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Abstract

This work addresses the task of automatic Arabic text summarization. It puts forward
a global summarization framework (TALAA-ATSF) which allows the selection of the
suitable operation to be used on each fragment of the source text. This is made possible
through the use of machine learning techniques that learn which operation to apply
to a given fragment (a subset of sentences) of the source document. Both abstractive
and extractive operations have been proposed. We have proposed an extractive text
summarization operation that uses AdaBoost to select the most relevant sentences.
We have also designed an abstractive text summarization operation that allows the
generation of sentences by generalizing and fusing the concepts used in these sentences.
Furhermore, we have built a sentence compression corpus (TALAA-ASC) and enhanced

this corpus to use it in the global text summarization framework (TALAA-ATSF).



Résumé

Ce travail traite de la tache de résumé automatique de textes en Arabe. Il propose un cadre
global de résumé (TALAA-ATSF) qui permet de sélectionner 1'opération la plus appropriée a
utiliser sur chaque partie du texte source. Cette approche est rendue possible grace a
l'utilisation de techniques d'apprentissage automatique pour apprendre quelle opération
appliquer a un fragment donné (un sous-ensemble de phrases) du document source. Des
opérations d'extraction et d'abstraction ont été proposées. Nous avons proposé une opération
extractive de résumé de texte qui utilise AdaBoost pour sélectionner les phrases les plus
pertinentes. Nous avons également congu une opération abstractive de résumé de texte qui
permet la génération de phrases en généralisant et fusionnant les concepts utilisés dans ces
phrases. De plus, nous avons construit un corpus de compression de phrases (TALAA-ASC)
et amélioré ce corpus pour l'utiliser dans le cadre global de résumé de textes (TALAA-ATSF).
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Chapter 1

General Introduction

1.1 Automatic Summarization

Text summarization is one of the most difficult, though promising, applications of
Artificial Intelligence (AI) in general, and Natural Language Processing (NLP) more
specifically. Various prestigious conferences and organizations have paid special atten-
tion to this field. One can mention the Association for the Advancement of Artificial
Intelligence (AAAI'), the Document Understanding Conferences (DUC?) and, the Text
Analysis Conference (TAC3). Various definitions of text summarization are given in
the literature. Hovy and Marcu (2005) define a summary as a text which is produced
from one or more texts, which contains a significant portion of the original text(s)
information, and which is no longer than half of the original text(s). Mani and Maybury
(1999) define the text summarization task as the process of finding the important
contents in the original text and presenting them as a concise text in a predefined
template. In the literature, various techniques have been proposed to tackle this
problem.

Text summarization today is still far from achieving its ultimate goal which consists
in generating summaries similar to the ones produced by humans. As we will show
later, there is a lot of work that has to be done to produce summarization systems that
can emulate the cognitive effort performed by humans when generating summaries.
Various techniques have been applied in the field as an attempt to build summarization
systems similar to the ones produced by humans. The approaches that have been

proposed range from statistics, syntactic analysis, and some of them rely on some

Thttp://www.aaai.org/
2http://duc.nist.gov/
3http://www.nist.gov/tac/



General Introduction

semantic resources by trying to understand the meaning of the source text and giving
it some form of representation.

One of the difficulties in text summarization is the evaluation of the generated
summary which is still subjective. This task has been found difficult even for human
assessors because it is not clear, what type of information a summary should contain
as shown in previous studies (Nenkova, 2006). In fact, if a given summary is provided
to different judges, they might asses it differently. We mention that a lot of effort
has been done on the evaluation of text summarization and some metrics have been
proposed like ROUGE (Lin, 2004).

In this work, we have reached several achievements. We have proposed an approach
that selects the most relevant sentences from a document using AdaBoost (Belkebir and
Guessoum, 2015a). We have also built a sentence compression corpus (Belkebir and
Guessoum, 2015b). We have also developed an abstractive approach that generalizes
and fuses the concepts used in these sentences (Belkebir and Guessoum, 2016). Although
several text summarization approaches have been proposed in the literature, we have
not found a summarization framework that uses different summarization operations
to generate the summary in a flexible manner. One of our contributions consists in
proposing such a framework that has the ability to combine several operations in a

compositional manner (Belkebir and Guessoum, 2017).

1.2 Problem Statement

Text summarization is a challenging task in natural language processing. It is either
extractive or abstractive. The aim of the extractive approach is to select the most
important content (sentences, phrases, words, etc.) verbatim from the source document
to generate the summary. This approach has dominated the field due to its simplicity.
Many techniques have been proposed to tackle extractive text summarization. For
example, we find approaches that use features like the position of sentences in the
document, sentence length, keywords, etc. More advanced techniques have also been
proposed. In this sense, we mention that methods that use graph representation or
semantic knowledge have been proposed (see (Lloret and Palomar, 2012) for more
detailed discussion). However, the extractive approach has some limitations with
regards to the coherence of the generated summary. This limitations will open the
doors to investigate another interesting approach which is the abstractive approach.
In contrast to extractive text summarization, abstractive text summarization

builds a semantic representation of the text and uses more advanced natural language
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generation techniques to generate the summary. In this approach, not only the material
which is present in the source document is copied, but new material could be inserted
to generate the summary. Besides, this approach provides a higher degree of text
condensation with a higher amount of information compared to the extractive approach.
We should point out that, we find just few works on the abstractive text summarization
approach. This is probably due to the difficulty of this approach.

We also mention that most of the work that has been presented in the literature has
focused on summarization of documents in the English language and some European
languages like French and Spanish. A lot of effort has been done for text summarization
in some Asiatic languages like Chinese and Japanese. In fact, there are just a few
works for the Arabic language. The aim of our work is to contribute to Arabic text
summarization, and abstractive text summarization in general.

Various text summarization operations have been proposed in the literature. Among
these operations one finds sentence selection/deletion, sentence compression, sentence
fusion, etc. We have also observed that there are just a few abstractive text summa-
rization operations. In this thesis, we also aim to contribute to the state of the art
by proposing an abstractive text summarization operation (Concept generalization
and fusion for abstractive text summarization). We have also observed that we do not
have in the literature a system that combine all of these operations in a compositional
manner to generate summaries. For this reason, we propose a system that combines
all of these operations in a single framework to generate summaries. A more detailed

discussion about our contribution is given in the following section.

1.3 Contributions

This thesis contributes to the text summarization task in the following ways:

« We propose a framework that has the ability to integrate different text summa-
rization operations. Then, we propose different operations which are used in the
framework. In this approach, we have used different mathematical and computer
science theories to develop our framework. First, we use number theory and
specifically Bell numbers theory to generate what we will define later as partitions
of the document. We also use graph theory for the multigraph that we define later.
The framework sets a strategy to select the most suitable operation for each
portion of text (subset of sentences) to be summarized. For this purpose, we have
designed a machine learning system that has the ability to assign summarization

operations to the subsets of sentences of the source document. This machine
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learning system has been trained on the TALAA-ASC enhanced, annotated
corpus. This corpus contains a set of documents where for each document, the

operations are associated with subsets of sentences of this document.

o We also propose a system that tries to select the best sentences (sentence
selection operation) using the AdaBoost machine learning algorithm (Belkebir
and Guessoum, 2015a). This system learns to predict whether a sentence should
be included in the summary or not. The machine learning system has been

trained on an annotated corpus of <source,summary> documents.

o We present and discuss a sentence abstraction approach by means of concept
generalization and fusion which goes beyond sentence deletion (Belkebir and
Guessoum, 2016) . This approach produces sentences that contain words produced
using generalization and fusion operations on a concept taxonomy, and which

are not necessarily present in the source sentences.

« We also provide a sentence compression corpus (TAALA-ASC) that we make
available to the NLP community (Belkebir and Guessoum, 2015b). To the best
of our knowledge, this is the first sentence compression corpus devoted to the
Arabic language. This corpus is a parallel corpus that will help both in evaluating

and building new sentence compression models.

1.4 Thesis Overview

The remainder of this thesis is structured as follows:

e Chapter 2 introduces and discusses relevant literature review on text summariza-
tion. It discusses both the extractive and the abstractive approaches. A special

attention is devoted to the work done on Arabic text summarization.

o Chapter 3 presents an approach which is part of the global framework. This
approach aims to select important sentences using the AdaBoost machine learning

algorithm.

o Chapter 4 introduces an approach to the generation of abstractive sentences
using generalization and fusion operations. We present the steps that we followed

to generate sentences and discuss the novelty of this approach.

e Chapter 5 presents TALAA-ASC, a sentence compression corpus for the Arabic

language. This will be used in the generation of learning models for sentence

4
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compression. It can also be used in the evaluation of the Arabic sentence

compression systems.

o Chapter 6 presents a global framework for Arabic text summarization. It shows
the process of generation of summaries using several operations. This chapter
presents different definitions and algorithms and sets a strategy to combine the

different operations used in text summarization.

o Chapter 7 concludes our work and summarizes the major contributions of this

thesis. It also discusses future research directions and possible improvements.

Figure 1.1 presents the global architecture of the framework. The summarization
operations (concept generalization and fusion for abstractive sentence generation and
the supervised approach to Arabic text summarization using AdaBoost) presented in
the schema are the components of the summarization framework while the extended
TALAA-ASC corpus is used for both training and evaluating the TALAA-ATSF

framework.

1.5 Published Work

The material presented in this thesis has been published in various papers as follows:

Chapter 3 is related to the work of Belkebir and Guessoum (2015a). Chapter 4
which presents an approach that allows the generation of abstractive sentences using
generalization and fusion operations has been published in (Belkebir and Guessoum,
2016).

Chapter 5 presents TAALA-ASC, which is a sentence compression corpus. It is
related to the work presented in (Belkebir and Guessoum, 2015b).

Chapter 6 which represents the global summarization framework has been accepted
for publication and will appear as (Belkebir and Guessoum, 2017). Section 6.5 of
chapter 6 which presents the future extension of TALAA-ATSF by using categorization
as an initial step in text summarization has been published in (Belkebir and Guessoum,
2013).
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Chapter 2

State of the Art in Arabic Text

Summarization

2.1 Introduction

Text summarization is not a new discipline; it dates back to the earliest work of
Luhn (1958) and Edmundson (1969). Various approaches have been proposed in the
literature to tackle the summarization problem. A lot of effort has been done on the
English language and other European languages but we found little work on the Arabic
language.

Text summarization has been successfully linked to other applications like text
categorization and information retrieval. We discuss in this chapter some of the work
that has addressed this area of research.

Let us point here that although many operations have been developed to text
summarization, there is a lack of full summarization frameworks that have the ability
to integrate the various operations within the same framework. One of the main
contributions of this thesis is to propose a global framework that has the ability to
integrate any kind of summarization operation within a full summarization framework.

In the sequel, we present the main contributions to the field of text summarization
as well as an analytical study of this field. We also discuss work done on Arabic text

summarization.



State of the Art in Arabic Text Summarization

2.2 Summarization Techniques

In this section, we give an overview of the main techniques that have been used in the
literature. We are not interested here in giving an exhaustive review of the work done
on text summarization. In fact, a number of interesting papers have addressed this
problem such as, (Mani and Maybury (1999), Hovy and Lin (1999), Spérck Jones (2007),
Lloret and Palomar (2012), Nenkova and McKeown (2011) and Saggion and Poibeau
(2013)). In this work, however, we try to cover a comprehensive list of works that have
addressed the task of summarization by focusing mainly on the operations that have
been used in the text summarization systems. We also discuss the main approaches

that have been proposed both for the extractive and the abstractive approaches.

2.2.1 Extractive Text Summarization

In extractive text summarization (ETS), the most important pieces of information
(words, chunks of sentences, entire sentences, etc.) are selected from a source document
without adding any external material. We are interested here in the classification
of extractive text summarization works based on the techniques used. These are
summarized in the taxonomy presented in Table 2.1. We discuss the taxonomy and
detail the related studies below.

Extractive text summarization techniques could be broadly classified into four
categories. The scoring-based methods where the aim is to associate a score to each
sentence according to a predefined function. The second category aims to build a
learning model that could predict whether a new sentence is worth including in the
generated summary or not; the model is trained using a parallel corpus which contains
pairs of source and summary documents. The graph based techniques generally build
a graph where the nodes represent the different sentences and edges represent the
strengths of relations between the nodes. The fourth technique uses semantics and
discourse to capture the semantic meaning of the source text so as to generate coherent

summaries as output.

2.2.1.1 Scoring-based ETS

An ETS approach based on sentence scoring was first proposed in (Luhn, 1958). Luhn
(1958) used term frequency counts to generate summaries from scientific documents by
trying to find the most salient sentences in the document. The assumption here was
that frequent words give an indication about the main topic of the document. The

author did not select all the words for calculation. He rather discarded stop words

8



2.2 Summarization Techniques

Category

Description

Scoring-Based ETS

Machine learning-Based
ETS

Graph-Based ETS

Methods Using Seman-
tics and Discourse ETS

This method associates a score with each sentence. Then,
it ranks them and takes highly scored sentences according
to a certain retention rate.

It relies on a parallel corpus that contains pairs of
<source, summary> documents and tries to construct a
learning model that decides whether to include a given
sentence in a summary or not.

It constructs a graph over a document where nodes rep-
resent the different sentences and the edges are weighted
and represent the strengths of relations between sen-
tences. Different strategies have been proposed to select
the best sentences from this graph.

The focus here is on aspects related to semantic level
representation of the source document. This semantic
representation will allow the selection of the most impor-

tant content of a document.

Table 2.1 Extractive Text Summarization Techniques

and articles like "a" and "the". A number of other techniques have followed the same
assumption. In this sense, Lloret and Palomar (2009) combined the frequency of words
with the length of noun phrases to rank sentences according to their importance. The
authors reported that this approach outperformed the state-of-the art approaches in
single-document summarization on the newswire domain.

Victoria (2004) analyzed many statistical approaches, such as term frequency and
inverse document frequency (tf*idf). The tf*idf gives high values to frequent terms
in a document in the case they are not highly frequent in the entire collection. This
approach has also been used in (Gotti et al., 2007).

The position of sentences in the text was also considered as a feature in text
summarization by Barzilay and McKeown (2005) and Christensen et al. (2004). In
fact, in documents like news stories, the leading paragraph most of the time contains
the most important information in the text and the rest of the text represents details
and/or background information about the leading paragraph. For this reason, selecting
the leading paragraph in the summary for some kind of documents like news stories
is important. However, for another category of documents like scientific texts the

introduction usually provides background information, while the main important
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content is stated in the conclusion, so the position feature that a summarization system
should use needs to be adapted to the category of the text to be summarized. This
underlines the importance of the idea of categorization before summarization. Indeed,
if the system knows ahead of time the category of document, it can in some cases easily
determine the portions of text which are important, thus selecting the best strategy
to generate the summary. Comparing the words appearing in sentences with those in
the title was also used as a technique to compute the relevance of sentences (Barzilay
and McKeown, 2005). Duboue et al. (2003) have considered the occurrence of specific
cuewords or expressions in sentences, such as “to summarize”, “in conclusion”. These
features have been applied following a scoring function or by combining these features
using machine learning systems.

Other techniques which are based on the use of information gain as a feature have
been proposed. Mori (2002) used information gain to determine the weight of document
terms. The first step is to build clusters of documents, and then the weight of each
word in a cluster is computed. At the final stage, highest scored sentences computed
using information gain are selected to generate the summary.

The aforementioned techniques use a different ways of scoring the different terms of
a sentence; they then rank the sentences and select those that have the highest scores.
Orasan (2004) and Orasan (2009) have shown that these techniques, even though they
are simple and do not require a deep level of semantic knowledge analysis, are suitable
for generating good quality summaries. However, Filatova and Hatzivassiloglou (2004)
stated that this kind of approach is not sufficient enough to generate high-quality
summaries. In this case, additional semantic knowledge such as discourse information,
events, topic-based semantics could be more appropriate to produce better quality

sumimaries.

2.2.1.2 Machine Learning-based approaches

The main idea of this approach is to train a machine learning system with pairs of
<source, summary> document. In this approach, the focus is on building prediction
models that try to predict whether a sentence is worth including in a summary or not.
In this case, basic features (keywords, sentence position, etc.) as well as some advanced
features like graph features have been used. We distinguish two possible approaches to
summarizing documents with this approach. In the first approach, binary classifiers
are produced to predict whether a sentence should be selected for the summary or
not. Here, we can cite the first machine learning approaches that have been proposed
in TS which include binary classifiers (Kupiec et al., 1995), Hidden Markov Models
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(Conroy and O’leary, 2001); (Schlesinger et al., 2002), and Bayesian methods (Aone
et al., 1998).

The second approach uses a machine learning algorithm to assign weights to the
text sentences. For instance, NetSum (Svore et al., 2007) generates extracts from
newswire documents using neural networks to give a score to the sentences and select
the most salient ones. In the work of Schilder and Kondadadi (2008), a system named
FastSum has been developed. This system uses Support Vector Regression (SVR) as a
machine learning system and Least Angle Regression for feature selection. In (Li et al.,
2007), Support Vector Regression (SVR) has also been used as a machine learning
system for summarization. In order to train the summarizer, the authors used features
like sentence position, word-, phrase-, semantic-based as well as name entities. Then
sentences are scored and ranked using this machine learning system to output the
summary.

In (Fuentes et al., 2007), Support Vector Machines (SVM) have been used to select
the most important content from a query-focused summary. Supervised and semi-
supervised approaches have been used in (Wong et al., 2008) to generate extractive
summaries. In this approach, the authors used different types of features like number
of words in a sentence, sentence position, centroid and high frequency terms. They
have used Support Vector Machines (SVM) as a supervised approach to generate the
summaries. In the semi-supervised approach, an SVM and a Naive Bayesian classifier
are co-trained to handle the unlabeled data.

Text summarization has successfuly been tackled using machine learning approaches.
However, one of the problems that has been faced when doing summarization following
this approach is the difficulty to find large training corpora. In fact, the generation of

this kind of corpus is very consuming in terms of time and resources.

2.2.1.3 Graph-based ETS

Graph-based extractive summarizers have been proposed in the literature. In this
approach, nodes represent sentences and edges represent the relation between these
sentences. These relations include semantic relations, semantic distance between
sentences, etc. The assumption here is that the topology of the graph could provide
interesting insights into the most important content of the text. Among the most
relevant approaches in this category, we mention LexRank (Erkan and Radev, 2004)
which is a multi-document summarization system. In this system, sentences are
represented by graph nodes. A predefined threshold is defined upon which a decision is

made whether two sentences should be connected or not. After constructing the graph,

11



State of the Art in Arabic Text Summarization

a random walk algorithm is performed to find the most central sentences in the text
and hence to generate the summary.

Some graph-based algorithms have been analyzed for text summarization in (Mihal-
cea, 2004). Wan and Xiao (2007) proposed an approach that uses affinity graphs, for
both generic and query focused multi-document text summarization. The idea of this
work is to select sentences by penalizing redundant information. Character and word
n-grams have also been proposed in (Giannakopoulos et al., 2008) to select important
information from a set of documents. WordNet concepts have been used in (Miller and
Fellbaum, 1998), and the graph has been built using the is-a relation between concepts.
This approach has been successful in domains such as biomedical documents, newswire
and image captions.

Qazvinian and Radev (2008) combined word frequency along with sentence clustering
methods using graph approaches to generate the summary. It was also shown in (Erkan
and Radev, 2004; Mihalcea and Tarau, 2004), that graph-based approaches worked well
for both single and multi-document summarization. Chali and Joty (2008) stated that
the use of syntactic and semantic information in constructing the graph gives better
results than with the TF*IDF cosine similarity. To generate coherent texts, Salton
et al. (1997) proposed to select paragraphs instead of sentences. They have shown
that selecting well-connected paragraphs (by cosine similarity) yields good summaries.
Leskovec et al. (2005) have used machine learning methods to detect which portions of
the generated graph should be included in the summary. They have concluded that

PageRank weights were the best class of features to generate the summary.

2.2.1.4 Methods using Semantics and Discourse

Text summarization has also been addressed from a linguistic point of view. To this
end, discourse based methods have been proposed. In the sequel, we present the main

approaches in this field.

Rhetorical Structure Theory (RST) Rhetorical structure theory (Mann and
Thompson, 1988) has gained a lot of interest in text summarization. This approach
analyzes the input text and provides a tree representation of this input. In the tree
representation provided by RST, the elementary discourse units (EDUs) are the smallest
units of the text. The different units are combined recursively together forming a
hierarchical structure of the entire text. The different units participating in the tree
are represented by a nucleus or satellite status. The nucleus is considered as having

the most important information of the text. Marcu (1999) has extended the rhetorical
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relations and used this discourse representation to select the most important content
units in a document. To enrich the summarization system, Khan et al. (2005) have
combined RST with a generic summarizer. The authors claimed that combining
RST with a generic summarizer does not improve the results obtained by the generic
summarizer alone. The authors claimed that this was caused by the RST parser which
was not able to detect all the RST relations. It is also worth mentioning that RST has
given good results for single document summarization of news and Scientific American
article (Marcu, 1997, 1998, 2000).

To improve the coherence and cohesion of summaries, Da Cunha et al. (2007) have
combined statistical and linguistic techniques. They have shown that combining these

two types of approaches were more beneficial than using one single technique.

Lexical or coreference chains Another approach is to use lexical or coreference
chains. This approach has been first used in (Baldwin and Morton, 1998). The idea of
this approach is to select the longest coreference chain. The assumption here is that
the longest coreference chain contains the main topic of the document while shorter
chains indicate subtopics. In order to generate coherent summaries, this approach
selects the longest coreference chain.

Referential cohesion is one of the problems that is difficult to tackle in text summa-
rization. To solve this issue, Gongalves et al. (2008) have used coreference chains. A
post-processing step is defined in their system to rewrite referential expressions in a
more coherent manner. This was applied after the generation of the summary. The
authors claimed that their approach improved the coherence of the generated summary.

The lexical-chains-based approach aims to determine sequences of words which are
semantically related to each other (for example, synonyms). It is assumed that the
main topic could be detected just by selecting the longest chain. In this sense, Barzilay
and Elhadad (1999), Medelyan (2007) and Ercan and Cicekli (2008) have used this
technique to generate summaries.

The ability of this approach to identify all the connected entities inside the document
prevents the summarization systems from the common dangling anaphora phenomenon
and hence allow the generation of coherent summaries (Elsner and Charniak (2008)).
Dangling anaphora is the problem consisting in having pronouns in the text but with
incorrect antecedents in the summary. For instance, if the summary contains the
word “he” but its antecedent (eg. the teacher ) is ommited in the summary , the
reader will not be able to understand the summary. To tackle this problem, some

anaphora resolution approaches have been proposed (Mitkov et al., 2007; Orasan, 2004).
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First, documents are processed to resolve anaphoric pronouns, then the summarization
system is run. The authors claimed that the performance of the systems did not
improve, which was explained by the poor precision of the anaphora resolution systems.
Orasan (2007) have tested the approach with an ideal anaphora resolution system
where the anaphoric relations were performed manually. The authors claimed that, in
this situation, the summaries have improved considerably.

Steinberger et al. (2007) stated that the quality of the anaphoric resolution system
is not the only criterion in generating better quality summaries. In fact, the manner in
which the anaphoric systems are used is a factor that improve the quality.

The lexical-chains-based approach has also been used using semantic resources. The
intuition here is that the lexical chains approach considers that topics are expressed
using different related words (Nenkova and McKeown, 2011). The approach mainly
relies on WordNet (Miller et al., 1990), which is a lexical resource. WordNet allows to
identify synonymy, antonymy, general-specific and part-whole relations.

Barzilay et al. (1999) proposed an approach where the input document is segmented;
they also identified lexical chains within segments and across segments. The different
lexical chains are scored, and finally one sentence of each highly scored lexical chain is
selected.

Nenkova and McKeown (2011) stated that the success of the lexical chains ap-
proaches mainly rely on the coverage provided by WordNet. For this reason, approaches
like Latent Semantic Analysis could propose a solution to the issue since it gives an
approximate semantic interpretation of the input without heavily relying on a semantic
resource like WordNet.

Latent Semantic Analysis Latent semantic analysis (LSA) (Deerwester et al.,
1990) has been proposed to be used in text summarization. It allows a semantic
representation of the text document based on the co-occurrence of words. In (Gong
and Liu, 2001), LSA has been proposed to tackle both single and multi-document
summarization of news. This approach represents a document as a matrix where each
row represents the word of the document while a column represents a sentence. Each
cell a;; of the matrix represents the weight of the word 7 in the document j. In case
where the document does not contain the word, the weight is zero, otherwise it has the
TE*IDF score for this word. Then, singular-value decomposition (SVD) techniques are
applied to the matrix A. This matrix is represented as a product of three matrices:
A = UXVT. Where U is an m x n column-orthonormal matrix whose columns are

called left singular vectors, ¥ is an n x n diagonal matrix whose diagonal elements are
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non-negative singular values sorted in descending order, and V' is an n X n orthonormal
matrix whose columns are called right singular vectors. It was suggested in (Gong and
Liu, 2001) that each row of V7 can be considered as mutually independent topics of
the source document. In this case, they just select each row of VT to generate the
summary. We mention also that Steinberger et al. (2007) have also analyzed several
variations of the methods of Gong and Liu (2001) and achieved an improvement over
the basic method of Gong and Liu (2001).

Hachey et al. (2006) have proposed another method to use singular value decompo-
sition. Initially, they followed the basic LSA approach and built the matrix A. They
built this matrix taking as a basis a large collection of documents. The performance
of this approach has been tested with TF*IDF and with and without SVD. They
claimed that SVD improved the performance over a co-occurrence approach but the

performance was not significant over the TF*IDF summarizer.

Coreference Information Coreference resolution has also been used in text sum-
marization. The coreference resolution process aims to find all the references of an
entity in the document. Early results (Baldwin and Morton, 1998; Boguraev and
Kennedy, 1999) using this approach have concluded that it was not beneficial for text
summarization. Then, this technique has been used in (Steinberger et al., 2007) for
generic single document summarization of news that rely on word frequency features
and proved that this approach has led to important improvement of the quality of
the generated summary. An LSA-driven summarizer has been improved as well using
anaphora resolution in (Gong and Liu, 2001). In a first experiment, the references
to the same entity were replaced by its first mention in the document. The resulting
input document is then provided to an LSA summarizer. In the second experiment,
they used the presence of an entity in a sentence as an additional feature helping to
determine the importance of the sentence. In this case, the references to the entity
remained unchanged. The authors stated that the first approach has led to a decrease
in the performance of the LSA-based summarizer. However, the second approach has

given a significant improvement.

2.2.2 Abstrative Text Summarization

Abstractive summarization allows an internal representation of the source document
so as to produce a faithful summary of the source. In this case, external text can be

inserted into the generated summary. Probably due to the complexity of the abstractive
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approach, the vast majority of work in text summarization has adopted an extractive
approach.

An interesting efforts have been done on abstractive summarization. Khan et al.
(2015) have used sematic role labeling to represent documents. They have proposed
an abstractive summarization framework for multi-document summarization. The
content of the summary document is selected based on a ranking of the predicate
argument structures. Pighin et al. (2014) have used abstractive text summarization
for news events. They represent the events as a collection of pattern clusters. In this
representation, each cluster represents an event (e.g., marriage) and every pattern
represents a manner of expressing this event (e.g., X married Y, X and Y tied the
knot). In order to extract the event, they have compared three methods, a heuristic-
based, a memory-based and a compression-based method. They have concluded that
the memory-based method generates significantly more grammatical and informative
sentences. Phrase selection and merging have also been applied for abstractive text
summarization. In (Bing et al., 2015), new sentences can be constructed by exploiting
more fine-grained syntactic units than sentences, namely noun/verb phrases. From the
original document, this approach constructs concepts and facts represented by phrases.
The authors use integer linear optimization to simultaneously select and merge the
different phrases. In (Boudin et al., 2015), the notion of Basic Semantic Unit (BSU)
has been coined to describe the semantics of an event or action. The authors have also
defined a semantic link network taking into account the BSUs to capture semantic
information of the text documents. The structure of the summary is generated based
on the sentences generated by the semantic link network. In (Rush et al., 2015), a
data-driven sentence abstraction approach has been proposed. This method, which is
described as local attention-based, generates each word of the summary conditioned by
the input sentence. The authors mention that the system could be trained end-to-end
and can scale to large amounts of training data. In (Liu et al., 2015), a semantic
representation, called abstractive meaning representation (AMR), was used to construct
an abstractive framework. Original texts are represented and parsed as a set of AMR
graphs. Then, these graphs are transformed into a graph of text summaries . A
graph-to-graph transformation was used to generate the summary graph. The final
step is then to generate the summary text from the graph. Mehdad et al. (2014)
have proposed a query-based abstractive summarization system for conversations.
Queries are defined so as to reflect the user’s information needs. The authors have
used a word graph-model to select sentences from the conversation. They generate

the summary by selecting the best path in the constructed graph as a query-based
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abstract sentence of each cluster. The summary consists of abstract sentences that
represent the conversation content and the phrasal query information. In (Lloret
and Palomar, 2011), a system is proposed which uses a word graph-based method
to merge or compress information. The system combines extractive and abstractive
information to generate the abstracts. To select relevant sentences from the source text,
the COMPENDIUM system is used. The authors have reported that their experiments
prove that the combination of extractive and abstractive information is a more suitable
strategy to generate abstracts. In (Genest and Lapalme, 2011), an approach that
uses an abstract representation of source documents is proposed. This representation
makes use of the notion of Information Items (INIT), defined as the smallest element
of coherent information in a text or a sentence. The approach selects the summary
content from the representation. More recently, an interesting approach that uses
a semantic representation to generate summaries was proposed (Lloret et al., 2015).
This approach is a concept-level approach which aims to generate ultra-concise opinion
summaries from the combination of several operations. These operations include
sentence regeneration, integration of syntactic sentence simplification, and internal
concept representation. Two versions of the system were proposed. The first version
uses sentence generation while the second is without sentence generation. The authors
have reported that both versions are reliable in generating summaries. Moreover, the
system version that uses sentence regeneration was more robust in the presence of
noisy data, while the one that does not use sentence regeneration yielded better results
surpassing many state-of-the-art systems by 9% (global average between the readability
of the summary, the content of the summary, and its overall responsiveness).
Recently some abstractive text summarization techniques have been proposed.
Nema et al. (2017) proposed an approach for query based abstractive text summa-
rization. This approach uses encode-attend-decode paradigm with two key additions
(i) a query attention model which learns to focus on different portions of the query
at different time steps and (ii) a new diversity based attention model which aims to
alleviate the problem of repeating phrases in the summary. The authors reported
that their approach outperforms vanilla encode-attend-decode models with a gain of
28% (absolute) in ROUGE-L scores. See et al. (2017) proposed an architecture that
augments the standard sequence-to-sequence attentional model in two orthogonal ways.
First, they proposed a hybrid pointer-generator network that can copy words from the
source text via pointing, which allows the reproduction of accurate information, and by
retaining the ability to produce novel words through the generator. Second, they used

coverage to keep track of the summarized text to avoid repetition. They have tested this
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approach using CNN / Daily Mail summarization task. The authors stated that their
approach outperforms the current abstractive state-of-the-art by at least 2 ROUGE
points. Zhou et al. (2017) have designed a selective encoding approach to extend
the sequence-to-sequence framework for abstractive sentence summarization. They
have evaluated the model on the DUC 2004, English Gigaword, and MSR, abstractive
sentence summarization datasets and reported that their approach outperforms state-
of-the-art models. Tan et al. (2017) suggested a graph-based attentional neural model
for abstractive text summarization. The authors reported that their approach has given
comparable results to state-of-the-art extractive systems and achieved considerable

improvement over previous neural abstractive models.

2.3 Analytical Study

In this section, we try to understand the task of text summarization and the different
operations that have been proposed in the literature. At the end we give some

conclusions.

2.3.1 Understanding Text Summarization

A number of studies have been done trying to understand the task of summarization.
Jing (2002) has used Hidden Markov Models to decompose summaries produced by
human experts. She has tried to infer whether a summary is constructed by reusing
phrases from the original text, identifying these phrases and finding the positions in
the original text these phrases come from. In another study, Hasler (2007) analyzed
the operations performed by human abstractors and identified a set of operations that

are involved in the summarization process.

2.3.1.1 The Work of Jing (2002)

In order to study how human abstractors generate summaries, Jing (2002) has analyzed
the process of generating a set of articles which contains fifteen articles on telecommu-
nication, ten articles about the legal domain and ten articles that deal with medical
issues. The style and the structure of the documents vary even within the same specific
domain.

From what they have observed about the studied corpus, they have found that
human abstractors most of the time reuse text from the original document to generate

a summary. They have also stated that this observation is consistent with the work of
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Endres-Niggemeyer and Neugebauer (1998), who explained that professional abstractors
most of the time rely on cutting and pasting from the original text in the summarization
process.

After the analysis of the operations used in the summarization process, Jing (2002)
has defined six operations that can be used to transform a source document into a
summary document. These operations are sentence reduction, sentence combination,
syntactic transformation, lexical paraphrasing, generalization or specification, and

reordering. In the sequel, we give a description of each of these operations Jing (2002).

Sentence reduction Sentence reduction consists in removing non-essential phrases
from a sentence. This operation has later been called sentence compression in the
literature. But the term sentence compression in the literature is not only restricted to

removing phrases but also individual words from any given document.

Sentence combination Sentence combination is the process of merging material
from a set of sentences into a single sentence. Jing (2002) has stated that this operation

is typically used together with sentence reduction.

Syntactic transformation Syntactic transformation is involved both in sentence

reduction and sentence combination. It changes the syntactic structure of a sentence.

Lexical paraphrasing Lexical paraphrasing is the process of substitution of sen-

tences with their paraphrases.

Generalization or specification Generalization (resp, specification) aims to re-

place phrases or clauses of a sentence with a more general (resp, specific) description.

Reordering In reordering, the order of extracted sentences is changed with respect
to the original. For instance, the ending sentence of an article may be placed at the
beginning of an abstract.

Jing (2002) stated that not all operations are listed here. In fact, some operations
are infrequently used. Jing (2002) also stated that multiple operations are often
involved to produce a single sentence summary. Another interesting conclusion is that
in the human-written abstracts, some sentences are not based on cut and paste but are
written from scratch. To distinguish between sentences that were cut and pasted and

sentences written from scratch, the authors decided that sentences having more than
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half of their words in the summary are borrowed from the source document (cut and

pasted). Otherwise, they judge that these sentences have been written from scratch.

2.3.1.2 The Work of Hasler (2007)

Hasler (2007) has stated that to generate English summaries, humans tend to copy and
paste snippets from the original document after some slight modifications. Hasler (2007)
also classified the operations into five classes. After the analysis of a summarization
corpus, these operations were classified as either atomic or complex operations. The
atomic operations are insertion and deletion of words. The complex operations include
replacement and reordering of words and merging of sentences. It was explained that
atomic operations cannot be further divided into other operation, whereas complex
operations can.

All the definitions provided below have been taken from Hasler (2007). Table 2.2
presents the operations that have been observed on the corpus by Hasler (2007).

Deletion Deletion is defined as the process of removing a unit from a certain place

in the extract so that it does not appear in the same place in the abstract.

Insertion Insertion is defined as the process of adding a unit to the abstract which

is not present in the extract.

Replacement Replacement is defined in terms of a deletion and an insertion: it is
the deletion of one unit and the insertion of a different unit in the same place in the

text.

Reordering Reordering occurs when a sentence or part of a sentence is moved from
its original position in the extract into a new position in the abstract and is defined in
this context as the deletion of a unit from one place in the extract and its insertion in

a different place in the abstract.

Merging Merging is defined in this context as taking information from different

units in the extract and presenting it as one unit in the abstract.

2.3.1.3 Other Text Summarization Operations

Here we present the operations that have been widely used in text summarization.

We do not claim that this list of operations is exhaustive, but it covers definitions of
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Type of operation = Operation Sub-operation

Atomic Deletion Complete sentences
Subordinate clauses
Prepositional phrases
Adverb phrases
Reporting clauses and speech
Noun phrases
Determiners
The verb be
Specially formatted text

Insertion Connectives

Formulaic units
Modifiers
Punctuation

Complex Replacement Pronominalization
Lexical substitution
Restructuring of noun phrases
Nominalization
Referred sentences
Verb phrases

Abbreviations
Reordering Emphasizing information

Improving coherence and readability
Merging Restructuring of clauses and sentences

Punctuation/connectives

Table 2.2 Text summarization operations
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the main operations that have been used in the literature. These operations include
natural language generation, text simplification, sentence compression, text revision
and sentence fusion. We also consider extractive summarization (sentence selection)
as an operation that aims to determine whether a sentence is worth including in the

summary or not.

Natural language generation Various approaches have been used to tackle text
summarization. Some of these are based on natural language generation. For instance,
Radev and McKeown (1998) have developed a system, SUMMONS, which produces
multi-document summaries of the same event by using the output of systems developed
for the DARPA Message Understanding Conferences. In a similar study, (Kumar et al.,
2009) have designed a learning-based system that generates a draft report as a mix
of event data and the input text document. This learning system was trained on a

corpus of reports prepared by experts in the target (conference replanning) domain.

Text simplification Various studies have tried to do text simplification. The focus
here is on the use of rewriting operations that get applied to source sentences so as to
decrease the syntactic or lexical level of complexity and at the same time to preserve
their meaning (Siddharthan, 2002). In this context, Coster and Kauchak (2011) have
used different simplification operations including (rewording, reordering, insertion and
deletion) by introducing a data set that pairs Simple English Wikipedia with English
Wikipedia. Similarly, Woodsend and Lapata (2011) have designed an approach to
generate content selection rules from same-topic Wikipedia articles written in the main
encyclopedia and its Simple English variant. Wubben et al. (2012) have proposed
an approach for simplifying sentences using Phrase- Based Monolingual Machine

Translation. Kauchak (2013) has used language modeling for text simplification.

Sentence compression A good effort has also been devoted to sentence compression.
The goal here is to transform a given source sentence by means of reduction and/or
paraphrasing operations while respecting the important information found in the
source sentence (Clarke and Lapata, 2008). Recently, Huang et al. (2012) have used
first-order logic Markov Logic Networks, a statistical relational learning framework
that combines Markov Networks with First-Order Logic. This approach uses a set of
weighted formulas to compress sentences. A tree-to-tree transduction method based
on synchronous tree substitution grammars has also been proposed to tackle sentence
compression (Feblowitz and Kauchak, 2013; Yamangil and Shieber, 2010). A semantic
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constraint-based approach was proposed in (Yoshikawa et al., 2012). This approach
relies on semantic roles constraints which aim to capture the relation between a given
predicate and its arguments. An abstractive approach was proposed in (Cohn and
Lapata, 2013). They used operations such as substitution, reordering, and insertion in a
discriminative tree-to-tree transduction model to compress sentences. In another study,
Zajic et al. (2007) have examined the use of sentence compression in single document
text summarization using a parse-and-trim approach and a statistical noisy channel
approach. They also introduced the Multi-Candidate Reduction (MCR) framework for
multi-document summarization, in which many compressed candidates are generated
for each source sentence. These candidates are then selected for inclusion in the final

summary based on a combination of features.

Text revision Text revision has also been tackled in the context of text summa-
rization. Nenkova (2008) studied the benefits and shortcomings of entity-driven noun
phrase rewriting for multi-document summarization of news articles. Tanaka et al.
(2009) studied text revision for broadcast news summarization using a Syntax-driven
approach. They performed text revision by using operations like substitution, reorder-
ing, and insertion. Saggion (2009) studied the benefit of adding extra information to
the abstract. The author proposed an approach whereby a predefined vocabulary (e.g.,
"to report", "to indicate’, "to address', etc.) is used to combine different fragments
of information. This system is machine learning-based; it tries to select the most
suitable expression among the aforementioned expressions to combine two fragments

of information.

Sentence fusion Another category of approaches have dealt with sentence fusion
which was proposed in (Barzilay and McKeown, 2005). Sentence fusion is a text-to-text
generation technique that aims to synthesize common information between documents.
In order to evaluate sentence fusion techniques, McKeown et al. (2010) presented a

semi-automatic approach to collecting fusions of similar sentences using Amazon’s
Mechanical Turk.

Sentence selection Probably due to the difficulty of abstractive text summarization,
most studies have followed the extractive paradigm, selecting the important pieces of
information from the source document verbatim (chunks of sentences, entire sentences,
paragraphs), i.e., without adding any external text to the generated summary. Recently,

Ferreira et al. (2013) have assessed the performance of 15 techniques for sentence scoring
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(in extracted texts) which are the most common in the field. The extractive approaches
have a lot of shortcomings in terms of the quality of the generated summary. One of
these is the lack of coherence, especially due to the existence of "dangling anaphors'
(Lloret and Palomar, 2012). Abstractive text summarization can theoretically solve
this problem. In fact, it allows an internal representation of the source document so as
to produce a faithful summary of the source, preserving thereby its readability and
coherence. This approach allows the production of a summary by not only deleting
(words, phrases, and/or sentences) from the source document, but by also allowing
the addition to the summary of new material that was not necessarily present in the
original document. An important feature of abstractive text summarization compared
to the extractive one is that it generates a summary which is most of the time shorter

and more informative (Jing and McKeown, 2000).

2.3.2 Text Summarization Taxonomies

Let us present the available taxonomies of text summarization that have been proposed

in the literature.

2.3.2.1 The Taxonomy of Jones et al. (1999)

Jones et al. (1999) have proposed a taxonomy where three classes of context factors that
have an impact on the summarization task have been considered. These are the input,
purpose and output factors. The input factor deals with issues like genre, language
and register. The output factor considers the style and the coverage of the summary.

The purpose factor deals with issues related to the audience and the coverage of the

summary.
Category Description
Input Genre, Language, Register
Output Style and coverage
Purpose Audience and use

Table 2.3 The taxonomy of Jones et al. (1999)

2.3.2.2 The Taxonomy of Hovy and Lin (1999)

Hovy and Lin (1999) have proposed a taxonomy similar to that of Jones et al. (1999).
In fact, the authors tried to classify summarization work according to three relevant

aspects: input, output and purpose. The difference between the two taxonomies is
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that this taxonomy takes into account additional factors which are the subjectivity

level and the coherence of the summary.

2.3.2.3 The Taxonomy of Mani and Maybury (1999)

Mani and Maybury (1999) have classified the summarization approaches according to
the summarization level. In their work, they have distinguished three levels: surface-,
entity- or discourse-level. The surface level approaches make use of shallow features
(like the position of the sentence) to generate the summaries. Here, a function that
takes into account these features is used to extract the most important content. The
entity-level approaches use patterns of connectivity and relationships to represent the
documents. These approaches use similarity between sentences, thesaural and semantic

relationships. The discourse-level approaches represent the structure of the entire

document.
Category Description
Surface-level Shallow features
Entity- level Patterns of connectivity and relationships
Discourse-level Document structure

Table 2.4 The taxonomy of Mani and Maybury (1999)

2.3.2.4 The Taxonomy of Lloret and Palomar (2012)

Lloret and Palomar (2012) have proposed a text summarization taxonomy that takes
into account several summarization types according to several factors (see Table 2.5).

The first factor considered in their work is the media that characterize the sum-
marization process. Although the main concern is text summarization, Lloret and
Palomar (2012) have classified summarization according to the media used. They
mentioned works where the summarization has been applied in other media. These
include images (Fan et al., 2008), audio (Zechner and Waibel, 2000), video (He et al.,
1999) and hypertexts (Sun et al., 2005).

Another factor that has been considered in the taxonomy of (Lloret and Palomar,
2012) is the input. They considered two types of input namely single or multi-document
summarization. The output factor considers the generated summary which could be
an extract, the summary in this case having been generated by selecting the most
important sentences, chunks of sentences, paragraphs, words, etc., to generate the

summary without adding any external material. The output could also be an abstract
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where in this case the text generated as output could include operations that add
external material to generate the summary. Another output that could be generated is
the headline (the title of the document). They have also considered the purpose as a
factor in the taxonomy. In this sense, the summary is either generic or query-focused.
The difference between the two types of summaries is that the generic summary is
generated regardless of any background information or any query expressed by a user,
whereas the query-focused summary is driven by the query that the user expressed.
Also this factor distinguished between indicative and informative summaries. An
indicative summary is very short and indicates only the topic that is discussed in the
document while an informative summary is used to give more detailed information
by covering the topics of the source document. Another type which is the critical
evaluative abstracts have also been considered. This type of summary considers the
author feedback or point of view towards a specific topic. This includes opinion,
reviews, feedback, recommendations, etc., and depends on cultural interpretations.
This type of summary is very difficult to generate automatically due to its subjectivity.
Other types of summaries such as update summaries where the background of the
user towards specific content is considered (in this case the aim is to show the user
only the new information that he probably does not know) have also been proposed.
The sentiment-based summaries represent another type of summary where different
degrees of subjectivity have been considered. Regarding the language of the summary;,
we distinguish three types: mono-lingual, multi-lingual, and cross-lingual summaries.
If the language of the output (source document) is the same as the language of the
output (summary), then we are dealing with mono-lingual summarization. In the case
where the summarization system has the ability to take as input documents in several
languages and generates a summary in the same language of the input then we are
dealing with a multi-lingual summarization system. A cross-lingual summarization
system supports many languages. Besides that, it may take an input in a language X

and could output a summary in another language Y.

2.4 Arabic Text Summarization

For languages like English, and some other European languages like French, Swedish,
and Spanish, various approaches have been developed to deal with the text summa-
rization task (Lloret and Palomar (2012); Nenkova and McKeown (2011); Saggion and
Poibeau (2013)). A lot of research effort is also underway for some Asian languages

such as Japanese, Chinese and Indian. Unfortunately, research on Arabic text summa-
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Category

Description

MEDIA

INPUT

ouTPUT

INPUT

PURPOSE

LANGUAGE

Text

Images

Video

Speech
Hypertext
Single-document
Multi-document
Extract
Abstract
Headline
Single-document
Multi-document
Generic
Personalized
Query-focused
Update
Sentiment-based
Indicative
Critical
Mono-lingual
Multi-lingual
Cross-lingual

Table 2.5 The taxonomy of Lloret and Palomar (2012)
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rization is still very much underdeveloped compared to that on the aforementioned
languages. This section reviews the main approaches that have tackled the problem of
Arabic text summarization. As we will show later, all of the work that has been done
on Arabic text summarization follows an extractive approach.

In (Azmi and Al-thanyyan, 2009) the authors present an automatic extractive
Arabic text summarization system. Their system uses Rhetorical Structure Theory
(RST) in conjunction with a sentence scoring scheme. Summaries of different lengths
were compared to those made by a human expert. They explained that their system
overcomes some of the other existing systems including those based on machine learning
techniques.

In (El-Haj et al., 2011b) a multi-document summarizer is presented despite their
complaint about the lack of Arabic multi-document corpora and gold standard for text
summarization. The results produced by this system were compared to five systems in
the DUC-2002 multi-document summarization task.

In (Keskes et al., 2012) a comparative study between three approaches for automatic
summarization of Arabic documents is presented. The first method is based on a
symbolic approach; the second uses a numerical approach while the third one is a
hybrid between the two. They show that the numerical approach outperforms the
symbolic one while the hybrid approach outperforms the other two.

In (Abdel Fattah and Ren, 2008) probabilistic neural networks (PNN) are used
with several features. They studied the effect of each feature on the text summarization
task. Then, they used a combination of all the features to train the probabilistic neural
network (PNN) so as to generate a text summarizer.

Lakhas (Douzidia and Lapalme, 2004) is a system that generates 10-word summaries
from news articles. The first step consists in summarizing the source articles; then it
translates the documents into English. This approach was considered very successful
for very short (headline) summaries.

El-Haj and Hammo (2008) proposed a query-driven summarization. This system
tries to extract the most relevant paragraphs from a source document by using a vector
space model and cosine similarity. Then, top ranked sentences are selected to generate
the summary. The authors decided to set the size of the summary to half or less than
half the source document. The system has been manually evaluated by 1500 evaluators
having different educational levels and background. The corpus used is a collection of
Wikipedia articles.

Haboush et al. (2012) have proposed a single document summarization system. To

rank the sentences, they have relied on the weight of the word root (they have used
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a stemming step to extract the root) instead of the weight of the whole word. The
authors then used a tf formula to weight the sentences and generate the summary. The
authors have created four summaries for each document and evaluated the approach
using a manually created corpus that contains ten documents.

El-Haj et al. (2011a) have proposed a clustering- based approach to handle Arabic
text summarization. TF-IDF is used to create the different instances which represent
the sentences of the document. In the first approach, they have clustered sentences of
the source document and the cluster having the largest amount of sentences is selected.
The second approach takes the first sentence from each cluster. In this experiment,
they have used a parallel English-Arabic of the DUC 2002 corpus developed by El-Haj
et al. (2011a).

Schlesinger et al. (2008) have proposed CLASSY (Clustering, Linguistics, And
Statistics for Summarization Yield) a generic and query driven approach. It is a
multilingual (English and Arabic) extractive system. This system allows the generation
of both single and multi-document summaries. CLASSY uses several defined trimming
rules to shorten the sentences. Then, it selects and organizes sentences to produce
a multi-document summary. The first step in CLASSY is to associate a type with
each sentence. For example, type 0 is associated with headlines. Then, the trimming
operation is performed to remove irrelevant phrases from sentences. Finally, sentences
are scored using an approximate oracle score.

El-Haj and Rayson (2013) have proposed an extractive summarization system which
is a language-independent, single and multi-document summarizer and it deals with
both English and Arabic. In their approach, a log-likelihood score of each word is
computed. Then, the weight of each sentence is the sum of the score of each word.
The system selects sentences with the highest weight to generate the summary. The
authors have participated in the MultiLing 2013 Workshop summarization task; in
which, besides the provision of corpora for English and other languages, an Arabic
language corpus was also made available.

Oufaida et al. (2014) have designed a single and multi-document summarization
system which is based on the minimal-redundancy maximal-relevance (mnRMR) (Peng
et al., 2005) approach as well as a discriminant analysis method. First, the authors
clustered sentences using the hierarchical clustering algorithm. The mRMR computes
the score (or the rank) of each term, which represents its discrimination. This score is
calculated in such as a way that its value will be high when its frequency varies across
the different classes and the score value of the term will be low otherwise. The authors

proposed three strategies to rank sentences. Then highly ranked sentences are selected

29



State of the Art in Arabic Text Summarization

to generate the summary. The authors used EASC for single-document summarization
and the MultiLing Pilot 2011 corpus for multi-document summarization. The authors
stated that one of the configurations outperformed the lead baseline.

Boudabous et al. (2010) have proposed Support Vector Machines (SVM) to sum-
marize documents. The authors have extracted features like sentence position and
TF-IDF score, etc. The features were fed into the SVM to generate the learning model.
The authors reported an F-measure of 0.991.

Sobh (2009) has proposed two different methods to generate an extractive summary.
The first method uses a Naive Bayesian classifier while the second approach uses genetic
programming (GP). The final summary is then generated by either the union or the
intersection of sentences of the two summaries generated by the two methods. For the
evaluation, the authors have built a corpus of 123 documents. Each sentence in the
summary has been annotated by a language specialist as either sentence summary or
not. The authors stated that the summaries generated by the Naive Bayesian classifier
and those generated by genetic programming were relatively similar in terms of the
F-measure. However, sentences generated by the union were much longer than those
generated by the intersection. The summaries generated by the union have higher
recall while summaries generated by the intersection have higher precision. They have
also stated that their system provided summaries which are similar to those generated
by humans.

El-Fishawy et al. (2014) have designed a machine learning-based system that
summarizes Twitter posts made in the Egyptian dialect. First, the system applies
some preprocessing steps. Very short posts are excluded. They have used features like
the number of followers, the length of the post and the number of re-tweets. They
have also used approaches to calculate the significance of the features such as term
frequency. They have also calculated the similarity between the sentences. They have
used a regression tree model (Frank et al., 1998) to give weights to the different posts.
Then they have selected the posts with the highest score. To eliminate redundancy,
they selected the post based on a similarity function between the current post and the
previously chosen posts. The authors have used a corpus that contains 15 topics. Each
topic contains between 300 and 1500 Twitter posts. According to the evaluation they
reported, the system they proposed outperforms SumBasic (Vanderwende et al., 2007)
and MEAD (Radev et al., 2002).

Imam et al. (2013) have proposed OSSAD, an Ontology-based Summarizer for the
Arabic language. This summarizer is query-driven and relies on a machine learning

approach to generate summaries. The system expands the user’s query by using the
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Arabic WordNet. It also adds concepts and relations. Then it uses the decision tree
algorithm (C4.5) with four features (which are the Arabic WordNet expanded query,
the number of words of the original query, the concept of the expanded query and the
relationship of the expanded query) to produce the summary. The authors used their
own corpus and also used EASC (El-Haj et al., 2011a) in the test stage. They reported

promising results compared to the summaries generated by humans.

2.4.1 Discussion

As we mentioned above, the work that has been done on Arabic text summarization is
very much underdeveloped compared to other languages. This is due to various factors

among these we mention the following:

o The lack of validated gold standard corpora for the Arabic language. In fact,
most studies use their own corpus. This makes the comparison between Arabic

summarization systems difficult.
e The community working on Arabic text summarization is quite small.

o The difficulty of the Arabic language itself because of its complex spelling,

vocabulary, morphology and syntax.

o The problem of diacritics (tashkyl) in the Arabic language makes it even more

complex to handle.

However, it is worth pointing out that recently some efforts have started. For
instance, El-Haj et al. (2011a) have designed the EASC corpus, which is a parallel
corpus. Nevertheless, there is still a lot of effort to be done to produce Arabic
summarization systems with a quality similar to the ones produced for other languages.

To improve the quality of the current Arabic summarization systems, the community
needs to develop and improve NLP tools for Arabic. In fact, the summarization systems
rely mainly on these NLP tools to generate summaries. This include part of speech
tagging, named entity recognition, syntactic and semantic parsing, etc.

Let us emphasize once more that to the best of our knowledge the work done
on Arabic text summarization has followed the extractive approach and that the

abstractive approach has not been used for the Arabic language except our work.
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2.5 Text Summarization with Other Applications

2.5.1 Text Categorization

Text categorisation aims to automatically associate a document with category from a
predefined set (Sebastiani, 2002). Text summarization has been successfully combined
with many NLP applications. For instance, in the work of Ker and Chen (2000)
summarization features such as the position of a sentence and the word frequency were
used to classify news documents. This approach has reached a precision of 82%. In
another study, Shen et al. (2004) have suggested to use summaries instead of entire
documents to do text categorization. This approach was used as a noise filter for web
pages. This will generate a new document which will then be used to classify the
document. The text categorization approach they proposed uses term frequency and
Latent Semantic Analysis (LSA). They have used 150 000 web pages with 64 categories
and have shown that this approach has improved the classification performance by
8.8%. In a similar study, Shen et al. (2007) have studied the impact of the compression
rate of the summarization system in text categorization and concluded that the optimal

compression rates are 20 and 30%.

2.5.2 Opinion Mining

The aim of opinion mining is to detect whether a given text is subjective or objective.
In the case of a subjective text, sentiment analysis tries to determine the category of the
text: neutral, positive or negative. Text summarization has improved the performance
for this task where a user gives an opinion about a certain topic, product, service, etc.
In this situation a user could express this by a short text which could be classified as
positive, neutral or negative (Wilson et al., 2005). In (Saggion and Funk, 2009), the
summarization task has improved the quality of the system and achieved (74%) and
(32%) when using full texts.

2.5.3 Information Retrieval

Text summarization has been combined with information retrieval in several ways. The
most common way is that information retrieval systems output a set of documents
then the summarization system takes the output and generate a summary to the
user. For instance, Radev and Fan (2000) designed a multi-document summarizer
that summarizes web search results. The SWEeT system, developed by Steinberger

et al. (2008) uses an information retrieval system that retrieves documents from the
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web and uses Latent Semantic Analysis to select the most important sentences from
these documents. To remove redundancy, they used cosine similarity to generate
the final summary. Dunlavy et al. (2007) have designed the QCS system which uses
an information retrieval system to retrieve documents not from the web but from
a static document collection. Then, the documents are clustered according to the
main topic. In the next step, a single-summary is produced for each cluster. Then,
the authors used a Hidden Markov Model as a machine learning model to determine
whether sentences are worth to be including in the summary. In another scenario, some
work has investigated if the summarization systems where benefial to the information
retrieval systems. For instance, Sakai and Sparck-Jones (2001) have proven that the
indexing stage has improved the precision of the information retrieval system when

using summaries with compression rates between 10 and 30%.

2.6 Conclusion

In this chapter, we have covered the main approaches that have been proposed for
text summarization. We presented the main two approaches in the field of text
summarization, namely extractive and the abstractive summarization. We have shown
that the most dominating approach in the field is the extractive approach. Most studies
avoid using the abstractive approach probably due to the difficulty of this one. In
fact, this approach requires a deep understanding of the text to generate the summary.
However, we mention that we have recently seen an increasing interest in this research
area since the performance of the extractive approach seems to be reaching its limits.

We have tried to conduct an analytical study within which we have extracted the
main operations that are applied in the text summarization process. This analysis has
been done by looking at two interesting works (Hasler, 2007) and (Jing, 2002) which
have tried to analyze the operations that human abstractors perform when generating
summaries.

We have also investigated the use of text summarization with other applications.
We have discussed the use of text summarization with text categorization, opinion
mining, and information retrieval.

We have also presented the main works that has been done on Arabic text sum-
marization and stressed on the fact that this task is not sufficiently addressed for the
Arabic language. One of the issues that one has to raise is that for the Arabic language,
and to the best of our knowledge, no abstractive text summarization system has been

developed.
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Chapter 3

A Supervised Approach to Arabic

Text Summarization Using

AdaBoost

3.1 Introduction

The work presented in this chapter focuses on selecting important sentences using
AdaBoost. This work could be seen as an operation in the proposed text summarization
framework (See Figure 3.1). One way to address the problem of text summarization is
by means of machine learning techniques. These techniques have shown their usefulness
and effectiveness in various natural language processing applications such as information
retrieval, text classification, machine translation and speech recognition. The aim of
machine learning techniques is to learn a hypothesis(function) instead of algorithmically
programming it. In other words, instead of knowing exactly how to solve a problem,
in whichever area, one of the machine learning techniques can be used to learn the
way to solve the problem from examples. As such, by feeding input-output pairs ,
i.e. characteristics of the problem such as an original text in our case (input) and a
representation of the solution such as the summary of the original text (output), the
technique used learns a hypothesis, i.e. how to automatically produce a summary given
a text. In this chapter, we propose a new approach to text summarization based on
AdaBoost which we will explain in Section 3.2.

The main idea here is to build a hypothesis that could select the most relevant
sentences in the source document so as to keep the most important information as well

as preserve the readability of the summary. In our case, the inputs are sentences and
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Source Semantic “
document representation

Machine
Learning
System

AdaBoost
Summarization

System

Summary

Operation 2

Fig. 3.1 AdaBoost summarization system in the global summarization framework

the outputs are the corresponding labels. Two types of labels are considered. Label
'one" (1) is used to indicate that the sentence should be included in the summary and
"zero" (0) to indicate that the sentence should be discarded from the summary. These
decisions are taken by the AdaBoost learning model.

The remainder of this chapter is as follows. Section 3.2 describes the design of the
approach adopted in this work. Section 3.3 presents the results of the implementation.

A conclusion is then given in Section 3.4.

3.2 The AdaBoost-based summarizer

3.2.1 The AdaBoost algorithm

The boosting mechanism was introduced by Schapire (1990) for boosting the perfor-
mance of a weak learning algorithm. After several improvements AdaBoost (Freund
et al., 1996) was presented by (Bauer and Kohavi, 1999). The general AdaBoost

algorithm is as follows.
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Input: training set S of size m, Inducer Z, integer T (number of trials).

1. S’ = S with instance weights assigned to be 1.

2. Fori=1toT{

3. C, =Z(95)

4. € = = Z weight(x) (weighted error on training set).

z;€8":Ci(z;)#y;

5. If ¢, > 1/2, set S’ to a bootstrap sample from S with weight 1 for
every instance and goto step 3 (this step is limited
to 25 times after which we exit the loop).

6. ﬁz:el/(l—ez)

7. For-each z; € S, if C;(x;) = y; then weight(x;) = weight(z;) - §;.

8. Normalize the weights of instances so the total weight of S’ is m.

9. }

1
10. C*(x) = argmax Z log —
yey

Output: classifier C*.

The AdaBoost algorithm combines several induction algorithms, so that in the
presence of a new instance, it tries to determine the class/label of this instance as a
function of the decisions (votes) made by all these algorithms.

This chapter presents a method to extract the most relevant sentences from an
original document using AdaBoost which is also called AdaBoost.M1. This algorithm
produces a set of classifiers and assigns a weight to each one of them. AdaBoost also
modifies the training instances weights delivered as input to each classifier on the basis
of the models formerly constructed.

The aim of the process adopted by AdaBoost is to minimize the error over the

different inputs distribution. The different parameters of the algorithm are:

T: number of iterations
S1,59,...,8; : t weighted training sets
C1,Co,...,Cy: t classifiers

x; is the input vector of the training instance number ¢
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y; is the label of the training instance number ¢

For more details about the algorithm, we refer the reader to the paper by Bauer
and Kohavi (1999).

3.2.2 System design

Our architecture is based on two phases: the first one aims to build the AdaBoost
learning model. In the second phase, this model which was produced in the previous

phase is tested by producing a summary using the model and assessing its quality.

3.2.2.1 Stage one: Building the learning model

The general idea of this process is to construct the training data from a parallel corpus
of pairs of <source, summary>documents. This process is presented in more detail in
Algorithm 1.

Training and
constructing the
AdaBoost learning
model

Training data
construction

Corpus of pairs of

<Source, summary>

Fig. 3.2 Stage one: Building the learning model

Building the data that will be used to construct the classifier is the cornerstone
of our proposal. Given a set of training documents, i.e. a corpus of pairs <source,
summary>, the process starts by segmenting each pair of documents <d;,d;>from
the training corpus which gives us a document d;= {s;1, Si2,.-,8im} and a document
dj= {sj1, sj2,..,8jn}, each of which consists in a set of sentences. The second step
is to find for each sentence in the source document whether it has been removed or
kept in the corresponding summary. Depending on the result, we assign a value of
one (1) as a label to the sentence to indicate that the sentence has been kept and
zero (0) to indicate that the sentence has been deleted in the summary document.
The function extract_features gets the different features from a given sentence. The
different features considered in this work are: the number of words in a sentence that
are common with those in the title; a discrete function which assigns the value zero (0)
in case the sentence is not the first in the text and one (1) otherwise; the position of

the sentence in the document (the first sentences of the article are most of the time
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Algorithm 1 Building the training data

1: Input C: corpus of pairs <source, summary >of documents
2: Output T: Training data

3: T=Null {The training set is initialy empty}
4: for each pair <D;,D; >in C do

5. D;:=Segments (D;)

6: Dj:=Segments (D)

7. for each sentence Sg in D; do

8: if Sj exists in D; then

9: S label:=1

10: else

11: Si.-label:=0

12: end if

13: Fi:=Extract_ features (Sg)

14: T;:=Createlnstance (F;, Si.Label)

15: T.add(Ti)

16: end for

17: end for

18: Return T

informative); the number of keywords in the sentence; the length of the sentence; a
function that returns zero (0) if the sentence is the last one in the text and one (1)
otherwise. Then, given the label as well as the different features, these parameters are
passed as arguments to the function Createlnstance. Thus, a new instance is created
and added to the training data. The process is repeated for each pair of documents

until we get the entire training data.

3.2.2.2 Stage two: Construction of a Summary

The process depicted in figure 3.3 is responsible for the generation of a summary from
a source document. The different procedures used in this process are described in more
detail in Algorithm 2.

Source . Features extraction AdaBoost Sentences Summary
Segmentation and - :
document [ Sretraitement ™ and Labelling > prediction [% concatenation [  document
model

Fig. 3.3 Stage two: summary construction

39



A Supervised Approach to Arabic Text Summarization Using AdaBoost

Algorithm 2 Summary generation

: Input D; (Source document)
: Output D; (Summary made by the system)
: Dj:=Segments (D;)
: D;j:=Null {The summary is initialy empty}
for each sentence S; in D; do
Fi:=Extract_ features(S;)
Decision:=AdaBoost_ predict(F;) { Get the decision about S; from the AdaBoost
model }
if decision=1 then
9: D;:=D;+8; { Concatenation of two sentences }
10:  end if
11: end for
12: Return D

1%

The algorithm takes as input a source document D; then applies a set of operations
to generate a summary D;. The system starts with the initialization of the summary
document D; by associating an empty value to it. Then it segments the source
document into sentences and performs the pretreatment specific to the Arabic text that
we will explain latter. Once the documents get segmented, for each sentence S; in the
source document D;, the different features are extracted from the sentence S;. Next,
the extracted features are passed to the AdaBoost classifier which decides whether the
sentence should be included in the summary. If so, this sentence is concatenated to the
summary under construction. This process is repeated until the complete summary is

generated.

3.3 Implementation and test

3.3.1 Corpus

Machine learning allows to learn rules from the observation of a set of instances
and their correspending labels. In our case, a corpus of source documents and their
corresponding summaries was used. The instances are the feature vectors of the
sentences in a document, and the labels are the decisions about the importance of the
sentence: label zero(0) indicates that the sentence is not important and label one (1)
indicates that the sentence is important and should be included in the summary.

We have built a corpus of documents about technology news. These articles have

been collected from the websites cnnarabic.com and bbcarabic.com . The total number
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of documents is 20. This dataset is a parallel corpus of <source, summary>pairs. The

summaries were manually produced.

3.3.2 Pretreatment and Normalization of the Arabic Text

An initial step in our system is the normalization and pretreatment of the text. Most
of the operations that we will present in the sequel are specific to the Arabic language.

We have performed the following:

« Words encoding: We have used UTF-8 to encode the different characters in the

documents.

e« Removal of vowels: the various diacritics have been removed.
Example: The word & 5all becomes &y !

« Removal of Elongation: it is purely aesthetic and it has nothing to add to the

meaning of the word.

Example: The word &y —aJl becomes &y !

o Normalization of "HAMZA”: the following letters: ALEF HAMZA ABOVE,

ALEF MADDA, HAMZA_ ABOVE, BELOW ALEF HAMZA, and BELOW_HAMZA

are transformed to ALEF by removing the Hamza.

Example: JMai.] becomes JMa!

3.3.3 Comparison

Arabic text summarization is not studied enough in the literature. Moreover, we can
state that it is very difficult to compare our technique against other existing techniques,
due to the lack of gold standard corpora on the one hand and the different measures
used to assess text summarization on the other. This is why we have decided to compare
AdaBoost against the results obtained using multilayer perceptrons (MLP) and j48
decision trees. These techniques have been very successful for many Al applications.

Table 3.1 below shows the results of comparison of the AdaBoost algorithm to a
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multilayer perceptrons and the j48 decision tree in terms of F1 score. In this setting,
AdaBoost was used to boost the support vector machine classifier, which is a robust
machine learning classifier introduced by (Vapnik, 2000). We have used 10-fold cross

validation for all the machine learning algorithms.

Precision reflects the ratio of sentences extracted by the system and which were

judged to be relevant.

Recall reflects the ratio of relevant sentences that the system extracted (i.e. did

not miss).

We use TP to denote true positives and FP to denote false negatives. The recall(R),

precision(P) and F1 score(F1) are calculated as follows.

TP
P=— 1
TP+ FP (3.1)
TP
R= ———1— 3.2
TP+ FN (32)
F 3 score makes a balance between recall and precision; its general formula is given
as follows:
PxR
Fy=(1+p)*—5—— 3.3
F1 score: By setting the value of S to 1 we get
PxR
Fi=2 3.4
LT PIR (34)

Approach MLP AdaBoost  j48
Fl-score 66,4% 66,60% 63.20%
Table 3.1 Comparaison between AdaBoost, J48 and MLP in terms of F1 score

3.3.4 Discussion

From the above results we conclude that AdaBoost has given better results than MLP
and j48 decision trees in terms of F1 score. This is due to the voting mechanism

adopted by AdaBoost. If we look at the task of text summarization itself and its
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subjective definition, we conclude that 66.60% F1 score is considered as an acceptable
result. We can also state that it is very difficult to compare the proposed approach
(AdaBoost) to other existing systems for various raisons. Among these, we can mention

the following:

1. It is difficult to compare the performances of the approaches proposed for Arabic

text summarization, because each work uses a different dataset.

2. Various researchers use different evaluation measures, which is due to the difficulty
of the task itself. In fact, researchers have devoted a lot of effort developing new
metrics to assess the quality of a summarization system (Lin, 2004; Louis and
Nenkova, 2013). In fact, the evaluation of text summarization systems is still an

open issue that has to be tackled.

3. The community working on Arabic natural language processing, and specifically

Arabic text summarization, is still quite small.

4. The complexity of the Arabic language in terms of its spelling, vocabulary as well

as its morphology makes lexical, syntactic, and semantic ambiguity even higher.

5. The problem of diacritics (tashkyl) in the Arabic language makes it even more

complex to handle.

3.4 Conclusion

We have presented in this chapter a machine learning-based approach to Arabic text
summarization that uses the AdaBoost algorithm. We have shown the results of the
evaluation of the implementation using the F1-score measure. We have shown that
this approach outperforms other existing machine learning systems in terms of the
F1-score.

We envision a further development of this work in several directions. One direction
would be to test our approach on an extended corpus that contains more documents.
We also intend to introduce more features like part-of-speech tagging and semantic
relations between sentences. Another interesting area of research is to propose a new
approach that treats the problem of text summarization but using an abstractive
paradigm. In the next chapter we present concept generalization and fusion which is

an abstractive sentence generation operation.
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Chapter 4

Concept Generalization and Fusion
for Abstractive Sentence

(Generation

4.1 Introduction

In this chapter, we address the problem of abstractive text summarization with a
focus on the task of concept fusion and generalization. The latter can be seen as one
operation among several ones that can contribute to text summarization (See Figure
4.1) . It is considered a difficult one as it requires a cognitive effort to achieve it. We
are particularly interested in generalizing sentences, i.e. such that the system be able
to generate from a sentence like "Selma ate bananas, apples and potatoes” an output
like "Selma ate fruits and vegetables" or "Selma ate some food". This task requires the
use of world knowledge. In our case, we use WordNet! (Miller, 1995) as a source of
external knowledge to generalize concepts, hence to abstract sentences.

We automatically generate the generalization and fusion of the concepts of a given
sentence through a sequence of steps. The first step is to decide whether a given
sentence is generalizable or not. If it is, we generate the set of possible generalizations
(versions) of the sentence. The next step is to reduce the space of generalization
versions. And, in order to further reduce this space and get a set of generalization
versions that are acceptable in natural language, a heuristic-based and a Machine
Learning-based model are proposed. Once the best generalization version is found,

we generate the compressed sentence. The methodology proposed can generalize even

Thttp://wordnet.princeton.edu/
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Machine
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Fig. 4.1 Concept generalization and fusion in the global summarization framework

complex sentences thanks to the dependency parsing module which is used and is
described below.

The remainder of this chapter is organized as follows. Section 4.2 introduces the
problem statement and definitions. Section 4.3 explains the system design. First, we
tackle the problem of extraction of generalizable sentences. We then show how the
space of generalization versions can be generated and then reduced. Next, we describe
the heuristics we use to select acceptable versions from the space of generalization
versions. The evaluation methodology and experimentation work are presented in
Section 4.4. A running example is used in Section 4.5 to illustrate the whole approach.
Section 4.6 discusses the results we have obtained and Section 4.7 gives a conclusion as
well as a listing of some possible directions for the development of text summarization
based on this work.

4.2 Problem Statement

From our review of the related work, we have identified a number of research gaps.
Firstly, there has been limited previous work on abstractive text summarization, most

studies having focused on extractive text summarization. Secondly, there has been
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almost no summarization system that considers concept fusion and generalization
techniques for abstractive text summarization.

In the sequel, we develop an approach to sentence abtraction (i.e. generalization)
which can be used in the context of text summarization. This approach is based on the
generalization and fusion of concepts as explained above with the "eating food" example.
We define the notion of sentence generalization and what it means for a sentence to be
generalizable or not. Once we have detected that a given sentence is generalizable, we
show how its generalizations can be generated. Among all the generalization versions
that get generated, those that are acceptable are selected, which also allows to keep
the best one. The system performance is then evaluated.

We consider indeed that abstraction is an important part of summarization in that
it allows the reformulation of sequences of text fragments (concepts) in terms of simple
concepts that are more general in a taxonomy of concepts and hence capture more
concisely the meaning conveyed in a sentence. The notion being quite complex, we have
focused our attention in this chapter on the generalization and fusion of conjunctions or
disjunctions of concepts within a sentence. We leave it for future work the investigation
of this abstraction for more varied types of linkages of concepts as well as for the
generalization and fusion across contiguous sentences in a paragraph.

In our approach to concept fusion and generalization within sentences, we will
consider that sentences may contain concepts that appear in a taxonomy such as
WordNet. As such, we will be able to generalize and/or fuse concepts using the is-a

relation, hence hyperonymy paths that may exist between concepts in the taxonomy.

4.2.1 Definitions

Definition 1. Hyperonymy path of a concept C

We define a hyperonymy path of a concept C as a sequence of concepts [Cy,...,Cy] of
the taxonomy such that C; = C, C,, is the root concept, and for every pair of concepts
(C;,Cit1), the relation is-a(C;,Ci+1) holds, for i=1toi=n—1.

Example 1. In WordNet,
Hyperonymy path(teacher)= [teacher, educator, professional, adult, person, organism,

living_thing, whole, object, physical entity, entity]

Example 1 shows a hyperonymy path where "educator” is the first parent of the
concept "teacher' and "entity" is the root concept. We note that a given concept could

have more than one hyperonymy path. In this case, all the hyperonymy paths of the

47



Concept Generalization and Fusion for Abstractive Sentence Generation

concept will be merged to produce a single path. This merged path is the set of all
concepts of the hyperonymy paths of the concept (i.e. without repetition).

Example 2. Paths and merged paths example

Path; (milk)= [milk, beverage, liquid, fluid, substance, matter, physical _entity, en-
tity]

Pathy(milk)= [milk, beverage, liquid, fluid, substance, part, relation, abstraction,
entity]

Path3z(milk)= [milk, beverage, food, substance, matter, physical entity, entity]
Path,(milk)= [milk, dairy_ product, foodstuff, food, substance, matter, physical _entity,
entity]

MP (milk)= Path; (milk) U Pathg(milk) U Paths(milk) U Pathy(milk)

MP (milk)= [milk, beverage, liquid, fluid, substance, matter, physical entity, entity,

part, relation, abstraction, food, dairy_product, foodstuf]

In example 2, the first as well as the second paths of the concept "milk" do not
include the concept "food". If we consider only one of these paths, we fail at the end
to generalize and fuse the concepts. As a solution, we propose to produce a single
path (merged paths) which is the union of the concepts of all the paths for the specific

concept of interest.

Definition 2. Merged path

Let C be a concept and hyperonymy_paths(C)={Pathy, Paths,..., Pathy,}, where
path; is one of the hyperonymy paths of the concept C. We define merged_ path(C) as
{Pathy U PathaU...U Path,, }.

Definition 3. Generalizable concept
A concept C; € Taxonomy is generalizable (or, equivalently, can be generalized) if 3
C; € Taxonomy such that is-a(C;,C;) holds.

The following example will motivate the definition of generalizable and non-

generalizable sentences that comes after it.

Example 3. Generalizable and Non-Generalizable sentences

(1) Selma ate (non-generalizable sentence)
(2) Selma ate bananas, carrots and apples (generalizable sentence)
(3) Selma ate fruits and vegetables (generalizable sentence)
(4) Selma ate bananas (non-generalizable sentence)
(5) Selma ate food (non-generalizable sentence)
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In Example 3, the sentence "Selma ate bananas, carrots and apples” is generalizable
because it has three generalizable concepts and the conjunctive relation holds between
them. The sentence "Selma ate fruits and vegetables” is generalizable as well since
it contains two concepts that are generalizable and the conjunctive relation holds
between them. The sentence "Selma ate” is not generalizable since it does not contain
generalizable concepts connected by a conjunctive or disjunctive relation. Finally, the
sentence "Selma ate bananas” is not generalizable according to our definition, since it

has only one generalizable concept, "bananas”, while at least two are required.

Definition 4. Generalizable sentence

A sentence S is said to be generalizable if it contains at least two generalizable concepts
which are connected by a conjunctive or a disjunctive relation. We denote a given
generalizable sentence by the set S= {Cj,...,C,} where the set S contains only the

concepts of the sentence S which are connected by a conjunctive/disjunctive relation.

Definition 5. Generalization Version of a Generalizable Sentence

Let S= {Cy,...,C,} be a generalizable sentence and C; a concept of S. We say that
V={V1,...,Vy,,} is a generalization version of S if and only if Vi €(1..n) V; € merged
path of C;.

In example 3, for instance, one generalization version of the generalizable sentence
"Selma ate bananas, carrots and tomatoes', which we denote by S={bananas, carrots,
tomatoes}, is "Selma ate fruits, vegetables, and vegetables" denoted by V={fruits,
vegetables, vegetables}. Another one could be "Selma ate food, food, and food" denoted
as W={food, food, food}. Note that in the sequel, the fusion operation will take care

of removing the redundancies from the generalization versions.

Definition 6. Space of generalization versions of a generalizable sentence
The space of generalization versions of a generalizable sentence S is the set SGV of
all possible generalization versions that could be derived from S by applications of

generalization operations. SGV={V, where V is a generalization version of S}.

Definition 7. Fusible generalization version

Let V= {V1,...,V,,} be a generalization version of some generalizable sentence S. We
say that V is a fusible generalization version of S if there exist at least two concepts
in V that are the same, in which case the fused generalization version is obtained by
fusing these concepts, i.e. removing the redundant concepts. Otherwise, by abuse of

language, we will say that the fused generalization version V is S itself.
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The generalization version V1={fruits, vegetables, vegetables} is a fusible version
because the second and third concepts are equal. The fused version of this generalization
version is FV1={fruits, vegetables}. The generalization version V2={food, food, food}
is fusible as well since all of its concepts are equal. Its fused version is FV2={food}.
However, the generalization version V3={fruits, vegetables} is not fusible since all of

its concepts are different. In this case, FV3=V3, i.e., remains unchanged.

Definition 8. Compression Ratio (CR)
Let V={V1,...,V,,} be a generalization version of a given generalizable sentence S,
where n is the number of its concepts, and FV={FV,...FV,,} be its fused version.

We define the compression ratio CR of V between V and its fused version FV as

CR(V)=— (4.1)

We define below a list of highly abstractive concepts. This list is proposed mainly
because when fusing concepts we may end up with fused generalization versions which
are not acceptable in the human language, such as "Selma ate entity and food" denoted
by FV={entity, food}. We have judged that entity” belongs to the list of highly
abstractive concepts. We discard any generalization version that contains any of the
highly abstractive concepts. This list has been constructed by observing concepts used
on different generalization paths in WordNet. We point out that this list could be not

exhaustive.

Definition 9. List of highly abstractive concepts in WordNet
We have selected the concepts listed in Table 4.1 as the list of highly abstractive concepts
of WordNet.

abstraction, entity, attribute, whole, physical_entity, matter,
object, relation

Table 4.1 List of highly abstractive concepts in WordNet

It is worth pointing out that even if a concept is polysemous, the process of merging
paths does not create any confusion in terms of the expected generalization and fusion.
Consider, for instance, the concept "bat" which has at least two meanings, "bat” the
animal and "bat" the piece of wood used in Cricket and Baseball. If we have a sentence
like "My son fears bats and owls', the attempt to merge the hyperonymy paths of
the two meanings of "bat”, will not find (for fusion purposes) any common ancestor

with "bat” the wooden piece, except highly abstractive concepts such as "entity” and
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"physical__entity" which will be filtered out as just explained. Thus the only possible

fusions will include parents of "bat” the animal and "ow!l".

4.3 System Design

In the sequel, we give a description of the main steps of our approach. The system
works as a pipeline as shown in the global system architecture (Figure 4.2). In the first
step, the input raw text is segmented into sentences. Next, the sentences are parsed
using a dependency parser. The generalizable sentences are then detected and, for each
one, the different paths are generated and the highly abstractive concepts are dropped.
Then, the space of generalization versions (SGV) is generated. Due to the large number
of generalization versions produced in this step, and because most versions are not
acceptable (non-fusible), the space of generalization versions is reduced. In the following
step, the reduced SGV is passed on to one of two different approaches (appearance in
the same context or the Ml-based approach) in an attempt to further reduce the SGV
and select only the versions whose human language equivalents are acceptable . At
this stage, the system takes the best version and generates the compressed sentence.

The final step is to generate the compressed document.

Detection of the Generation of Reduction of

I ; Dependency ; the Space of the Space of
J| Segmentation > - Generalizable e s Ce ¢
Raw text > g parsing ™ Sentences —>» Generalization | Generalization

Versions Versions

Compressed ) Compressed Selection of .the.best elements
document < sentence of generalization versions
generation from the SGV

Fig. 4.2 Architecture of the Concept Generalization and Fusion System

4.3.1 Dependency Parsing

Since we need to identify those concepts that are related to the sentence predicate in a
similar way and we want to generalize and fuse these concepts, we start by parsing the
sentence we want to generalize. Dependency parsing gives us the kinds of relations

we look for. Thus, after segmenting the raw text into sentences, syntactic parsing is
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performed using the Stanford dependency parser? (De Marneffe and Manning, 2008).
Example 4 presents how the English sentence "Selma ate apples, bananas, and potatoes”’

is parsed with the Stanford dependency parser.

Example 4. Dependency parsing of the sentence "Selma ate apples, bananas, and
potatoes”:

nsubj(ate-2, Selma-1)

root(ROOT-0, ate-2)

dobj(ate-2, apples-3)

dobj(ate-2, bananas-5)

conj__ and(apples-3, bananas-5)

dobj(ate-2, potatoes-8)

conj__ and(apples-3, potatoes-8)

This states that the sentence predicate, the root, is the verb "ate” whose subject is
'Selma’. The words "apples”, "bananas" and "potatoes” are the direct objects of the

predicate "ate” and are connected through a conjunction.

4.3.2 Detection of Generalizable Sentences

For every sentence, we select all the concepts that are connected by a conjunctive or a
disjunctive relation. The second step is to check whether at least two of these concepts
are generalizable. If true, we decide that this sentence is generalizable.

In example 4, we say that "Selma ate apples, bananas, and potatoes” is a generalizable
sentence since the concepts "apples’, "bananas" and "potatoes” of the sentence could
be generalized to give less specific information about the eating event. One possible
generalization of this sentence is "Selma ate food'. While another more specific could

be "Selma ate fruits and vegetables'.

4.3.3 Generation and Reduction of the Space of Generaliza-

tion Versions
4.3.3.1 Generation of the Space of Generalization Versions

The first step in generating the space of generalization versions is to generate the
hyperonymy paths of each concept of the generalizable sentence. Then, if a generalizable

concept has more than one path, we produce the merged path. Next, an exhaustive

2http://nlp.stanford.edu/software/stanford-dependencies.shtml
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search algorithm (Breadth-First Search) takes the different merged paths as input and
produces as output all the possible combinations between the merged paths, which
we call the space of the generalization versions (SGV). One of the shortcomings of
this approach is the exponential complexity of the algorithm O(NM ) where N is the
number of concepts in the generalizable sentence and M is the size of the merged path.

Figure 4.3 shows how the space of generalization versions is generated, where C;;
is the concept j of the merged path i. As explained above, a Breadth-First search
takes all the merged paths as input and outputs the space of generalization versions.
It explores the neighbourhood nodes, where each node is a concept of a merged path.
The algorithm exhaustively searches the entire space until it generates the whole space

of generalization versions.

C1m1 _>C2m2 v e Cnmn
Cn Cx — Cn
Cu Ca T Cn1

Fig. 4.3 Space of generalization versions

4.3.3.2 Reducing the Space of Generalization Versions

The step of SGV generation produces a large number of generalization versions. This is
due to the exponential complexity of the generation of their space. In fact, the versions
that are not shorter than their corresponding generalizable sentences are not acceptable,
since in the context of abstractive sentence generation we aim at producing shorter
sentences, thus shorter documents. Also, versions that contain concepts like "entity” or
"physical__entity" are generally not acceptable in the human language because, if we
don’t rule out these kinds of versions, we might end up with generalization versions
like ‘Selma ate an entity’ or 'Selma ate a physical entity’. For these reasons, we need
to reduce the number of versions of generalizable sentences.

This section discusses the process of reducing the space SGV of generalization

versions. As explained in Section 4.3.3.1, the size of SGV grows exponentially. We will
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thus adopt a filtering process to reduce it, keeping only admissible versions. To this
end, we discard the generalization versions V of SGV whose compression ratio is equal
to one.

Algorithm 3 details the process of filtering the SGV of a given generalizable sentence.
It takes as input the SGV and, after filtering out some of its elements, returns the
resulting SGV. For all the generalization versions V of SGV, the program checks
whether the condition CR(V)=1 is true. If so, the generalization version V is removed
from SGV. This condition in algorithm 3 amounts to discarding generalizable versions
that are not fusible since CR(V)=1 means that the number of concepts of V is equal
to the number of concepts of the fused generalization version and hence it would not

lead to a compression of the sentence.

Algorithm 3 Reducing the SGV

: Input Space SGV of a generalizable sentence
: Output (Possibly reduced) SGV
: for all Vin SGV do

if CR(V)=1 then

SGV.remove(V)

end if
end for
: Return SGV

We point out that an initial step that contributes to the reduction of SGV, which
would come before the SGV generation step, is to remove from the set of possible
paths all the highly abstractive concepts (listed in Table 4.1). By removing highly
abstractive concepts, we avoid producing generalization versions that are not natural.
For example, the sentence ’Selma ate a physical entity’ does not sound natural to a
human judge. This sentence contains the word 'Physical entity’ from the list of highly
abstractive concepts. In natural language, one would say ’‘Selma ate food’ or "Selma

ate fruits and vegetables’ but not ‘Selma ate a physical entity’.

4.3.4 Heuristics to Select Acceptable Versions from a Given
SGV

In order to further reduce the SGV so that it contains only versions that are considered
acceptable in human language, we propose three different approaches. The first
approach is used as a baseline, it randomly selects the generalization versions, regardless

of their meanings. The second approach estimates the acceptability of the sentence
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according to the number of appearances of the concepts of the generalization version
within the same context in four different NLTK corpora. The third one is a machine
learning-based approach which takes as input a set of annotated generalization versions
to train the machine learning-based model and, based on the learned model, decides

whether the new generalization versions are acceptable or not.

4.3.4.1 Random Selection of Acceptable Versions

Algorithm 4 Algorithm for the RANDOM Selection of Acceptable Generalization

Versions
1: Input Space SGV of a generalizable sentence

2: Output list_acceptable 'V % The list of acceptable generalization versions

. list__acceptable  V=Null
: for all concept V in SGV do
Generate a random value RandVal (0 or 1)
if RandVal=1 then
list_acceptable_ V.add(V)
end if
end for
10: Return list_acceptable 'V

© o> gk W

In algorithm 4, the system takes as input the space of generalization versions SGV of
a given generalizable sentence and randomly selects the set of acceptable generalization
versions which it produces as output (list_acceptable V). This heuristic is a naive
method since it does not rely on any semantic information and does not take into
account any feature for the selection of the set of acceptable versions. We use this
method as a baseline to see whether the features that we will adopt later will improve

the performance of the system or not.

4.3.4.2 Selection of Acceptable Versions Based on the Appearance of Con-

cepts within the Same Context

This heuristic is based on the idea that if the concepts of a given version as well as
the predicate of these concepts appear together many times within the same context,
then it more likely refers to an acceptable generalization version. We have thus set a
threshold so as to select only generalization versions that appear in the same context
in the four NLTK corpora more than this predefined threshold number of times. (The
selection of the threshold will be discussed in Section 4.4.2.)
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Algorithm 5 Algorithm for the Selection of Acceptable Versions Based on the Ap-
pearance of Concepts within the same Context

1: Input Space SGV of a generalizable sentence,
2: threshold
3: Output list_acceptable V % The list of acceptable generalization versions

list__acceptable V=Null
for all concept V in SGV do
if appearTogether(V predicate) >threshold then
list_acceptable_V.add(V)
end if
end for
10: Return list acceptable 'V

4.3.4.3 Selection of Acceptable Versions Based on a ML-Based Model

Support Vector Machines Support Vector Machines have been introduced as a
machine learning model in (Cortes and Vapnik, 1995). The goal of the technique is
to generate a model from the observation of a number of pairs of input-output. This
technique aims to find a decision boundary that maximally separates the space into two
regions, through the hyper-plane that correctly classifies the data. SVMs have been
adopted in this work because they have proven to be effective and robust in numerous
Artificial Intelligence applications. We have also compared their performance to other
machine learning techniques (See Table 4.4).

Suppose we have a generalization version j, which has to be classified as acceptable
or not acceptable according to the SVM score. For linear SVMs the score is a linear
combination of relevant features x;= (zj1, xj2,...,74), where z; is a vector with d
features and x ;i is the value of the feature number £ of the generalization version j,

k=1..d. So zj, the score of the generalization version j can be defined as:

Zj :wla:j1+w2xj2+...+wda:jd+b (4.2)

In a compact form:
zj = w:c]T+b (4.3)
T

where w is considered as a vector that contains the weights of the d features, z;
the transpose of vector z; and b is a constant.
With the aim of using this model for the classification of the generalization version

j, the SVM has to learn the values of the parameters w and b on a training corpus.
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Suppose the corpus consists of a set of n generalization versions. To calculate the
value of the parameters w and b, the SVM finds the hyper-plane that best separates
acceptable from non-acceptable versions, maximizing the margin between these two
data classes. This margin is the distance between the hyper-planes bounding each

class. For more details about the technique, we refer the reader to (Platt, 1999).

Machine learning features Let us present the two features that we have selected
in the ML-Based system.

1. Generalization version features Here, we have built a feature vector whose
elements are the concepts of a given generalization version. We have gained some
insight from the bag of words representation which is widely used in text classification.
There, the documents are the training instances and the words of the documents are
the features. In this work however, the instances are the generalization versions and

the features are the concepts of the generalization versions.

2. SCF By Same Context Frequency (SCF) we refer to the number of appearances
of concepts within the same context in the sentences of four different NLTK corpora.
This feature tries to capture whether a given generalization version is actually used in
natural language. Let V= {Cy,...,C,} be a version where C; is a concept. The SCF of

a given generalization version V is calculated as follows.

m
SCF(V)=>_appearTogether(V,S;) (4.4)
i=1
where m is the number of sentences in the four training NLTK corpora, and
the function appearTogether returns 1 if all the concepts of the generalization

version appear in sentence S;, and 0 otherwise.

Annotation Algorithm 6 shows how the process of annotation of an SGV is per-
formed. It takes as input the SGV and outputs the training data T. Initially the
training set is empty. For every version in SGV, the human annotator makes a decision
about the version, i.e. whether it is accepted or not. The next step is to extract the
different features from this version. Then, given the label and the different features,
the function Createlnstance is invoked; it takes as input the features and the label
and creates a new instance which is then added to the training data. The process is

repeated for all the versions of the given SGV.
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Algorithm 6 Annotation

1: Input Space SGV of a generalizable sentence

2: Output T: Annotated training data

3: T=Null %The training set is initially empty
4: for all V; in SGV do

5. decision=Annotate (V;)
6: if decision=1 then

7: V; . label:=1

8:  else

9: V;.label:=0

10:  end if

11:  Fy:=Extract_features (V;)

12:  Tj:=Createlnstance (F;, V;.label)
13: T.add(Ti)

14: end for

15: Return T

Algorithm 7 ML-Based model

: Input Space SGV of a generalizable sentence
: Output list_acceptable 'V
. list_acceptable V=Null
: for all V in SGV do
if ML Classifier(V)=1 then
list_acceptable_ V.add(V)
end if
end for
: Return list_acceptable V
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4.3 System Design

ML-based model selection Algorithm 7 is responsible for selecting the set of
acceptable versions. As for the previous approach, it takes as input the space of
generalization versions of a generalizable sentence and outputs the set of acceptable
versions. In this case, however, the decision about the selection of a given version is
based on a trained SVM classifier which predicts whether the generalization version

should be selected or not.

4.3.5 Generation of the Compressed Sentence

At this stage, we take the best element from the set of acceptable generalization versions
of the SGV and generate the compressed sentence. For this we have defined a set of
rules. These rules work on the syntactic dependency parsing of the original generalizable
sentence and try to give a correct compressed sentence as output. Algorithm 8 is
used to generate the compressed sentence from a given generalization version V and a
dependency parse tree of the generalizable sentence. If two concepts or more in the
generalization version V could be fused, we apply the fusion rule. Then, we apply the
"Some" rule, the "Adjective Deletion" rule and the "Number Deletion"” rule. At the end,
the compressed sentence is output.

In this work we have tried to cover the basic rules to generate a correct sentence.
We are aware that there might exist other rules that could enhance the quality of the
generated compressed sentence, but our focus here is just on the basic requirements

that a sentence should have when fusing the concepts.

Algorithm 8 Rules to generate the compressed sentence

1: Input a generalization version V={V1,Va,..,V,,} and a dependency parsing of a
generalizable sentence

2: Output a compressed sentence C

3: if V is a fusible version then

4:  Fuston rule

5. Some rule

6:  if there exists any concept in V that is connected to an adjective then
7 Adjective Deletion rule

8 end if

9:  if there exists any concept in V that is connected to a number then
10: Number Deletion rule

11: end if

12: end if

13: Return C
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Fusion rule Having a generalization version V={V; V3...V,,} and the parse tree of
a given generalizable sentence, we should first verify the category of every concept V;
of V (countable or mass noun ) because if we have to fuse concepts which are countable
nouns, we have to add the plural suffix ’s’. However, if the concept is a mass noun, we
should not add this suffix. For instance, in the sentence "Selma ate apples, bananas,
and potatoes”’, the concepts "apples’, "bananas" and "potatoes” could be generalized
to yield the concept "food". The concept "food" is a mass noun so we do not add the
suffix ’s” to it. But if we have, for example, the sentence "I visited my mother and
father"” which contains the concepts "mother” and "father’, these two concepts could
be generalized into the concept "parent’. Since the latter is a count noun, when we
generate the compressed sentence by fusing the concepts, we should add the plural

suffix ’s” to the concept "parent”. The generated sentence will be "I visited my parents”.

The Some rule Suppose that Selma likes bananas, apples but not mangos. When
we generalize this sentence we might generate the sentence "Selma likes fruits" or
"Selma likes food'. If we take as input the sentence "Selma likes bananas and apples.”
and the system outputs the sentence "Selma likes food', then we have generalized more
than needed. The problem with this generalization is that we have reached a level of
generalization where we have included other concepts that Selma does not necessarily
like (e.g. mangos). To overcome this problem, we have added the some rule. In this

case, we will output the sentence "Selma likes some fruits" or "Selma ate some food'.

Adjective Deletion rule In order to keep only the important content of a sentence,
we remove the adjectives that are related to the direct objects which we want to
generalize. This will yield sentences that are much shorter, conveying only the most
important information. For instance, if we have the sentence I ate an apple and a
delicious banana’, we drop the adjective "delicious". This adjective is connected to the

direct object "banana’, as shown in example 5.

Example 5. Dependency parsing of the sentence I ate an apple and a delicious
banana."

nsubj(ate-2, I-1)

root(ROOT-0, ate-2)

det(apple-4, an-3)

dobj(ate-2, apple-4)

cc(apple-4, and-5)

det(banana-8, a-6)
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amod(banana-8, delicious-7)

conj(apple-4, banana-8)

Number Deletion rule We delete numbers that are connected to the direct objects.
So, if we have as input the sentence "I have two apples and three bananas”, then we
could output the sentence "I have some fruits" or "I have some food". The generated
sentence has been produced using the fusion rule, the Some rule and the Number

Deletion rule.

Example 6. Dependency parsing of the sentence "I have two apples and three bananas. "
nsubj(have-2, I-1)

root(ROOT-0, have-2)

num (apples-4, two-3)

dobj(have-2, apples-4)

cc(apples-4, and-5)

num (bananas-7, three-6)

conj(apples-4, bananas-7)

4.4 Experimentation and Evaluation

4.4.1 Evaluation Methodology

We have followed a methodology to asses the performance of the system which uses

the recall, precision and F1-score defined as follows:

Actual value

Positive | Negative Total
System’s value Positive TP P TP+ FP
Negative FN TN FN+TN
Total TP+ FN FP+TN N

Table 4.2 Confusion Matrix

Precision Of all generalization versions which the system predicts as acceptable,

precision measures the fraction which is actually acceptable:

TP

P=_—"-" 4.
TP+ FP (45)

61



Concept Generalization and Fusion for Abstractive Sentence Generation

Recall Of all generalization versions that are actually acceptable, recall measures

the fraction the system correctly detects as acceptable:

TP

F=7%p T FN (4.6)

Fg-score This measure makes a balance between recall and precision; the general
formula is as follows:

PxR
Fy=(14+8%)% o 4.7
=+ b (@)
F1-score By setting the value of 5 to one we get:
PxR
=2 4.8
L= PiR (48)

In order to study this problem, we have used four different NLTK corpora, namely
the Brown Corpus, the Gutenberg Corpus, the Reuters Corpus, and the Web and Chat
Text. We notice that for the evaluation, the initial number of generalizable sentences
(GS)that we have extracted from the four NLTK corpora is 980 (that satisfy definition
4). Among the 980 GSs that we have extracted, and after a manual check, we have
selected only 108 GSs. The data set that we will use in the evaluation is composed of
the generalization versions of all the 108 SGVs.

The total number of instances (generalization versions) that we have used to train
the system and evaluate its performance is 366 out of which 245 are negative (annotated
as non-acceptable) and 121 positive examples (annotated as acceptable). This number
is the sum of the generalization versions of 108 SGVs. This number is obtained after

reducing the size of all the SGVs by eliminating non-fusible versions.

4.4.2 Evaluation of the Selection of Acceptable Versions Based
on the Algorithm of Appearance of Concepts within the

Same Context

The context-based approach has a threshold parameter upon which it takes the decision
whether it selects a generalization version or not. Figure 4.4 presents the performance
of the system (F1 score) in terms of the variation of the threshold. We observe that the
system performance starts decreasing as the value of the threshold gets bigger. This is
so because the chance of a given generalization version to be accepted will be very low
(due to the high value of the threshold) and, at the end, none of the generalization
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versions will be selected. The best threshold value that we get is 0 i.e., we select a
generalization version if its concepts along with its predicate appeared in the training
corpus more than zero times (at least once) in the same context. The best F1-score

value that we have reached for this approach is 0.53.

Threshold variation
055 T T T T T T T

0.5

0.45

0.4

0.35

0.3

F1 score

0.25

0.2

0.15

0.1

0.05 1 1 1 1
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threshold

Fig. 4.4 F1-Score of the system as a function of the threshold of the selection of
Acceptable Versions using the Algorithm of Appearance of Concepts within the same
Context

4.4.3 Evaluation of the MIl-Based Approach

We have used the Libsvm package (Chang and Lin, 2011) to train and test the SVM-

based model; all the parameters have been set to their default values. In order to

63



Concept Generalization and Fusion for Abstractive Sentence Generation

train and test the other Machine Learning-based approaches, we have used the Weka?
framework (Bouckaert et al., 2013).

Table 4.3 gives the result of comparing Support Vector Machines to other Machine
Learning approaches for our problem. It shows the superiority of SVMs in terms of

F1-score over the other Machine Learning models .

Technique Precision Recall F1-score
Naive Bayes 0.797 0.488 0.605
J48 0.699 0.826 0.758
Random Forest 0.717 0.752 0.734
SVM 0.798 0.818 0.808

Table 4.3 Comparison of the Ml-based techniques

4.4.4 Comparison

Table 4.4 compares the different approaches we have used to filter the set of acceptable
generalization versions from the different SGVs. The comparison is performed using
the F1l-score. The table shows that the performance of the system is poor when using
a very naive method like "random selection". The performance increases when relying
on a corpus-based approach like the context-based approach which decides whether to
select the version based on a threshold (number of appearances of the concepts of the
generalization version and the predicate within the same context in the four NLTK
corpora). Yet this approach suffers from some problems which are due to the fact
that it is very difficult to find the concepts of the generalization version within the
same context in the 04 NLTK corpora. So, in this situation, many versions will have a
score of zero and the system will fail to detect that these versions are acceptable in
human language. This is due to the small size of the 04 NLTK corpora. To improve the
performance of this approach, we have proposed a Machine Learning-based approach
in which we have combined two types of features. In the first, the features are specific
to the generalization version; they include the concepts and the predicate of the
generalization version. The second is the number of appearances of concepts of the
version in the four NLTK corpora. We have trained all the machine learning approaches
using 10-fold cross validation and SVM has achieved a significant improvement over

the other approaches reaching an F1-score of 0.808.

3http://www.cs.waikato.ac.nz/ml/weka/
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Approach Precision Recall F1l-score

RANDOM selection  0.300 0.460 0.370
Context-based ap- 0.750 0.410 0.530

proach

SVM-based approach 0.798 0.818 0.808

Table 4.4 Comparison between the approaches that filter the set of acceptable general-
ization versions

4.5 A Running Example

In this section, we present how a given sentence could be generalized using the proposed
system. Table 4.5 depicts a passage from the book "The Ball and The Cross" by G.K.
Chesterton (1909), which has been extracted from the file chesterton-ball.txt of the

gutenberg corpus.

I have the biscuits and the tinned meat, and the milk. You have the chocolate, I
think? ... "

"Yes," said Maclan, like a soldier taking orders.

"Very well, then, come on. March. We turn under that third bush and so down into
the valley." And he set off ahead at a swinging walk.

Table 4.5 Passage from the file "chesterton-ball.txt" of the "gutenberg" corpus

Dependency Parsing and Generalizable Sentence (GS) Detection After seg-
menting the text into sentences and feeding the sentence 'I have the biscuits and
the tinned meat and the milk." to the Stanford dependency parser it will detect that
such a sentence has the predicate "have” as its root which has three direct objects
"biscuits”, "meat” and "milk". All the objects are related to each other by means of the
conjunctive relation. The sentence concepts could be generalized and fused by means
of is-a relations. Below is the result of the parsing of the sentence by the Stanford
dependency parser. The result of this step is to extract the generalizable sentence that

we denote as GS={biscuits, meat, milk} and the predicate "have" as its root.

Example 7. Dependency parsing of the sentence 'I have the biscuits and the tinned

meat and the malk’
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nsubj(have-2, I-1)
root(ROOT-0, have-2)
det(biscuits-4, the-3)
dobj(have-2, biscuits-4)
det(meat-8, the-6)
amod(meat-8, tinned-7)
dobj(have-2, meat-8)
conj__and(biscuits-4, meat-8)
det(milk-12, the-11)
dobj(have-2, milk-12)
conj__and(biscuits-4, milk-12)

Paths Generation Once we have identified a generalizable sentence S, we feed the
different concepts of S to WordNet which will generate the different hyperonymy paths.
Table 4.6 shows the two paths of the concept "biscuits’, table 4.7 the path of the
concept "meat” and table 4.8 the three different paths of the concept "milk".

Path; (biscuits)= [biscuit, quick_bread, bread, baked goods, food, solid, matter,
physical _entity, entity]
Pathy(biscuits)= |biscuit, quick_bread, bread, starches, foodstuff, food, substance,
matter, physical _entity, entity]

Table 4.6 Paths of the concept "biscuits”

Path; (meat)= [meat, food, solid, matter, physical entity, entity]|
Table 4.7 Paths of the concept "meat’

Path; (milk)= [milk, beverage, liquid, fluid, substance, matter, physical entity,
entity]

Pathy(milk)= [milk, beverage, liquid, fluid, substance, part, relation, abstraction,
entity]

Paths(milk)= [milk, beverage, food, substance, matter, physical entity, entity]
Pathy(milk)= [milk, dairy_ product, foodstuff, food, substance, matter, physi-
cal_entity, entity]

Table 4.8 Paths of the concept "milk’
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Removal of Highly Abstractive Concepts This step consists in removing the
highly abstractive concepts from the paths which helps in reducing the complexity of
the problem.

Path Merging Path merging (PM) is the operation defined in section 4.2.1. This
will help in having a higher coverage for the generalization versions of the generated
SGVs. In fact, if we do not merge the paths, the system will fail at the end to produce
the sentence "I have the food' Suppose that for the concept "milk" we have taken
into consideration only the first path. Because this path does not contain the concept
"food’, the system will fail to produce the sentence "I have the food". The different
merged paths (MPs) are defined as follows:

1. MP(biscuits)= Path; (biscuits) U Patha(biscuits)
2. MP(meat)= Path;(meat)

3. MP(milk)= Path; (milk) U Pathg(milk) U Paths(milk) U Pathy(milk)

Tables 4.9, 4.10, and 4.11 present the merged paths for the concepts "biscuits”,

"meat” and "meat’, respectively.

MP (biscuits)= |biscuit, quick_bread, food, foodstuff, bread, solid, baked goods,
substance, food, starches]
Table 4.9 Merged paths for the concept "biscuits”

MP (meat)= [meat, food, solid]
Table 4.10 Merged paths for the concept "meat”

MP (milk)= [milk, beverage, liquid, fluid, substance, food, dairy_ product, foodstuff]

Table 4.11 Merged paths for the concept "milk”

Generation and Reduction of the Space of Generalization Versions Table
4.12 presents a sample of the first 20 versions of the space of generalization versions of the
generalizable sentence "I have the biscuits and the tinned meat, and the milk" denoted

as GS={biscuits, meat, milk}. The first column represents the initial generalization
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Initial generalization version Fused generalization version Compression Ratio

(CR)
beverage food food beverage food 0.66
food food food food 0.33
foodstuff food food foodstuff food 0.66
fluid food food fluid food 0.66
dairy_ product food food dairy_ product food 0.66
liquid food food liquid food 0.66
substance food food substance food 0.66
milk food food milk food 0.66
beverage solid food beverage solid food 1
food solid food food solid 0.66
foodstuff solid food foodstuff solid food 1
fluid solid food fluid solid food 1
dairy product solid food dairy product solid food 1
liquid solid food liquid solid food 1
substance solid food substance solid food 1
milk solid food milk solid food 1
beverage meat food beverage meat food 1
food meat food food meat 0.66
foodstuff meat food foodstuff meat food 1
fluid meat food fluid meat food 1

Table 4.12 Sample from the space of generalization versions of the generalizable sentence
"I have the biscuits and the tinned meat, and the milk"
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versions. The second column represents the fused versions. The third column gives the
compression ratio (CR), which is calculated using Formula 4.1. For instance, the second
initial generalization version has three concepts. By applying the fusion operator we
obtain only one concept. In this case, the compression ratio is one over three, i.e. 0.33.
The tenth initial generalization version has three concepts and its fused generalization
version has three versions as well. As a consequence, the compression ratio is three
over three, i.e. 1. The versions that have a compression ratio equal to one will be

eliminated as explained above.

Selection of Acceptable Generalization Versions The following step is to feed
the selected generalization versions to one of the two proposed methods so as to select
generalization versions that are natural in human language. After eliminating the
versions that are not natural, only the generalization version V={food, food, food}

will remain.

Generation of the Compressed Sentence The final step is to generate the com-
pressed sentence "I have some food" which is composed of the predicate "have”, the
subject "I'" the direct object "food" and the quantifier 'some”. The initial sentence was
"I have the biscuits and the tinned meat, and the milk'. The compressed sentence has
been generated by applying the fusion rule and the some rule. For the fusion rule, the
concept "food" is a mass noun; in this case, when we fuse the concepts we do not add
the plural suffix ’s”. We have also used the some rule so as not to generalize more than
needed. As such we generalize and fuse concepts in such a way that we preserve the
meaning of the original sentence. On the other hand, we have lost in specificity as the
resulting sentence is less specific than the original one, but this loss of detail was to be

expected since this is the side effect of summarization.

4.6 Discussion

In this chapter, we have tackled the problem of sentence generalization. In so doing,

we have faced several problems and challenges, some of which are as follows:

1. In some cases, the parser makes some errors and this hinders the decision whether
a sentence is generalizable or not. In order to concentrate on the problem at

stake, we have decided to select only syntactically correct sentences.
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2. The high complexity of the space of generalization versions O(N) yields a
huge number of versions, which increases the difficulty of finding the best way to

reduce this space. Our approach uses various filters that attenuate this problem.

3. The use of WordNnet as a concepts resource has indeed shown an interesting
dimension of the suggested solution. A richer lexical-semantic sentence abstraction
is made possible. Nevertheless, it would be interesting to experiment with a
WordNet Domains resource so as to extract domain-specific knowledge within

the approach we have suggested.

4. Regarding the experiments, we have tried to investigate the ability of the system
to select acceptable generalization versions. We have proposed three approaches

to find the one that will perform better in selecting the best generalization version.

o The first one is a naive method that does not rely on any feature to select
the best generalization version. This method was the worst in terms of

F1l-score.

e The second approach is a heuristic-based one that counts the number of
times the concepts of the generalization versions appear together in different
corpora. If this number is greater than a given threshold (the best threshold
that we have found experimentally is zero as shown in Figure 4.4), this
version will be selected. The intuition behind this idea is that generalization
versions which have already been used in real corpora are acceptable. The
problem with the heuristic method is that many versions will have a score
of zero according to formula 4.4 thus they get rejected even though they
are acceptable according to the human annotators. This method is unable
to deal with generalized sentences that have not been seen before in the

training corpora.

o The third approach was proposed to deal with the weaknesses of the heuristic
approach. To tackle this weakness, a machine learning method which takes
into consideration different features has been proposed. Experiments have
shown that this approach has performed better than the heuristic approach;
it has indeed shown its ability to select generalization versions which are
acceptable in human language even though these generalization versions

have not been seen before in the training corpora.
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In terms of the results that we have obtained, the approach that tries to estimate
the acceptability of a given version on the basis of the number of appearances of
the concepts along with the predicate of a given version in the four NLTK corpora
has not given good enough results. It seems that the four NLTK corpora are not
large enough to handle such a problem. As a consequence, a lot of versions will
have a score of zero and will not be selected. To solve this problem, we should
think about estimating the acceptability of the generalization versions using
larger corpora to enhance the performance of the context-based approach. The
ML-based approach has benefited from the strength of two features (contextual
and generalization version features) and has achieved a significant improvement

over the context-based approach.

Overall, our approach of concept generalization and fusion for abstractive sentence
generation has some obvious strengths as well as some shortcomings that are now

discussed:

o Strengths:

— Our approach to sentence abstraction by means of concept generalization
and fusion is able to go beyond word deletion. As a matter of fact, it
produces as output abstractive sentences that contain words not necessarily
seen in the source sentence and which are the result of the generalization

and fusion of the concepts of the source sentence.

— From a theoretical point of view the approach addresses some reasoning
aspects. The fact that the system we propose tries to abstract sentences by
generalizing and fusing concepts is a cognitive effort which opens a door
for other types of abstractions (than what we have explored) within the
same sentence as well as between contiguous sentences. The results we have
achieved are interesting and encourage us indeed to do further research on

such richer abstractive aspects.

— Regarding the mechanism underlying the approach, we are convinced that
having selected to use a dependency parsing module will allow us to cope
with more difficult cases thanks to its ability to detect different syntactic
constituents and binary relations between them. This will in turn facilitate
the tackling of the richer forms of abstractions mentioned in the previous
(Strengths) item, provided appropriate operations are defined on parts of

the dependency trees.
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o Limitations:

— The algorithm adopted to generate the SGVs has an exponential complexity.
We need to implement a more intelligent algorithm that could explore the
SGVs with a better complexity.

— We have decided to limit our study to only some abstractive cases (sentences
that satisfy definition 4, i.e. with concepts linked by conjunctions or
disjunctions); this is to avoid the risk of generating inappropriate or ill-
formed sentences as output. As a further step, we intend to cover more

complicated cases, which we have started investigating.

— The approach is restricted to abstracting at a sentence level. The approach
should scale up to deal with document level abstraction. i.e., the system
should be able to generalize and fuse concepts which do not necessarily

belong to the same sentence. We leave this for future work.

The concept fusion and generalization operation should be integrated within a full
summarization framework. Because the concepts fusion and generalization approach is
only one among other operations that a summarization system should perform, ideally
such a system should incorporate operations like sentence fusion, sentence compression,
concepts fusion and generalization as well as a system that allows the selection of
the important sentences, etc. We should also think about a methodology on how to
combine these operations and to define the priority between them. This will be tackled
in chapter 6.

To the best of our knowledge, and with the exception of Lin (1995), where a
methodology for the generalization of concepts was presented, and then Hovy and
Lin (1998), where the authors included this operation in their SUMMARIST* system
using Wavefront to select the most relevant concepts which they take as input to
be generalized, the work presented here is the first to investigate the operation of
concept generalization and fusion for sentence abstraction with its potential use as an
operation among several ones in abstractive text summarization, and to propose an
efficient computational method for its implementation. This idea of concept fusion
and generalization operation is one form of abstraction where we accept to lose on
specificity keeping the general meaning and coherence of the text. What we do in our

work is new in that we tackle a difficult operation that is not addressed in the literature.

4http:/ /www.isi.edu/natural-language/projects/SUMMARIST.html
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One novelty in this work is a method that takes into consideration the "syntactic level"
of concepts given by a dependency parser (the Stanford dependency parser in our case);
this is used in our approach to detect the sentences that can be generalized. We have
also handled the semantic aspect by using WordNet to generalize the concepts of a
given sentence. The main contribution of this work consists in (1) the methodology we
present to generate what we define as the space of generalization versions, and (2) the
different approaches we use to select the best sentence generalizations from this space

so we can generate the “best” one as output.

4.7 Conclusion

In this chapter, we have addressed the problem of concepts fusion and generalization for
abstractive sentence generation. We have shown that this problem is not well addressed
due to the difficulty of this task which, at the core, is about the difficulty of reasoning
and language generation. The methodology we have adopted has allowed us to answer
various research questions which include the detection of generalizable sentences and
the generation and reduction of the space of generalization versions. We have also
proposed two approaches to select the set of acceptable generalization versions. The
first approach estimates the acceptability of a given generalization version by counting
the number of times the concepts and the predicate of a given generalization version
that appear within the same context in four different NLTK corpora. The second one
is a machine learning-based approach which relies on a SVM classifier to distinguish
between acceptable and non-acceptable generalization versions. The results have shown
the superiority of the latter approach over the other approaches since it benefits from
the strengths of two types of features.

This research can be useful to researchers interested in natural language processing.
For example, it could be used in conjunction with other tasks like text summarization
or categorization. This could improve the quality of the results of these tasks. It
could be used, for instance, to display shorter texts in applications for mobile devices.
It should also improve the quality of the generated text summaries by mentioning
key (general) concepts. One can think of using the approach in reasoning systems
where different concepts appearing in the same context are related to one another with
the aim of finding a more general representation of the concepts. This could be in
the context of Goal Formulation, expert systems, scenario recognition, and cognitive
reasoning more generally. Sentence abstraction could also be of interest to a broader

community interested in Artificial Intelligence and reasoning in general. Indeed, the
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notion of abstraction is an issue that has already been addressed from reasoning and
philosophical perspectives. As stated in Ganascia (2015), the notion of abstraction is
one of the foundations of Floridi’s Philosophy of Information (Floridi, 2011). We point
out that Floridi has various contributions on abstraction from a philosophical viewpoint
Floridi (2008), Floridi (2009), and Floridi (2013). It was also stated in Ganascia (2015)
that the notion of abstraction is not new; since it has been given different meanings in
various fields, more specifically in scientific disciplines and, particularly, in computer
science.

We have shown through this work that the abstraction aspect could be addressed
in practice thanks to the natural language processing tools available today. Although
the approach presented in this chapter has shown interesting results regarding sentence
abstraction, it does not deal with all abstraction cases and is limited to working at
a sentence level. Nevertheless, it opens a door on interesting problems in front of
the NLP and AI communities. These problems, if solved, should generalize our work
towards reaching fully abstractive abstraction systems as first step, and, as an ultimate
goal, summarization systems which produce summaries similar to those produced by
humans.

For our part, we envision a further development of this work in several directions.
One direction would be to introduce more features and thus try to give more meaning to
the generalization versions. Another way to improve the system performance is to use
a larger corpus to estimate the acceptability of the generalization versions, especially
for the context-based approach. Another problem that has to be solved is the use of a
richer external knowledge source with more domain-specific knowledge since WordNet
seems to provide almost none. An interesting other future direction is to extend the
idea of concept fusion and generalization to not only intra-sentence generalization but
to inter-sentence generalization. We leave these for future work. The ultimate goal of
this work is to integrate the concept fusion and generalization operation that we have
studied in this work into a global summarization framework and test the effect of this
operation within the context of abstractive text summarization. This is discussed in

chapter 6. In the next chapter we present a corpus for Arabic sentence compression.
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Chapter 5

TALAA-ASC: A Corpus for Arabic

Sentence Compression

5.1 Introduction

Sentence compression is still considered as one of the most challenging tasks in natural
language processing Huang et al. (2012). It could be seen as a subtask of text
summarization Clarke and Lapata (2008). Instead of considering a whole document,
the focus here is to drop from any single original sentence a set of tokens, while keeping
as much information as possible from the original sentence, and ensuring that the
compressed sentence remains grammatically well-formed.

Sentence compression has been useful for many artificial intelligence applications.
For example, in text summarization, the quality of the generated summaries has
improved when using sentence compression (Chali and Hasan, 2012; Jing, 2000; Li
et al., 2013; Lin, 2003; Liu and Liu, 2009; Martins and Smith, 2009; Qian and Liu,
2013; Zajic et al., 2007). It has also been beneficial for tasks like text simplification
(Angrosh et al., 2014) and mobile devices (Corston-Oliver, 2001; Sarkar, 2008).

Compared to other languages than Arabic, a lot of effort has been done, especially
for the English language, both in developing sentence compression systems, and building
resources that help in the evaluation and building of these systems. Unfortunately, if
we look at the work on Arabic sentence compression, we find very few contributions in
this area. This could be explained by the fact that it is very difficult to build sentence
compression systems without having a corpus dedicated to this task. This is what has
aroused our interest in developing an Arabic corpus for sentence compression.

In this chapter, we present TALAA-ASC, the first Arabic sentence compression

corpus (See Figure 5.1). This corpus will (1) help evaluate the Arabic sentence com-
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Source

document

Semantic
representation

Machine
Learning
System

Operation 1

Operation 2

Operation n

Summary

Fig. 5.1 The summarization corpus in the global summarization framework

pression systems and (2) be a much-needed resource for building sentence compression

systems through the generation of learning models from this corpus.

The following is an example from the Arabic sentence compression corpus that

shows an original sentence and its compression.

Original sentence:

J‘g@cwc;awgﬁl\\j{jwxégjbu\gj&xér\.cloowgﬂu,\.{
Loy Ol Qo] Caaly (gake gty il gV ! el g

Compressed sentence:

76




5.2 The TALAA-ASC corpus

ORI

Here, the compressed sentence has been constructed by deleting the word sequence

Ly 0Ll 0 selll Caaly (sdle gy ity sl

The remainder of this chapter is organised as follows. Section 5.2 presents the
methodology we have followed in order to build the Arabic sentence compression
corpus (TALAA-ASC). The different statistics performed on the corpus are presented

in Section 5.3. Section 5.4 concludes this work.

5.2 The TALAA-ASC corpus

5.2.1 Annotation Guidelines

When constructing the Arabic sentence compression corpora, we have followed the same
guidelines provided in (Clarke and Lapata, 2008) . This corpus has been annotated
(compressed) by one annotator and validated by two human experts in the Arabic

language. The annotator has been given the following instructions:

Feel free to remove from sentences any words considered unessential;

Preserve the most important information in the source sentence;

Ensure that the compressed sentence remains grammatically-well formed;

Keep a sentence uncompressed, if you consider it as inappropriate for compression;

Do not remove entire sentences even if you believe they contain no informational

content with regard to the topic of the document.

Following these guidelines, we have compressed 70 documents, articles published
in newspaper websites, belonging to five different categories (see Tables 5.1 and 5.3).
These articles have been collected from the web. The total number of sentences of the

corpus is 609 sentences (see the details in Table 5.2).
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Table 5.1 Number of documents in each category in TALAA-ASC

Category management medicine news  and sports technology
and work politics
# of Documents 10 11 14 10 25

Table 5.2 Number of sentences in each category in TALAA-ASC

Category management medicine news  and sports technology
and work politics
# of Sentences 104 84 104 88 229

Table 5.3 Number of words in each category in TALAA-ASC

Category management medicine news  and sports technology
and work politics
# of Words 2467 2657 2876 1856 5991

5.2.2 Corpus structuring using XML

We have used XML (eXtensible Markup Language) to represent and structure the cor-
pus Cunningham (2006). Below is an example of a document from the corpus structured
in XML format. Every file of the corpus is represented in XML format which contains

pairs of sentences of the form <source, compression>. The top node is the document id.

5.3 Statistics

5.3.1 Size of the TALAA-ASC corpus

As mentioned above, the TALAA-ASC corpus consists of a collection of 70 articles
published in newspaper websites. The articles were classified into five different categories
as shown in Table 5.1. The table also presents the number of articles in each category.
Table 5.2 shows the number of sentences in each category and table 5.3 the number of

words per category.

5.3.2 Distribution of sentences according to their length

Figure 5.3 presents the distribution of sentences according to their length in the
TALAA-ASC corpus. It shows that the majority of sentences have a length between

20 and 30 words. We observe also that the sentences that have more than 60 words
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Fig. 5.2 Example of a document from the TALAA-ASC corpus
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Table 5.4 Percentage of part-of-speech (POS) tags dropped for the TALAA-ASC corpus.
#drop refers to the frequency the POS tag was dropped from the source data. % drop
is the percentage of times the POS tag was dropped in forming the compression.

Tag % drop # drop
NN 32.60% 1364
DTNN 11.69% 489
NNP 11.54% 483
DTJJ 6.57% 275
IN 6.21% 260
VBD 5.57% 233
JJ 5.49% 230
VBP 4.20% 176
CD 2.72% 114
NNS 2.22% 93
WP 2.15% 90
DTNNS 1.98% 83
PUNC 1.48% 62
DT 1.12% 47
RP 0.83% 35
VBN 0.69% 29
DTNNP 0.47% 20
CccC 0.47% 20
VN 0.43% 18
NOUN 0.31% 13
WRB 0.31% 13
ADJ 0.23% 10
RB 0.23% 10
PRP 0.14% 6
JJR 0.11% 5
VBG 0.07% 3
DTJJR 0.02% 1
VB 0.02% 1

are very rare. This plot gives an indication about the complexity that Arabic sentence
compression systems will encounter when trying to compress sentences. Indeed when
sentences are very long, the complexity of the problem will increase and sentence

compression systems will struggle to output high quality compressions.
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Fig. 5.3 Distribution of sentences according to their length in the TALAA-ASC corpus.

5.3.3 Percentage of Drops

Table 5.4 gives details of the grammatical categories being dropped by the annotator.
In order to tag the corpus sentences, we have used the Stanford POS Tagger!' . The
various part-of-speech (POS) tags, their frequencies and the percentage of times each
POS tag is dropped from the corpus is also given in Table 5.4. By examining Table
5.4, our conclusions support those of Clarke and Lapata (2008) and Jing (2000) that a
naive baseline that merely removes parts of speech like all adjectives is not sufficient
to create high quality compressions. In fact, if we look at the percentage of drops of
all the adjectives (DTJJ, JJ, ADJ, JJR, and DTJJR) in the corpus we find that it
represents only 12.42% from the percentage of all the drops.

5.3.4 Compression rate

The compression rate for a given sentence is calculated by dividing the number of
tokens of the compressed sentence by the length of the source sentence. The average
compression of the corpus is calculated by summing up the compressions of all the

sentences of the corpus and dividing this sum by the total number of sentences of the

Thttp://nlp.stanford.edu/software/tagger.shtml
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Table 5.5 Compression in each category in TALAA-ASC

Category management medicine news  and sports technology
and work politics
# Compression  0.798 0.761 0.800 0.766 0.810

Table 5.6 Compression range for the five categories of the TALAA-ASC corpus

Category Compression range (lowest-highest)
management and work 11.42% - 100%

Medicine 28.77% - 100%

news and politics 38.96% - 100%

sports 31.25% - 100%

technology 25% - 100%

corpus. Table 5.5 shows the compression rate for the five different categories of the
TALAA-ASC corpus.

We also confirm the results of Clarke and Lapata (2008) that the compression
depends mainly on the sentence structure and the information content not on the
length of the sentence. Our results also confirm that the compression rate cannot be
fixed for a given corpus or a given category of documents or even for sentences of the
same length (see table 5.6).

5.3.5 Scatter plots of the lengths of source sentences against

compression rate for the TALAA-ASC corpus

As in Clarke and Lapata (2008) we will examine the relationship between the com-
pression rate and the sentence length (but for Arabic, in our case). This analysis may
give us some hints as to how to select the best compression rate for a given sentence.
Figure 5.4 shows plots of the source sentence length against the compression rate for
the five categories of the TALAA-ASC corpus, while Figure 5.5 shows the plot for the
entire corpus. All plots are very scattered and do not prove any correlation between

compression rate and source sentence length.

5.3.6 Graph bars for the distribution of compression rates for
the TALAA-ASC corpus

In order to study the distribution of compressions we plot the followings graph bars
(Figures ( 5.6,5.7,5.8,5.9,5.10,5.11 )). They allow to investigate the effect of categoriza-
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Fig. 5.5 Relation between the length of a sentence and its compression for the TALAA-
ASC corpus
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Fig. 5.6 Compression rate distribution for the “management and work” category in the
TALAA-ASC corpus

tion on sentence compression. The percentage of sentences that remain uncompressed
is very different between the categories. This gives an indication that the category of a

document has an impact on the sentence compression system.

5.3.7 Why do some sentences remain uncompressed?

Here we intend to investigate why some sentences remain uncompressed. In fact, the
high percentage of compression rate is met when sentences remain uncompressed, i.e.
the compression rate is equal to one. We observe also that sentences that have a
compression rate below 0.3 are very rare. In the sequel we try to analyze the percentage
of sentences that remain uncompressed in each category of the corpus.

From the TALAA-ASC corpus we have observed that sentences that remain un-

compressed fall into one of the following categories:

« Direct speech: We have found out that a lot of sentences identified as direct

speech remain uncompressed.

+ Elementary sentences: Removing some words from elementary sentences

results is ungrammatical sentences.
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Fig. 5.7 Compression rate distribution for the “medicine” category in the TALAA-ASC
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Fig. 5.8 Compression rate distribution for the “news and politics” category in the
TALAA-ASC corpus
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Fig. 5.11 Compression rate distribution for the TALAA-ASC corpus

Table 5.7 Percentage of uncompressed sentences in the different categories of the
TALAA-ASC corpus

Category Percentage of uncompressed sentences
Management and work 12.5%

Medicine 3.57%

News and politics 17.30%

Sports 25%

Technology 15.28%

e Section title: Since some documents contain sections with titles, the annotator

has kept the title uncompressed.

e Loss of meaning: In some situations, when we remove some words from a
sentence we lose the meaning of the original sentence even though the compressed

sentence is grammatically well-formed.

5.4 Conclusion

In this chapter, we have presented TALAA-ASC, the first Arabic sentence compression
corpus that we will make available to the NLP community. We have performed different

analyses and statistics on this corpus.
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5.4 Conclusion

One of the aims of this study was to investigate the effect of categorization on
sentence compression. Even though the global compression differences between cat-
egories was not significant, we have observed from Table 5.7 that the percentage of
sentences that remain uncompressed is higher for some categories like the "sports"
category (25%), average for "news and politics" (17.3%), "technology" (15.28%) and
"management and work" (12.5%), while very low for the "medicine" category (3.57%).
This indicates that future sentence compression systems should take into consideration
the categories of sentences before compression.

The characteristics of the Arabic Language also had an effect on the statistics.
In fact, Arabic language sentences tend to be very long. This makes it very difficult
for compression systems to output high quality compressions (the complexity of the
problem being very high). In fact, for the case of sentence compression, we have to
find the best compression out of the 2’ — 1 compressions. When sentences are very
long, the number n increases, which in turn increases the problem size.

We have observed also that there is no relation between sentence length and
compression rate. In fact, we can find different compression rates for sentences of the
same length. We conclude that the only criteria that direct the selection of compressions
are the sentence structure and the information content.

Some kinds of sentences remain uncompressed. Generally, sentences that remain
uncompressed are either direct speech, elementary sentences, section titles, or sometimes
when we compress the sentence we observe some loss of meaning, even though the
sentence remains grammatically well-formed.

This work could be improved and extended in several directions. One possible
improvement will be to enrich the current TALAA-ASC corpus by adding more
documents. We also intend to get help from the ANLP community in order to extend
the corpus. As a future direction, it is worth investigating the effect of inter-annotation
in sentence compression. For this work, the corpus has been compressed by only one
annotator and validated by two human experts to ensure that the compressed corpus
is grammatically and semantically correct. In the next chapter we present the global

text summarization framework.
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Chapter 6

TALAA-ATSF: A Global
Operation-Based Arabic Text

Summarization Framework

6.1 Introduction

Text summarization is a cognitive effort that requires a deep understanding of the source
document. According to (Hasler (2007); Jing (2002)), humans tend to use a number
of operations to generate summaries. From our investigation of the aforementioned
and other text summarization studies, we have come to the conclusion that these
operations fall into one of two categories: single-sentence operations or multi-sentence
operations. A single-sentence operation is applied to a single sentence. These are for
instance sentence compression, concept generalization and fusion, sentence selection,
etc. Sentence compression is a single-sentence operation because it is applied to a
single sentence, while sentence fusion is a multi-sentence operation because it needs
more than one sentence to be applied. On the other hand, a multi-sentence operation
is applied in a setting where two sentences or more are merged.

Most of the work that we have found in the literature followed the extractive
approach because of the difficulty of the abstractive one. We also found a lack of
summarization frameworks that can integrate the various operations proposed in the
literature within the same system.

In this chapter, we give a whollistic vision of text summarization by proposing a
framework that tries to cover all the possible basic operations of text summarization

that have been developed in the literature. Our approach allows the integration of
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these operations within the same framework. It sets a strategy to select the most
suitable operation for a given portion of text. It is also adaptable to the different
operations. For instance, we find in the literature operations that have mainly relied
on templates, others that select the best sentences, etc.

We have used different mathematical and computer science theories to develop our
framework. First, we use number theory and specifically Bell numbers theory (Bell,
1934) to generate what we will define later in this chapter as partitions of the document.
We also use graph theory for the multigraph that we define later. A machine learning
approach has also been used in this work to assign the suitable operations to the
different portions of the source document.

The remainder of this chapter is organized as follows. Section 6.2 presents the
problem statement and introduces various definitions. Section 6.3 explains the system
design. The experimentation work is presented in Section 6.4. Section 6.5 discusses
the extension of the framework. Section 6.6 discusses the results and Section 6.7
gives a conclusion and some possible directions for the development of Arabic text

summarization based on this work.

6.2 Problem Statement

Having analyzed the available literature, we have come to the conclusion that there is
a need for a full summarization framework. In fact, many summarization operations’
have been developed, but we do not have a system that can integrate all of them in
a compositional manner. In this work, we try to respond to the following research

questions:

e Q1: What representation model should we consider to represent the document

to be summarized?

e Q2: How should we assign summarization operations to the different portions of

the source document?
o Q3: After applying a sequence of such operations, what is the stopping condition
in the summarization process?

When humans summarize documents, they tend to do it in an iterative process.

After applying the operations to the source document, one ends up with the

n the remainder of this chapter, whenever we use the term "operation(s)" it will obviously stand
for "summarization operation(s)"
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first version of a summary. At this moment, one (or the system) should decide
whether it should summarize the summary again or stop the process. The most
common way that has widely been used in text summarization was to set a
retention rate upon which a decision is made whether to stop summarizing or
not. In our case, we should come up with a more convincing approach to stop
summarizing because the retention rate is not fixed for all the texts; it rather

varies according to the type and the content of the text.

In the sequel, we give definitions and examples of the different concepts that are

used in the proposed framework.

6.2.1 Definitions

We start from the intuitive idea here that before summarizing a document, we should
find the different combinations (partitions) of sentences that we could generate from
the source document. This will later allow the association of operations to the different

partitions.

Definition 10. Partition of a document

Given a document D, a Partition P of D is a set of non-empty subsets of sentences
SP, C D, 1< i < k (the (subsets) of the partition), such that UK, SP, = D and
for every i <> j, SP; N SP; = (. In other words, a partition is a set of non-empty

subsets of sentences of D whose union is equal to D.

The notion of subset of sentences of a partition of a document is introduced because

the summarization operations will be associated with these subsets of sentences.

Definition 11. Subset of sentences of a partition of a document
Given a partition P = {sp1,sp2,...,spn} of a document D. An element sp; of P is a

subset of sentences of the partition P of the document D.

A document could have many possible partitions. Below we define the notion of set
of partitions of a document. Understanding the possible partitions is an important step
as it allows us to understand the various possible summaries and hence the operations
that need to be applied to the subsets of sentences of the partition to produce the
summaries. As we will explain later, we select the best partition from the set of

partitions of a document and also the best operations to be applied to this partition.

Definition 12. Set of partitions of a document (SPD)
Given a document D. The set of partitions of a document D is the set SPD of all
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possible partitions that could be derived from D. SPD = {P, where P is a partition
of D}.

It is known in combinatorics that the number of all partitions of a set of n elements
is given by the Bell number By, (Bell, 1934). As such, the number of partitions of a
document D with n sentences is Bell number B,,, where By = 1, By = 1, By = 2 and

B3 = 5. The Bell numbers satisfy the following relation:

Bun=Y (Z) By (6.1)

k=0

Example 8. Let us consider a document D which has three sentences: a, b, c. there

are five possible partitions of D:

{{a},{b}.{c}}
{{a,b},{c}}
{{a,c},{0}}
{{b,c}.{a}}
{{a,b,c}}

For example, the first partition contains three subsets of sentences each one having
one single sentence. The second, third, and fourth partitions have two subsets of
sentences, where the first subset has two sentences and the second has one sentence.
The fifth partition has one subset of sentences which contains all three sentences.

Several taxonomies have been proposed in the literature (Jones et al., 1999; Mani
and Maybury, 1999). These works classified text summarization systems according
to a number of factors: input, output, language, etc. But none of these taxonomies
mentioned the nature of the operations that a summarization system performs. In
this work, we propose a classification of text summarization operations with respect
to the nature of the operation that is performed in the summarization process. We
distinguish two classes of operations: single-sentence operations and multi-sentence
operations.

We define below single-sentence operation, multi-sentence operation, set of single-
sentence operations and the set of multi-sentence operations. These concepts are
related to the nature of the operations that are used in the summarization process.
For example, sentence compression is considered as a single-sentence operation since it
acts on only one sentence at a time, while sentence fusion is a multi-sentence operation

since it merges sentences and needs at least two sentences for its application.
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Definition 13. Single-sentence operation (©®)
Given a subset of sentences SP of a partition P of a document D, a single-sentence
operation, denoted by ®(SP), is an operation that is applied to a singleton subset of

sentences of a partition of D, i.e. one that has only one sentence.

Definition 14. Set of single-sentence operations (SM)
The set of single-sentence operations of a partition P of a document D is denoted by
SG :{Ql, @2,...,®n}.

Definition 15. Multi-sentence operation (D)
Given a subset of sentences SP of a partition P of a document D. A multi-sentence
operation denoted by @(SP) is an operation that is applied to a subset of sentences of

a partition that has two or more sentences .

Definition 16. Set of multi-sentence operations (SG)

The set of multi-sentence operations of a partition P of a document D is denoted by
SM ={&1, ®2,...,Bn}

The process of mapping operations to the different subsets of sentences which make

the partition of the document is used to get a summary document at a given iteration.

Definition 17. Mapping (©) of operations to a partition of a document

Let P = {sp1,spa,...,spp} be a partition of a document D and let ®; € SG and ®; € SM.
The process of mapping operations to P is the association of operations to all the subsets
of sentences of the partition P. This is denoted by O(P) = {P(sp1), P(sp2),..., P(spn)}-
Where ®(sp) is defined as follows:

D(sp) = ©i(sp), if sp| =1 (6.2)
@®;(sp), otherwise

If the number of sentences of the chosen subset of sentences of the partition is equal
to one, then we should select an operation that belongs to the set of single-sentence
operations. Otherwise, we select an operation that belongs to the set of multi-sentence
operations.

We note that ©(P) represents at the end a summary document since it performs
two things: (1) it associates the operations to the subsets of sentences of the partition
P and (2) generates a summary document which is the result of the application of
theses operations to the subsets of sentences.

Below we define the space of mappings of operations to a partition of a document.

For a given partition, we could generate many possible mappings. If we consider a
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partition P = {sp1,spa,...,spn} of a document D, a set of single-sentence operations
SG ={®1, ©®2,....0n, }, a set of multi-sentence operations SM ={®1, ®2,...,0n, },
m = ny +ng the total number of operations, and n the total number of subsets of

sentences of the partition P, the worst-case complexity of generating this space is
O(m™").

Definition 18. Space of mappings of operations to a partition of a document
Let P be a partition of a document D. The space of mappings of operations to the
partition P of D, denoted by SMOP(P) = {©1(P),02(P),...,0,(P)}, is the set of

all the possible combinations of the operations that could be assigned to P.

Definition 19. Best mapping (é) of operations to a partition of a document

Let SMOP(P) = {©1(P),02(P),...,0,(P)} be the space of mappings of operations
to a partition P of a document D. The best mapping of operations to a partition of a
document D, denoted by ((:)), is defined as the mapping of operations that yields a
summary document which maximizes a fitness function that represents the quality of

the document.

O(P) = argmaxg f(SMOP(P)) (6.3)

We have chosen to represent a document using a multigraph, i.e. consisting of
multiple layers each of which represents one relation between the sentences. The
representation of a document as a multigraph will set the ground for the application of
the different operations of text summarization. A more detailed discussion about this

multigraph is provided in the System Design section 6.3.

Definition 20. Multigraph of a document
The multigraph G = (V, E) over a document D represents the different relations between

the sentences of this document, where:

V is a set of vertices or nodes (each node corresponding to a sentence in the document
D)

F is a multiset of edges (an edge representing a relation between two sentences)

This multigraph has several layers, each one representing a relation between sen-
tences.

The summarization task is an iterative process such that, after mapping the
operations to the partition, we generate a summary for the current iteration which

represents a new suminary.
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Definition 21. Summarization function

Given a document D, the summarization function S(D) represents the sequence of
transformations of the document D. A function I'; of the document D is the result
of applying the best mapping of operations of all the partitions of document D at
iteration i. Pp, Ps,..., P, are the partitions of the document D.

[/(D) = argmaxe (f (U, SMOP(F))) (6.4)

[';(D) takes the best mapping of operations of all the partitions of the document D
and generates the current summary of iteration . The summarization function S(D)

is the composition of the results of all the iterations, which is denoted by:

S(D)=Tpoly_10..I'yol'1(D) (6.5)

ie.:

S(D) =Tp(Tp1(-..(T2(T'1(D))))) (6.6)

We note that initially the best summary is the first generated summary. After
the generation of a summary at every iteration ¢ > 1, its quality is assessed and, if it
outperforms the quality of the best generated summary of the previous iterations, then
the current summary will be the best summary. At each iteration ¢ > 1 the document

that is given as an argument to the function I'; is the best summary.

6.3 System Design

6.3.1 General idea

In our approach, we consider text summarization in a graph-theoretic setting. A
document is decomposed into a set of subsets of sentences where the number of subsets
of sentences is given by a Bell number (Bell, 1934) as explained above. We also use a
multigraph representation to represent the source document.

One novel and important aspect of this work is the use of a multigraph. The graph
nodes represent the different sentences, and the edges between sentences represent
the different relations that hold between them. Each layer of the graph represents
a semantic relation between the sentences of the document. These relations could

include, for instance, the semantic relations between sentences as well as the rhetorical
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relations that might exist between them. A more detailed discussion about this issue
will be given in the sequel. This representation will also prepare the ground for the
operations that will be applied to generate the summary.

The mapping of operations to a partition uses a machine learning approach. To
select the operation that will be applied to each subset of sentences of a partition, a
probability is associated with each operation and the operation that has the highest
probability is selected. This probability is estimated by a machine learning algorithm
that has already been trained on an annotated corpus. The annotated corpus would
contain the subset of sentences and the operation that should be applied on this subset
of sentences. The machine learning system is trained to learn the operations that the

system should associate with a partition.

6.3.2 Why a multi-layer graph?

In the text summarization literature, several representation models have been adopted
to represent the text document (graphs, trees, term vectors, lexical representation,
etc.). To justify the choice that we will consider in this approach, we start by providing
the representation models that have been used in the literature. Then, we present the

representation model that has been chosen in this work.

6.3.2.1 Rhetorical structure theory

The work presented in (Mann and Thompson, 1988) has gained a lot of interest for
text summarization. The approach therein analyzes the input text and provides a tree
representation that represents the text rhetorical relations. This representation has
been used in several studies (Gongalves et al., 2008; Marcu, 1997, 1998, 1999, 2000).

6.3.2.2 Lexical chains

Another approach is to use lexical or coreference chains. This approach has first been
used in (Baldwin and Morton, 1998). The idea of this approach is to select the longest
coreference chain. The assumption here is that the longest coreference chain contains
the main topic of the document while the shorter chains indicate subtopics. To generate
coherent summaries, this approach selects the longest coreference chain. Lexical-chains-
based approaches aim to determine sequences of words which are semantically related
to each other (for example, synonyms). It is assumed that the main topic could be

detected just by selecting the longest chain. This technique has been used in a number
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of studies (Barzilay and Elhadad, 1999; Barzilay et al., 1999; Ercan and Cicekli, 2008;
Medelyan, 2007).

6.3.2.3 Graph-based representation

Graph-based summarizers have been proposed in the literature. In this approach, a
node represents a sentence and an edge represents the relation between two sentences.
These relations include semantic relations, semantic distances between sentences, etc.
The assumption here is that the topology of the graph could provide interesting insights
into the most important content of the text. Among the most relevant approaches in
this category, we mention (Erkan and Radev (2004), Mihalcea (2004), Giannakopoulos
et al. (2008), Qazvinian and Radev (2008), Mihalcea and Tarau (2004)).

The use of a multigraph aims to build a semantic representation of the document.
This multigraph will prepare the ground for the operations that the mapping process
will select. After an iterative process, we generate a summary at each iteration. If the
quality of the newly generated summary at the current iteration is better than the
best summary thus far, then the newly generated summary will be the best summary.

The choice of a multi-layer graph instead of a simple graph is motivated by the
fact that many operations in the literature have relied on several relations (a simple
graph cannot represent all the relations). For instance, we find in the literature
operations that have mainly relied on the centrality of a sentence (Erkan and Radev,
2004; Patil and Brazdil, 2007) which is expressed by the number of connections between
a sentence and the other sentences of the document. To represent this aspect, we
need to define a relation which expresses the distance between sentences (aggregate
similarity is an example of these relations). Another relation that might be considered
as a representation layer in the multigraph is the RST relation (Mann and Thompson,
1988) which shows the rhetorical structure of a document. This kind of relations has
been useful in various summarization systems. Moreover, RST relations could be used
by a number of operations. It could help both the single-sentence and multi-sentence
operations. Other relations that could be represented by the multigraph are lexical
chains (Baldwin and Morton, 1998), latent semantic analysis (Yeh et al., 2005), and
coreference information (Azzam et al., 1999). We also mention that several studies
have reported that using a graph representation is very useful in text summarization
(Erkan and Radev, 2004; Giannakopoulos et al., 2008; Mihalcea, 2004; Wan and Xiao,

2007) since it allows to generate coherent documents.
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6.3.3 The Process of Summary Generation

Algorithm 9 gives the steps of the general algorithm for the generation of a summary. It
takes as input a source document and the maximum number of iterations and outputs
the summary of this document. The algorithm follows an iterative process. First, it
generates the partitions of the document and the multigraph. For each partition of the
document, it builds the space of mappings of operations of the partition denoted by
SMOP(P) and selects the best mapping of operations of the partition ©(P). If the
summary of the mapping (:)(P) is better than the best summary that far according to
the fitness function being used, then the best summary will be the summary of ©(P).
At the end, Algorithm 9 outputs the best summary. The whole process implements
the summarization function S(D) and each iteration ¢ of the process is the function

T;(D).

Algorithm 9 General algorithm for summary generation

1: Input Source document D, maxlIter

2: Output bestSummary

31 =1;

4: bestSummary = D;

5: while i <=maxIter do

6: SPD = Generate the partitions of the bestSummary;

7. multiGraph = Construct the multigraph;

8: for all Pin SPD do

9: SMOP(P) = Generate the space of mappings of operations of P

10: O(P) = Select the best mapping of operations from SMOP(P)

11: summary = Generate the summary from the best mapping ©(P) of operations
of P;

12: if fitness(summary) > fitness(bestSummary) then

13: bestSummary = summary;

14: end if

15:  end for

16: 1=1+1

17: end while
18: Return bestSummary;

6.3.3.1 Selection of the Best Operation by Machine Learning

To select the best operation to be applied to generate the summary, Algorithm 10
takes as input a subset of sentences. The algorithm uses features like the position of

the subset of sentences, the number of keywords of the subset of sentences, the number
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of words shared with the title, whether the subset of sentences is the first or the last
subset of sentences and the number of words in the subset of sentences. The algorithm

returns the operation that has the highest probability.

Algorithm 10 Algorithm for the selection of best operation using machine learning
: Input A subset of sentences sp

: Output best_operation

F= extract_ features (sp);

: best_operation = Machine learning prediction(F);

: Return best_ operation;

Once we generate all the partitions of a document, we calculate the quality of each
partition which is expressed by a fitness value. The fitness measures the quality of the
summary document which would be the result of applying the mapping of operations

to obtain the considered partition.

Algorithm 11 Algorithm for the construction of the multigraph
1: Input list Nodes is a list of n nodes which represent the sentences of the source
document

: Output The multigraph represented by nb matrices

: for k := 1 to nb do

for i:=1ton do
for j:=i+1ton do
My [i, j] = Relationy(list Nodesli],list N odes|j]);
end for
end for
end for
: Return M{,Ms,....M,,;, matrices ;

© XN Wy

[
o

To generate the multigraph, Algorithm 11 captures the relations that exist between
sentences. Let us consider an instance of the general problem and let us suppose
that we are interested in tackling the problem taking into account only two relations,
the similarity between sentences and the semantic relations that could exist between
sentences represented by the RST relations. In this case, we have only two matrices
A and B. Matrix A stores the similarity distances between sentences, while Matrix
B stores the RST relations that might exist between the different sentences. These
two matrices will be needed for the operations that will be applied to generate the

summary.
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6.3.3.2 Defining the fitness function

In order to evaluate the quality of the summary (S), we define a fitness function (f)
which combines the grammaticality and the concentration of information to evaluate
the importance of a summary. The concentration of information is a semantic measure

of the quality of the summary as will be explained below.

fitness(S) = information__concentration(S) + grammaticality(S) (6.7)

Information concentration The information concentration is measured by the
amount of important content present in the summary. We define two parameters: the
aggregate similarity and the tf. The aggregate similarity gives high value to summaries
with central sentences in the text. While the ¢f allows to give high ranks to documents

that have important words.

information_concentration(S) = ax (Aggregate_similarity(S)) + B (TF(S))
(6.8)

Aggregate similarity Let S = {sl,s2,s3,s4,s5,s6,s7} be a summary document.
The aggregate similarity technique allows to assign weights to the different sentences of
the document to assess its quality. The weight of any given sentence is calculated as the
sum of the weights of its connections. For example, the weight of Sentence sg is equal
t0 0.65+0.8440.12, while the average weight of the sentence sg is (0.65+0.84+0.12)/3

In our case, the aggregate similarity of a summary of a document is calculated by
summing up the average weights of all the sentences of the summary and dividing this
sum by the number of sentences of the document.

We note that the values of the TF, aggregate similarity and the grammaticality are
between 0 and 1.

where «, § and v are set empirically.
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Fig. 6.1 Similarity graph of a document
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avrlengthdoc

TF(term,D) = (6.9)
where:

D: A summary document

term: A term in the summary document D

TF: term frequency

IDF': Inverse Document Frequency

freq: the frequency of a term in the document

lengthdoc: the document length

avrlengthdoc: the average length of training documents

The tf value is calculated for each term of the document; the global value of the tf of
the document is the sum of all the ¢f values of the terms divided by the total number

of the terms of the document.

Grammaticality The grammaticality of the summary should also be maximized.
For this reason, we propose to use a trigram language model. Collins (2013) stated that
the trigram assumption is arguably quite strong, and linguistically naive. However, it
leads to models that are very useful in practice. The grammaticality of the document
is represented as the sum of all trigrams of the document over the total number of

trigrams of this document. The value of the grammaticality ranges from 0 to 1.
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Grammaticality(S) = v Trigrams(S) (6.10)

6.4 Evaluation of the Global Summarization Sys-

tem

6.4.1 Evaluation of the Algorithm for Affectation of Opera-

tions to Document Partitions
6.4.1.1 Operations Used in the Evaluation

We have used three operations in the experimentation. All the operations used belong

to the single-sentence operation category.

« Sentence extraction using AdaBoost (Belkebir and Guessoum, 2015a)

This operation is based on the AdaBoost Machine Learning-based technique to
generate Arabic summaries. This technique is used to predict whether a new

sentence is likely to be included in the summary or not.

« Concept generalization and fusion for abstractive sentence generation

This operation addresses the problem of abstractive text summarization by fusing
and generalizing concepts. It tackles the problem of generalization of sentences,
i.e. such that the system will be able to generate from a sentence like "Selma ate
bananas, apples and potatoes” an output like "Selma ate fruits and vegetables"
or "Selma ate some food". This task requiring the use of world knowledge, the
operation uses WordNet to generalize the concepts. This operation has been
basically proposed for the English language in (Belkebir and Guessoum, 2016)

and we have ported it to Arabic for the purposes of this work.

» Sentence compression (Belkebir and Guessoum, 2015b)

This operation tries to generate a single sentence that preserves the most salient
information from the original sentence while ensuring that it is grammatically well-
formed. We have modeled sentence compression as an optimization problem using
differential evolution. This method allows to search the space of compressions in

a polynomial time.
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6.4.1.2 Discussion of the learning process and the corpus annotation

The approach adopted in this work requires the use of a mapping process which is
responsible for assigning operations to the different portions of the text (subsets of
sentences of a partition). After segmenting the source document into sentences and
generating all the possible partitions, we need to select the best partition, hence the
best mapping of operations for this partition of the source document. At this stage, a
prediction function that assigns a certain probability that represents the suitability of
the operation to each subset of sentences of the partition is needed.

To assign a probability to any operation, a machine learning system is trained to
learn the mapping between the subsets of sentences of the partition and the operations.
This mapping function takes as input the different features of the problem and outputs
an estimated value that gives hints about the suitability of this operation to this
portion of text.

To train the system we have developed a parallel corpus of pairs <subsets of
sentences, operation>. Figure 6.2 shows an example from the TALAA-ASC corpus
(Belkebir and Guessoum, 2015b). The document is represented using the XML format.
It contains packets each of which represents a subset of sentences of the document.
Inside each packet tag, we have defined the "id" and the "operation" attribute. For the

operation attribute, we have used the following codes:

S: Select a sentence

R: Remove a sentence

C: Compress a sentence
- G: Generalize a sentence

F: fuse sentences

6.4.1.3 Comparison

In order to evaluate the performance of the system in associating the operations, we
have used the annotated TALAA-ASC corpus. We have used 10-fold cross validation.
Table 6.1 presents the results of the recall, precision and F1-score.

We have used WEKA (Hall et al., 2009) to asses the performance of the different
machine learning algorithms. We have tested the system with the following machine

learning techniques: J48, SVM, Logistic regression and Naive Bayes; and have used
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1 <?xml wversion="1.0" encoding="UTF-8"72>

2 <file>

zZ <packet 1d="1" operation="5">

4 [H<sourcerps oSleaide Ao "odbdl joiwd" Je el Likie Jao o Wl Sope¥l LID0 AT o S
5 el @lasoy ) Lo je 2 Jefdd) odady dUasdl Ll @Eains J=i. </socurce>

3 F</packet>

T —|<packet 1d="2" operation="5">

B E<soarce>5__¢mu‘il Jadkdl pled Ger dodsdl Geldses St Ge sl Jgddl g et JME a0 JLSg

3 Linde "y yandt Iokie Jois LgSLdas) e sLailly LedSlhe Jo o0 Ielay Lugysl " gl

10 "Rl sdedl e SLaR SN Ilas g4 Of shd SLAS| i gamdl Fogpd s AaSo el Lugmill g Ladfy gdas Le
11 o aladl sl o LdSon O juid o p=] 3" . </source>

12 F</packet>

13 El<packet id="3" operation="5">

14 Csourcelgud shrldl gudle Gedes e Jamdl Geesg gt s JLei s". </sources

15 F</packet>

16 —|<packet 1d="4" operation="R">

17 E<50'ﬂce>5—5—3uﬂ' Jaddl Qo po il D pidl Oet A" O Seet¥ | AS JRT1 jmidy B s

18 P el olelaws gl jlEe ) Lgade". </source>

19 F</packet>

20 —|<packet 1d="5" operation="R">

21 E<soarce>f_g.mgas.u.g.m Lot 2Lad®¥1 Llos z3dT 3 s ._Lb.ﬁ-i'_?“ - ARG e gi' ! _Jl..’si'3

22 sl Adlkie Oldde olels Je". </source>

23 F</packet>

24 —J<packet 1d="6" operation="F& T">

25 E<50'.1rce>3_”.5_il Tilaie 5 dLak®¥l @LadY Fdods ol dd gd &F g s¥) @Sl bl LS. </ sourcer
26 [H<fusionr ol dd s is¥) S adl &l pud g yesd! Iibis 5 dladdl Lo 29040 LeRddl ooy 3
27 Fososadl ddkie o dlaX I @Led¥ Fiode<d/fusion>

28 F</packet>

29 —J<packet 1d4="T" operation="F&_ T">

30 <sourcergddl MeLddl s e gy Adlkde o 2Ll ®¥ las zddd beRddl e RS0 elodl 4l sy
31 Lol 5 3 hid bua giJ padildiy gU3Y1 gl sdgio. </source>

32 <fusion> jl dS s ia¥ ) S35 el Wil By g yead] Iibhie 8 dled W s 2900 beRAdl oo
33 soeadl Adlie o dlal I @lLed¥ Fiode</fusion>

34 </packet>

</file>

Fig. 6.2 Example of a document from the annotated TALAA-ASC corpus
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the default values for their parameters. These techniques have been trained on the
TALAA-ASC (Belkebir and Guessoum, 2015b) corpus which we have later enriched
and annotated with the following operations: sentence selection, sentence compression,
concept generalization and fusion and sentence fusion. We note that the sentence fusion
operation which merges sentences is not used when training the machine learning system

that selects the operations to be applied, this is one of our future work directions.

Table 6.1 Evaluation of the Algorithm for Affectation of Operations

Evaluation j48 SVM Logistic MLP Nb Random forest
Weighted Precision ~ 0.639 0.623 0.668 0.638 0.715 0.597
Weighted Recall 0.645 0.618 0.654 0.633 0.630 0.610

Weighted F-Measure 0.623 0.587 0.623 0.607 0.585 0.598

Table 6.1 shows that the machine learning techniques that have given the best
results are the J48 and Logistic regression with F-Measure equal to 0.623. SVM comes
next with an F-Measure of 0.587 followed by Naive Bayes with an F-Measure of 0.585.

6.4.2 Evaluation of the Summarization Framework

ROUGE-N is an n-gram recall measure that compares between a summary and a set

of reference summaries. It is computed as follows:

Z Z Countpaten(gramy,)

Se{ReferenceSummaries} gramn€S

> > Count(gramy)

Se{ReferenceSummaries} gramn€S

ROUGE - N =

(6.11)

where n is the length of the n-gram. Count,,qien(gramy,) is the maximum number
of n-grams co-occurring in a set of reference summaries and a summary.
In order to evaluate the framework, we have used a number of machine learning

algorithms and the Rouge package (Lin, 2004) to evaluate the system.
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Table 6.2 Evaluation of the Summarization Framework

Evaluation AdaBoost j48 SVM Logistic ML Op Nb
R 0.43308 0.13690 0.29116 0.14934 0.74566 0.15340
Rouge 1 P 0.53312 0.32110 0.41174 0.36549 0.48694 0.32575
F 0.44071 0.17442 0.31470 0.19166 0.55995 0.18813
R 0.15690 0.00935 0.10429 0.01641 0.37068 0.02339
Rouge 2 P 0.18658 0.04216 0.12997 0.05356 0.28130 0.07482
F 0.15771 0.01503 0.10458 0.02471 0.31244  0.03400
R 0.17887 0.00631 0.12812 0.01172 0.44232 0.02927
Rouge SU4 P 0.22046 0.04911 0.17082 0.05981 0.28683 0.08999
F 0.16966 0.01092 0.12331 0.01912 0.33117 0.03511

We have compared the performance of the proposed system against the performance
of a number of machine learning systems (See Table 6.2) . All of these existing systems
are extractive and try to select the most relevant sentences from a document. These
systems have been trained on an external corpus of Belkebir and Guessoum (2015a)
which contains 30 documents and then tested on the enriched TALAA-ASC corpus
(Belkebir and Guessoum, 2015b).

We have compared the performance of our Summarization framework against the
AdaBoost system proposed in (Belkebir and Guessoum, 2015a), J48 (Quinlan, 1993),
SVM (Vapnik, 1999), logistic (Le Cessie and Van Houwelingen, 1992) and Naive Bayes
(John and Langley, 1995). The proposed system has a better performance compared to
the other existing systems since it has the ability to select the suitable operation for a
given portion of text. In our case, for the purposes of testing the proposed framework
we have included only three operations which are sentence selection/deletion, sentence
compression and concept generalization and fusion. We note that the performance of
the system could be improved if we include other operations from the multi-sentence
operation category. We are currently working on the implementation of some multi-

sentence operations so we can include them into the framework and test it.

6.5 Extension of the framework: TALAA-ATSF
with BSO-CHI2-SVM

As we mentioned in related work, text summarization has been successfully combined

with different applications. An interesting future extension of the framework is to
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categorize documents before summarization. In fact, if we know the category of the
document it will be beneficial for some text summarization operations such as sentence
compression. This is what we have discussed and concluded in chapter 5. We have
concluded that the compression ratio varies between the different categories of the
corpus and discussed that it will be interesting to design compression systems which
takes into consideration the category of the document. The categorization operation
could improve as well the performance of the sentence selection operation. In fact, if
we know the category of the document, it will help choose the best strategy to select
sentences and it will help to select the best keywords that the summarization system
should rely on since the keywords are directly related to the category of the document.
In the sequel, we present the general architecture of BSO-CHI2-SVM (Belkebir and
Guessoum, 2013) .

The aim of BSO-CHI2-SVM is to assign a category to a document. The problem of
selecting the set of attributes is NP-hard. On the other hand, meta-heuristics have
given good results for several optimization problems. Among these meta-heuristics,
we can mention Genetic Algorithms (GA), Particle Swarm Optimisation (PSO), Tabu
Search (TS), etc. In the area of automatic classification, although the methods based
on meta-heuristics are very powerful, little research has addressed the problem of
feature selection using these approaches. Researchers avoid using them for reasons
related to computation time which is extremely high when compared with methods
based on filters (Chi-square, information gain, mutual information, etc.). Indeed, when
dealing with this problem of feature selection using meta-heuristics, it is necessary to
repeat the learning process after the generation of any solution and hence the learning
time becomes very high. As a remedy, a meta-heuristic that exploits the parallelism on
a large scale can be adopted, hence the choice of BSO. This is coupled with Chi-square
(X?) in a way to guide the search so as to avoid bad solutions. The set of features
is fed into the SVM, which produces a learned model for the categorization problem
using this subset of features.

We start by generating the vocabulary, i.e. all the corpus words without redundancy.
A feature selection process using Chi2-BSO takes this vocabulary and produces a subset
of features. The latter is fed into the SVM classifier which produces a model of the
categorization system. This in turn gets evaluated and the result of this evaluation
is affected to this model. The process is repeated iteratively a predefined number of
times. Note that the call to the SVM module is done from within the general BSO

master process.
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6.6 Discussion

As we discussed above, using BSO-CHI2-SVM as an initial step before categoriza-
tion could improve the performance of the framework since it allows to choose the
appropriate strategy of summarization according to the category of the document. An
interesting future direction is to investigate the effect of using BSO-CHI2-SVM within

the framework.

6.6 Discussion

We now discuss some of the most relevant points about the proposed approach.

The approach could automatically select the portions of the document (set of
subsets of sentences) and the most suitable operations that we should apply to them.
In our context, a document portion represents a set of subsets of sentences. We select
an operation that belongs to the set of single-sentence operations if the set of subsets
contains one sentence or, in case we are dealing with multiple sentences (the set of
subsets contains more than one sentence), we should use an operation from the set of
multi-sentence operations. In this case, we have to summarize several sentences using
one operation.

The multigraph has been constructed to facilitate the task for the other operations
that will be applied to generate the summary. For instance, the single-sentence operation
of deleting sentences could benefit from the use of the multigraph and some relations
that the multigraph conveys, like the semantic similarity between sentences. This
information could be used as a feature for this operation (delete sentence). Among the
other operations that could benefit from the multigraph are the fusion and generalization
of concepts, especially, if concepts that we intend to generalize do not belong to the
same sentence. This is being investigated in a separate research work. In this situation,
the multigraph provides information about the RST relation, and here we use some
rules that will give us the ability to decide whether two adjacent sentences could be
fused or not.

An important issue that has to be emphasized is that the efficiency of the approach
will mainly depend on the quality of the operations that make up the entire framework.
To have a high-quality summarizer, all of the operations should be of good quality.
The framework is only responsible for selecting the best operation(s) to apply to the
best portion of text, and it is not responsible for the quality of the operations which
are external to the framework.

We note that this framework is the first that handles the Arabic language using both

abstractive and extractive operations. Combining the two operations has improved the
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results reached by other existing machine learning systems which have been used in

the literature to tackle Arabic text summarization.

6.7 Conclusion

In this work, we have presented an approach that can integrate several operations
into one single framework which has benefitted from several aspects. It uses concepts
inspired from number theory. In this sense, we have generated the partitions of a
document where the number of partitions is the Bell numbers (Bell, 1934) . We also
use probabilities to select the most likely partition and the set of operations that will
be applied to the source text to produce the summary. Another interesting issue in
this approach is the use of a multigraph which embodies several relations represented
by different matrices. The multigraph could also be useful for the operations selected
by the machine learning system.

This work could be extended in several directions. One possible improvement is to
propose an active learning approach that will have the ability to adapt new operations
in real time. Currently, if a new operation has to be integrated into our summarization
framework, we must retrain the machine learning system to learn which operation to
use among the available ones.

It will also be interesting to integrate in an enrichment of the implementation an
operation that belongs to the set of multi-sentence operations. For the moment, though
the theoretical framework includes two categories of operations, we have included in
the implementation only operations that belong to the set of single sentence operations;
we are currently working on the suggested expansion of the system.

We state that the approach presented in this chapter is very novel and gives different
dimensions to research in text summarization. The main strength of this framework is
its ability to seemlessly include any text summarization operation. In the next chapter

we present a general conclusion of the thesis and discuss the future research directions.
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Chapter 7
Conclusions

This chapter summarizes the main findings of this work and discusses further research

directions.

7.1 Main Contributions

This thesis has addressed the task of text summarization. We have investigated the work
done on text summarization. We have proposed a framework for text summarization.
We have designed approaches for sentence compression, concept generalization and
fusion as well as sentence selection. The following is a summary of the main findings

and contributions of this thesis:

« We have conducted an analytical study of the work that has been already done in
the literature for text summarization and proposed a taxonomy that classify text
summarization work according to the operations used to generate the summary.
Two classes of operations have been identified: single-sentence operation and
multi-sentence operation. If the operation is a single-sentence operation, then the
operation could be applied to a single sentence (example: sentence compression).
For the multi-sentence operation, the operation is used to handle several sentences

(example: sentence fusion).

o We have shown how text summarization can be viewed as a "factory" and proposed
a global summarization framework that could integrate the different operations
of text summarization within the same system. This framework allows to select

the most suitable operation for each portion of the text to be summarized.
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o We have designed an abstractive summarization operation. This operation use
concept fusion and generalization techniques to generate abstractive sentences.

It uses Wordnet as a semantic resource to generalize the concept.

e We have proposed an approach that uses AdaBoost as a machine learning
technique to select the important sentences that are worthy to be included in the

summary. It has achieved good results compared to other existing techniques.

o We have proposed TALAA-ASC which is the first sentence compression corpus
for the Arabic language. This could be used both to generate new sentence
compression systems that are trained on this corpus. It also allows to compare

the performance of the sentence compression systems.

7.2 Further Research

In this thesis, we have investigated the work done on text summarization and proposed
a global framework that deals with text summarization. We have proposed three
summarization operations and discussed the limitations and the improvements that
could be done for each operation. These could be summarized as follow.

Regarding the work that has been done on sentence seletion operation where we
proposed an AdaBoost approach, one direction would be to extend the corpus by
adding more documents. It will be also interesting to introduce more features like
part-of-speech tagging and semantic relations between sentences.

A lot of improvement could be done for the concept generalization and fusion
approach. One direction would be to introduce more features and thus try to give more
meaning to the generalization versions. Another way to improve the system performance
is to use a larger corpus to estimate the acceptability of the generalization versions,
especially for the context-based approach. Another problem that has to be solved is
the use of a richer external knowledge source with more domain-specific knowledge
since WordNet seems to provide almost none. An interesting other future direction
is to extend the idea of concept fusion and generalization to not only intra-sentence
generalization but to inter-sentence generalization.

Regarding the text summarization framework. One possible improvement is to
propose an active learning approach that will have the ability to adapt new operations
in real time. Currently, if a new operation has to be integrated into our summarization
framework, we must retrain the machine learning system to learn which operation to

use among the available ones. It will also be interesting to integrate in an enrichment

114



7.2 Further Research

of the implementation an operation that belongs to the set of multi-sentence operation.
For the moment, though the theoretical framework includes the categories of operations,
we have included in the implementation only operations that belong to the set of
single sentence operations; we are currently working on the suggested expansion of
the system. An interesting future direction is to use deep learning for the machine
learning systems that have been developed in this thesis since this technique has
achieved state-of-the-art results in many artificial intelligence problems. Furthermore,
the generation of partitions has a high computational complexity and yields a big
number of partitions when the number of sentences of a document is high. To alleviate
this problem, a future research direction would be to use meta-heuristics as a mean to
explore the search space intelligently. The use of more semantic relations to represent
the textual information could be one of the research directions to improve the global
summarization framework proposed in this thesis. Using ontologies could represent an
interesting future solution since it allows to represent the documents semantically by
providing a number of semantic relations.

It is interesting to investigate the task of summarization by taking into account the
user background information. In this case, the summary should contain the important
content with respect to the user.

Another research direction is to study the impact of using the Tashkyl in Arabic
text summarization. It is also interesting to investigate the use of some advanced
morphological tools to tackle some complex Arabic words.

One possible improvement will be to enrich the current TALAA-ASC corpus by
adding more documents. We also intend to get help from the ANLP community in

order to extend the corpus.
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