 

documents D. It is computed by multiplying two different quantities (Breitinger, 2015 

and Hiemstra, 2000): 

• The term frequency (tf): refers to the number of occurrences of w in d. Usually, 

the term frequency is adjusted by the d 's length or d 's most recurrent word 

frequency. 

• The inverse document frequency (idf): refers to how common or rare w is in the 

entire corpus D. Being close to 0 means that the w is commonly used in D. 
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The higher the TF-IDF score is, the more relevant that word is in that particular 

document. The TF-IDF score for the word w in d; a document belonging to a set of 

documents D is computed as follows: 

 𝑇𝐹𝐼𝐷𝐹(𝑤, 𝑑, 𝐷) = 𝑡𝑓(𝑤, 𝑑) . 𝑖𝑑𝑓(𝑤, 𝐷) (1) 

where: 𝑡𝑓(𝑤, 𝑑)  =  𝑙𝑜𝑔(1 + 𝑓𝑟𝑒𝑞(𝑤, 𝑑)) and 𝑖𝑑𝑓(𝑤, 𝐷)  =  𝑙𝑜𝑔(
𝑁

𝑐𝑜𝑢𝑛𝑡(𝑑∈𝐷:𝑤∈𝑑)
). 

BM25 (Stephen, 1994) ignores the inter-relationship between the query terms within a 

document. Its ranking process works as follows: Given a query Q, containing canonic 

words q1, ..., qn, the BM25 score of a document d is defined as: 

 
𝑠𝑐𝑜𝑟𝑒(𝑑, 𝑄) =∑(𝑞𝑖)

𝑓(𝑞𝑖, 𝑁). (𝑘1 + 1)

𝑓(𝑞𝑖, 𝑁) + 𝑘1(1 − 𝑏 + 𝑏
|𝑁|
𝑎𝑣𝑔𝑑𝑙

)

𝑛

𝑖=1

 
(2) 

where f (qi, d) refers to the 𝑞𝑖 's term frequency in the document d, N refers to the 

document 𝑑 's length, and avgdl is the average length of all text documents. K1 and b 

are free parameters, usually empirically fixed as k1 ∈ [ 1.2, 2.0] and b = 0.75. 

7.5.2 Query expansion to boost retrieval accuracy 

The next couple sub-sections describe the proposed two query expansion techniques. 

The goal is to boost the proposed document retrieval framework accuracy by making 

user queries more informative while preserving their integrity. 

Comparable corpora-based query expansion 

The first proposed technique of query expansion uses Wikipedia as a comparable 

corpus. Two slightly different variants of the same approach are described below: 
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• Summary-based query expansion: The Rake algorithm (Stuart, 2009) is used to 

extract keywords. Rake is a domain-independent keyword extraction technique. 

It returns a list of keywords in a text with their order of importance. The most 

important keyword is used as a canonic word to query Wikipedia. Following 

this, a one-sentence summary of the first returned Wikipedia page is generated. 

Next, it is concatenated to the original query. 

• Content-based query expansion: the most crucial keyword returned by the 

RAKE algorithm is used to query Wikipedia. Next, the top returned Wikipedia 

page's title is concatenated to the user's query to make it more informative. 

Word embeddings-based query expansion 

The main idea is to expand any user query by terms having the closest embedding 

representation to its relevant terms. For instance, if the query contains the word 

"bumper," it is expanded by a set of semantically close words like "brackets," "fillers," 

and "parts" since "bumper," "bumper brackets," "bumper fillers" and "car parts" usually 

co-occur together. In this way, all text records or technical sheets related to "bumper 

brackets" would be considered when searching for relevant records for "bumper" even 

though the word "brackets" is not present in the user query. The Gensim 

implementation of word2vec is used to find relevant expanding terms to the user query. 

In this context, three distinct models were tested, namely fasttext-wiki-news-subwords-

300, glove-twitter-25, glove-twitter-200, and glove-wiki-gigaword-300 (Jeffrey, 2014). 

7.5.3 Automatic text summarization 

Automatic text summarization is used as a top layer of the proposed Lucene-based 

document retrieval system. It abstracts a single retrieved document (or a set of retrieved 

documents) to create a short, accurate, and fluent extract. In the case of multi-retrieved 

document summarization, all retrieved texts are concatenated and considered a single 
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retrieved document. Mathematically, the main idea is to project the document to 

summarize onto a lower-dimensional space that captures the essence of concepts 

present in the source text. The latter space's unitary vectors are used to compute 

retention-fidelity scores, as described in our paper (Ben Ayed, 2019). The mathematical 

and implementation details of the proposed summarization protocol will be expanded 

in the coming two subsections. 

Retention-Fidelity (RF) tensor construction  

First, a lexicon, including all unique non-generic words, is constructed. Next, each 

retrieved text is segmented into 𝑛  sentences. Each sentence 𝑆𝑖  is represented by a 

sentence column feature vector x𝑖. x𝑖 is a vector of 𝑑 components. Note that 𝑑 is equal 

to the lexicon’s cardinality.  Each component of  x𝑖 represents the number of 

occurrences of a given word of the lexicon in the text to summarize.  

 
𝑥𝑖 = (

𝑤𝑖1
𝑥𝑖2
⋮

𝑥𝑖𝑑
)   and 𝑥𝑖

𝑇 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑑) (3) 

 

A set of sentence feature vectors is strongly correlated if one or many components are 

simultaneously highly activated. For instance, if the number of occurrences of one or 

more tokens like "economy," "system," "private," "individuals," "businesses," "own-

capital" exceeds a given threshold, it would be probable that this set of sentences are 

discussing the concept of "Capitalism." The goal is to project the crude sentence feature 

dataset from many correlated coordinates onto fewer uncorrelated ones called principal 

concepts while still retaining most of the original data's variability. Thus, sentence 

feature vectors are stacked as rows of a data matrix to construct the crude text feature 

matrix 
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𝑋 = (

𝑥11 ⋯ 𝑥1𝑑
⋮ ⋱ ⋮
𝑥𝑛1 ⋯ 𝑥𝑛𝑑

) (4) 

The mean sentence vector (Eq. 5) is subtracted from each sentence feature vector to 

remove noise and redundant information (Eq. 6).  Next, the normalized text feature 

matrix is constructed by stacking zero-centered sentence feature vectors as its rows. 

 
𝜇 =  

1

𝑛
 ∑𝑥𝑖

𝑛

𝑖=1

= (
1

𝑛
 ∑𝑥𝑖1

𝑛

𝑖=1

 , … ,
1

𝑛
 ∑𝑥𝑖𝑑

𝑛

𝑖=1

)𝑇 (5) 

 

𝑋 =

(

 
 

𝑥
1 − 𝜇𝑇
𝑇

𝑥2 − 𝜇𝑇
𝑇

⋮
𝑥
𝑛 − 𝜇𝑇
𝑇

)

 
 

 (6) 

Next, the covariance around the mean is computed as follows: 

 
𝑆 =

1

𝑛 − 1
 ∑(𝑥𝑖 −  𝜇)(𝑥𝑖 − 𝜇)

𝑇 = 
1

𝑛 − 1
 𝑋𝑇𝑋

𝑛

𝑖=1

 (7) 

As said bellow, the motivation is to project the crude sentence feature vectors dataset 

from many correlated coordinates onto fewer uncorrelated ones called principal 

concepts. Vectors encoding those concepts will be built sequentially in a way that 

maximizes their contributions to the variances of the original set of sentence feature 

vectors. Mathematically, the goal is to find a collection of 𝑘 ≤ 𝑑 unit vectors 𝑣𝑖 ∈

ℝ𝑑 (for 𝑖 ∈ 1, … , 𝑘) called principal concepts, such that: 

The variance of the set of sentence feature vectors projected onto the  𝑣𝑖  direction is 

maximized.  𝑣𝑖 should be orthogonal to 𝑣1, … , 𝑣𝑖−1 . 
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The projection of a vector 𝑥 ∈ ℝ𝑑  onto the line determined by any 𝑣𝑖 is simply given 

as the dot product 𝑣𝑖
𝑇𝑥. The variance of the sentence feature vector 𝑥 projected onto the 

first principal concept 𝑣1is defined as follows: 

 
𝑆 =

1

𝑛 − 1
 ∑(𝑣1

𝑇𝑥𝑖 − 𝑣1
𝑇𝜇)2 = 𝑣1

𝑇𝑆𝑣1

𝑛

𝑖=1

 (8) 

To construct 𝑣1, 𝑆 is maximized while satisfying the ‖𝑣1|| = 1 additional constraint. 

The Lagrange multipliers (LM) approach is used to solve this optimization 

problem. LM implies that 𝑆𝑣1 = 𝜆1𝑣1 ,aka; 𝑣1 is an eigen concept (mathematically, it 

is an eigenvector of the covariance matrix 𝑆). Note that  ∥ 𝑣1 ∥= 𝑣1
𝑇𝑣1 = 1, this means 

that the corresponding eigenvalue is equal to 𝑣1
𝑇𝑆𝑣1 = 𝜆1. It equals the variance of the 

sentence feature vectors along 𝑣1 . The most important concept is coded by the 

eigenvector associated to the highest eigenvalue. 

Next, the sentence feature vectors set is projected onto a new direction 𝑣2 , the same 

way, while satisfying the 𝑣1⊥ 𝑣2 condition, then onto 𝑣3 while satisfying 𝑣3⊥ 𝑣1, 𝑣2, 

and so on. By the end of this process, the first 𝑘 vectors encoding principal concepts 

of 𝑋are built. They are eigenvectors of the covariance matrix 𝑆 corresponding to its 𝑘 

highest eigenvalues. Next, the conceptual space will be constructed such that the 𝑘 

most important eigen concepts will form its orthonormal basis Ξ𝑘: 

 Ξ𝑘 = [𝑣1, 𝑣2, … , 𝑣𝑘] (9) 

Each normalized projected sentence onto the constructed conceptual space can be 

written as a linear combination of 𝑘  eigen concepts. Next, the goal is to build a 

retention-fidelity tensor. Thus, the Euclidean distance between a given concept 𝑣𝑗  ; 𝑗 =

https://en.wikipedia.org/wiki/Lagrange_multiplier
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1, … , 𝑘 and any normalized sentence 𝑥�̂� = 𝑥𝑖 −  𝜇, projected in the conceptual space is 

defined and computed as follows: 

 𝑑𝑖(𝑣𝑗) = ‖𝑣𝑗 − 𝑥�̂�‖ (10) 

The Retention-Fidelity tensor provides distances between algebraic sentence feature 

vectors and the orthonormal conceptual space basis's unitary vectors. It is constructed 

such that the line order depends on the importance of a given concept, while the column 

order is related to the extent to which a random sentence encodes a given concept. For 

instance, the first line provides the 𝑤 best sentences to encode the first most crucial 

concept (their normalized projected feature vectors have the smallest distances to 𝑣1 

encoding the most important concept). The second line provides the same information 

related to the second most important concept, and so on.  Note also that the fifth 

sentence, for instance, is the best sentence to encode the second most crucial concept, 

while the sixth sentence is the last one in a window size of four sentences. 

 

Figure 7-2: Th retention-Fidelity tensor  

As described in the coming section, the Retention-Fidelity tensor will be used to 

compute a Retention-Fidelity score for each sentence. 

Retention-Fidelity (RF) score computation and summary construction 
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First, a Retention score is computed for each normalized sentence being projected onto 

the constructed conceptual space. A given sentence having a high Retention sore should 

encode as much as possible the most important concepts expressed in the retrieved text 

document. In other words, it should appear as much as possible in a window of size 𝑤 

while taking into consideration the 𝑘 important concepts.  Mathematically, it is defined 

as follows:  

𝑅𝑘𝑤(𝑠) =
1

𝑘
∑𝛼𝑖

𝑘

𝑖=1

 (11) 

𝛼𝑖 = 1 if the sentence 𝑆 occurs in the ith window. If not, it is equal to zero.  

Now, an extended fidelity (𝐹𝑘𝑤(𝑠)) score is computed for every sentence. It is a kind 

of averaged sum of the retention coefficient. The latter one is weighted according to 

the sentence’s position in each window of size 𝑤. The central intuition is that sentences 

with a high 𝐹𝑘𝑤 score should encode important concepts while focusing on the most 

important ones. The fidelity score is defined as follows: 

 
𝐹 𝑘𝑤(𝑠) =

1

𝑘
 ∑𝛼𝑖 [1 +

1 − ψ𝑖
𝑤

]

𝑘

𝑖=1

 (12) 

𝛼𝑖  =  1 if a sentence 𝑠 occurs in the ith window. If not, it is equal to zero. 𝜓𝑖 is the rank 

of a sentence 𝑠 in the ith window. 

Next, Fuzzy logic is used to compute a unified Retention-Fidelity (R-F) score for every 

sentence of the retrieved document following the previously described protocol in (Ben 

Ayed, 2019). Highly scored sentences are extracted to generate a concise abstract as a 

response to the user’s query. 
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7.6 Experiments, results, and discussion 

7.6.1 The dataset 

The Trec dataset, a news corpus of 248500 journal articles, is used for experiments. It 

covers many fields such as politics, economics, technology, science, etc. Crude data is 

preprocessed by removing stop words and applying stemming routines. The stemming 

technique consists of removing common endings to transform words to their root form. 

The most common widely used stemming algorithms are Porter, Lancaster, and 

Snowball. The latter is used in this project.  

Precision and recall are commonly used to measure document retrieval effectiveness 

(David, 2011). Precision refers to the probability given that a text is retrieved; it will 

be relevant. Recall refers to the probability given that a text is relevant; it will be 

retrieved. In this research paper, the TRECEVAL program is used to evaluate the 

retrieval accuracy. It uses the mentioned below evaluation procedures: 

• P5: Precision after 5 docs retrieved. 

• P100: Precision after 1000 docs retrieved. 

• MAP: Mean Average Precision. 

Also, the FRESA protocol (Torres-Moreno, 2010) is used to evaluate the quality of the 

generated summaries. 

7.6.2 Results and discussion 

Query expansion effectiveness related results are reported in Tables 7-1, 7-2, 7-3, and 

7-4. 
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Table 7-1: On the relevance of pre-processing to improve document retrieval accuracy 

Data Type Original Data Stemmed Data 

Metric P5 P10 Map P5 P10 Map 

Short queries 0.192 0.026 0.115 0.196 0.030 0.148 

Long queries 0.194 0.030 0.139 0.236 0.037 0.148 

 

Table 7-2: Document retrieval accuracy when using TF-IDF VS. BM25 weighting schemas 

Weighting Schema TF-IDF BM25 

Metric P5 P10 Map P5 P10 Map 

Short queries 0.196 0.172 0.148 0.211 0.180 0.152 

Long queries 0.236 0.266 0.148 0.242 0.221 0.161 

 

Table 7-1 compares system accuracy when using non-processed vs. pre-processed data. 

It confirms that pre-processing helps to reach better accuracy rates. Table 7-2 compares 

the obtained retrieval precisions using two different weighting schemas (TF-IDF and 

BM25). Note that the same pre-processing protocol was used in both scenarios. 

Generally, the BM25 weighting schema outperforms the TF-IDF one. 

Table 7-3: Obtained results when expanding queries by summary and content 

Expansion Strategy O C S 

Metric P5 P10 Map P5 P10 Map P5 P10 Map 

Short queries 0.196 0.172 0.148 0.195 0.156 0.149 0.072 0.109 0.057 

 

Obtained results when using a comparable corpus as an expansion technique are 

reported in Table 7-3.  Three main experiences were conducted: O); precision without 

any expansion technique, C); expanding user queries by content and S); expanding user 

queries by summaries. Note that the same pre-processing was performed and, the same 

weighting schema is used for experiments O), C), and S). Reported results in Table 7-

3 show that using titles of the top returned Wikipedia pages to expand user queries 

provides almost the same accuracy rates as without using any query expansion 
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technique. Using the summary of the Wikipedia top page to expand user queries messes 

up the retrieval precision. 

Table 7-4: Obtained results when expanding queries using word embeddings 

Expansio

n 

Strategy 

O WE1 WE2 WE3 WE4 

Metric P5 P10 Map P5 P10 Map P5 P10 Map P5 P10 Map P5 P10 Map 

Short 

queries 

0.19

6 

0.03

0 

0.14

8 

0.16

4 

0.02

6 

0.01

8 

0.01

1 

0.02

7 

0.11

6 

0.20

4 

0.03

2 

0.12

5 

0.21

6 

0.02

8 

0.13

2 

 

Table 7-4 reports obtained results when using word embeddings to expand user queries. 

Glove-twitter-25 (WE1), glove-twitter-200 (WE2), fasttext-wiki-news-subwords-300 

(WE3), and glove-wiki-gigaword-300 (WE4) word2vec variants provided by The 

Gensim implementation of word2vec are used to perform the expansion process. 

Achieved results confirm that the system retrieval accuracy can be improved when 

considering the top 5 retried documents under a critical constraint that consists of 

choosing the appropriate word2vec model. In the bellow example, WE3, which is 

trained using a collection of news articles, and WE4, which is trained using a massive 

corpus of textual data, helped ameliorate retrieval accuracy. It was not the case when 

using the inappropriate word2vec model to this specific context. 

Table 7-5: Obtained Fresa scores for mono/multi document summarization with window sizes w = 2,4 

and 6 

Window 

size (w) 

Mono-Document 

Summarization 

Multi-Document 

summarization (D = 2) 

Multi-Document 

summarization (D = 5) 

Multi-Document 

summarization (D = 10) 

w = 2 0.642 0.590 0.398 0.136 

w = 4 0.748 0.711 0.473 0.213 

w = 6 0.219 0.340 0.591 0.311 

 

The FREZA evaluation protocol (Torres-Moreno, 2010) was used to evaluate the 

quality of the generated abstracts (Table 7-5). The best results are obtained when we 

summarize the first retrieved document. For multi-document summarization, the best 

results are obtained when we summarize fewer retrieved documents (𝐷 =2) with a 

window size 𝑤 = 4. If we want to summarize more than two retrieved documents (the 
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top five ones, for instance) while approximately preserving the same quality of the 

returned result, we should consider a bigger window size (𝑤 =  6 ). Generally, 

summarizing many documents (𝐷 = 10) deteriorates the quality of the final query 

response.    

7.7 Conclusion and future work 

This paper presented a Lucene based document retrieval framework. Comparing two 

different weighting schemas (TF-IDF and BM25) shows that the BM25 probabilistic 

model outperforms the vectorial one (TF-IDF). Additionally, led query expansion 

experiments show that using word embeddings enhances the overall document retrieval 

precision. It is not the case when using a comparable corpus. The proposed framework 

can be enhanced by implementing an interactive query expansion approach: The 

obtained result using the proposed comparable corpus-based expansion approach 

depends on the efficiency of the Rake keyword extractor algorithm. The central 

intuition is to involve users in the query expansion process. Users have to approve the 

returned extracted keywords. Another hybrid technique of query expansion may be 

explored: Once the user validates keywords, a word embeddings expansion will be 

performed. The latter technique will ensure using only appropriate keywords and 

retrieving relevant records that do not necessarily contain terms used in the user query.  

Mono-document and multi-document summarization of the few top retrieved 

references achieved excellent coverage and fidelity levels, fundamental criteria of 

useful summaries. Note that the coherence of the generated query response is out of the 

scope of this paper. Applying a discourse analysis technique like the Rhetorical 

structure theory (RST) establishes a formal representation of the retrieved document's 

knowledge. It helps to generate more coherent abstracts (Mann, 1988). Achieving a 

fully coherent abstract of mono-document summaries is straightforward. Employing 
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the rhetorical structure theory technique, as mentioned above, can quickly achieve it. 

For multi-document summarization, local coherence can be achieved, and the main 

challenge would be to achieve a global coherence. Finally, the proposed summarization 

protocol can be improved to create a more professional human-like abstract of the top 

retrieved documents; Rephrasing techniques can be performed on extracted text 

segments to generate original sentences instead of merely extracting the most salient 

ones. 
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