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ABSTRACT 
 

 

In the age of information, the huge amount of data that is produced every day will remain 

unuseful for humans unless we make it available with new tools and technologies. Abstractive 

Text Summarization tries to get the most essential content of a text corpus and compress it 

into a shorter text while keeping its meaning and maintaining its semantic and grammatical 

correctness. Neural architectures are becoming dominant in Abstractive Text Summarization. 

The use of deep learning architectures in natural language processing entered a new area after 

the appearance of seq2sep models in recent decades. These models are basically founded on a 

couple of recurrent neural networks that connect the input and output data in an encoder-

decoder architecture. Better results were possible by adding the Attention Mechanism to the 

RNN layers. Many studies have shown how competitive these new architectures are in 

machine translation. The recently proposed model, which is called Abstractive Text 

Summarization (ATS), uses only the attention mechanism. It has surpassed the previous state-

of-the-art models in translation tasks. In this work, we want to experiment with this new 

model for abstractive text summarization. The evaluation results on the Amazon fine food 

reviews dataset show that our method better captures the attention pattern and achieves The 

Bleu scored equivalent (0,50). The result is a very high-quality summary. Abstractive Cross-

Language Summarization CLA (translation and summarization) is the task of generating a 

summary in a target language from a collection of documents in a different source language. 

The result of the blue score was very good and satisfying (0.50). 
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Résumé 

À l'ère de l'information, l'énorme quantité de données produites chaque jour restera inutile 

pour les humains à moins que nous ne les rendions disponibles avec de nouveaux outils et 

technologies. Abstractive Text Summarization essaie d'obtenir le contenu le plus essentiel 

d'un corpus de texte et de le compresser en un texte plus court tout en gardant son sens et en 

maintenant son exactitude sémantique et grammaticale. Les architectures neuronales 

deviennent dominantes dans le résumé de texte abstrait. L'utilisation d'architectures 

d'apprentissage en profondeur dans le traitement du langage naturel est entrée dans un 

nouveau domaine après l'apparition des modèles seq2sep au cours des dernières décennies. 

Ces modèles reposent essentiellement sur quelques réseaux de neurones récurrents qui 

connectent les données d'entrée et de sortie dans une architecture encodeur-décodeur. De 

meilleurs résultats ont été possibles en ajoutant le mécanisme d'attention aux couches RNN. 

De nombreuses études ont montré à quel point ces nouvelles architectures sont compétitives 

en traduction automatique. Le modèle récemment proposé, appelé Abstractive Text 

Summarization (ATS), utilise uniquement le mécanisme d'attention. Il a dépassé les 

précédents modèles de pointe dans les tâches de traduction. Dans ce travail, nous voulons 

expérimenter ce nouveau modèle de résumé de texte abstrait. Les résultats de l'évaluation sur 

l'ensemble de données des critiques d'épicerie fine d'Amazon montrent que notre méthode 

capture mieux le modèle d'attention et atteint l'équivalent du score The Bleu (0,50). Le 

résultat est un résumé de très haute qualité. Résumé abstrait multilingue CLA (traduction et 

résumé) est la tâche de générer un résumé dans une langue cible à partir d'une collection de 

documents dans une langue source différente. Le résultat du score bleu était très bon et 

satisfaisant (0,50) 
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صـخـلـملـا  
 

 

في عصر المعلومات، ستظل الكمية الهائلة من البيانات التي يتم إنتاجها يوميًا غير مفيدة للبشر ما لم نوفرها  

. يستعمل    Abstractiveو Extractiveبأدوات وتقنيات جديدة. ينقسم التلخيص الأتوماتيكي إلى نوعين 

وضغطها في نص أقصر،  جودة في النص أهم المعلومات المو لاستخراج  Abstractiveالتلخيص الأوتوماتيكي

مع الحفاظ على معناها والحفاظ على دلالتها وصحتها النحوية. في السنوات الأخيرة كثر استعمال ما يسمى بالتعلم 

encoder-بعد ظهور نموذج  وخاصة (NLPمعالجة النصوص )في مجال  (Deep Learningالعميق )

decoder  .  تتكون نماذجdecoder-encoder ( من عدة طبقات من الشبكات العصبيةRNN و يفصل بين ،)

encoder  وdecoder  طبقة تسمى بLayer-Attention و قد ركزت الدراسات على أهميت ،-Attention

Layer ( ومدى تأثيرها في النتائج ، و خاصة في الترجمة الآليةmachine translation كما تزايد استعمالها )

 ،Amazon fine food reviewsفي هذه المذكرة و بالاستعانة ببيانات  (.Abstractiveفي مجال التلخيص)َ

 لبناء برنامج  RNN Encoder-Decoder with Attention Mechanism قمنا بتجربة هذا النموذج

SummarizationAbstractive Text  وقد كانت النتائج اكثر من رائعة حيث كانت نسبة، BLEU (0.50) 

حيث لغة  )الترجمة والتلخيص(  Language Summarization CLA -Cross،كما قمنا بتجربته على 

   (.0.50انت نتيجة الدرجة الزرقاء جيدة جدا ومرضية )، وك الإدخال غير لغة الإخراج



 

V 

TABLE OF CONTENTS 
 

ACKNOWLEDGEMENT ..................................................................................................... II 

DEDICATION ...................................................................................................................... III 

ABSTRACT ........................................................................................................................... IV 

 VII ................................................................................................................................. الـمـلـخـص

TABLE OF CONTENTS .................................................................................................... VIII 

LIST OF TABLES ............................................................................................................... XII 

Introduction .............................................................................................................................. 1 

1.1 Introduction ............................................................................................................... 1 

1.2 Problem Background ..................................................................................................... 3 

1.3 Research Motivation ....................................................................................................... 4 

1.4 Thesis Statement ............................................................................................................. 4 

1.5 Decision Problems ........................................................................................................... 5 

1.6 Thesis Objectives ............................................................................................................ 6 

1.7 Thesis Scope .................................................................................................................... 7 

Automatic text summarization ................................................................................................ 9 

2.1 Introduction .................................................................................................................... 9 

2.2 Definition of Text Summarization ................................................................................. 9 

2.3 The need for automatic summarization ...................................................................... 10 

2.4 Related Works ............................................................................................................... 10 

2.5 Characteristics of a summary ...................................................................................... 11 

2.6 Steps of automatic text summarization ...................................................................... 12 

2.7 Concept of salient sentences and scoring sentence .................................................... 12 

2.8 Various types of summaries ......................................................................................... 13 

2.8.1 Summary based on input ....................................................................................... 13 

2.8.3 Summary based on content ................................................................................... 14 



 

V 

2.8.4 Summary based on output .................................................................................... 14 

2.8.5 Summary based on language ................................................................................ 15 

2.9 Update summarization ................................................................................................. 16 

2.10 Text summarization methods .................................................................................... 17 

2.11 Evaluation techniques ................................................................................................ 20 

2.11.1 Intrinsic evaluation .............................................................................................. 20 

2.11.2 Extrinsic evaluation ............................................................................................. 22 

2.12 Summarization Main Problems ................................................................................ 23 

2.13 Conclusion ................................................................................................................... 24 

Methodogy ............................................................................................................................... 25 

3.1 Introduction .................................................................................................................. 25 

3.2 Research Design ............................................................................................................ 25 

3.3 General Research Framework .................................................................................... 25 

3.4 Dataset ........................................................................................................................... 28 

3.5 Recurrent neural networks (RNN) for text summarization ..................................... 30 

3.6 Long short term memory (LSTM) : ............................................................................ 32 

3.7 Learning Process of Deep Neural Networks .............................................................. 33 

3.7.1 Activation Functions: ............................................................................................. 34 

3.7.2 Loss Functions ........................................................................................................ 35 

3.7.3. Gradient Descent ................................................................................................... 36 

3.8 Machine Translation and Summarization ................................................................. 37 

3.9 Attention Layer ............................................................................................................. 37 

3.9.1. Attention Mechanism ............................................................................................ 38 

3.9.2. Attention in Translation ....................................................................................... 41 

3.9.3. Implementation of Attention ................................................................................ 43 

3.10 Embeddings ................................................................................................................. 44 

3.10.1 Word Embeddings ............................................................................................... 44 

3.10.2 Sentence Embeddings .......................................................................................... 45 

3.11 Dense layer .................................................................................................................. 46 

3.12 Proposed Approach Steps .......................................................................................... 47 



 

V 

3.12.1 Pre-processing ...................................................................................................... 47 

3.12.2 Attention in abstractive summarization ............................................................ 49 

3.12.3 Sequence-to-Sequence (Seq2Seq) Modeling ...................................................... 50 

3.12.4 Prediction .............................................................................................................. 52 

3.13 Architecture ................................................................................................................ 53 

3.13.1 Encoder ................................................................................................................. 53 

3.13.2 Decoder ................................................................................................................. 54 

3.14 Abstractive cross-language summarization (Translate and Summarize) ............. 54 

3.15 Conclusion ................................................................................................................... 56 

Test and Evaluation ............................................................................................................... 57 

4.1 Introduction .................................................................................................................. 57 

4.2 Environment and Development Tools ........................................................................ 57 

4.2.1 Material ................................................................................................................... 57 

4.2.2 Python Modules Used ............................................................................................ 57 

4.4 Experimental Results and Discussion ......................................................................... 60 

4.4.1 Results from ATS English-English ....................................................................... 61 

4.4.2 Results from ATS English-French ....................................................................... 61 

4.4.3 Results from ATS English-Arabic ........................................................................ 62 

4.4.4 Results from ATS French-French ........................................................................ 62 

4.4.5 Results from ATS French-Arabic ......................................................................... 63 

4.4.6 Results from ATS French-English ....................................................................... 63 

4.4.7 Results from ATS Arabic-Arabic ......................................................................... 64 

4.4.8 Results from ATS Arabic-English ........................................................................ 64 

4.4.10 Results from ATS Train Arabic-Test French ................................................... 65 

4.4.11 Results from ATS Train Arabic-Test English ................................................... 66 

4.4.12 Results from ATS Train French- Test English ................................................. 66 

4.4.13 Results from ATS Train French- Test Arabic................................................... 67 

4.4.14 Results from ATS Train English-Test French .................................................. 67 

4.4.15 Results from ATS Train English-Test Arabic ................................................... 68 

4.5 The results of the Bleu and Rouge scores ................................................................... 68 

4.5.1 The results of the Bleu score ................................................................................. 68 

4.5.2 Sentence BLEU score for validation dataset ....................................................... 69 

4.6 Answers to Research Questions ................................................................................... 76 



 

V 

4.6.1 Answer 1 ................................................................................................................. 76 

4.6.2 Answer 2 ................................................................................................................. 77 

4.6.3 Answer 3 ................................................................................................................. 77 

4.6.4 Answer 4 ................................................................................................................. 77 

4.7 Conclusion ..................................................................................................................... 77 

General Conclusion and perspective .................................................................................... 78 

REFERENCES ....................................................................................................................... 79 



 

XII 

 

 

 

LIST OF TABLES 
 

Table 2.1: Comparison between different Automatic Text Summarization approaches that 

exist according to their advantages and disadvantages. ........................................................... 19 

 

Table 4.1: Results of the Bleu score. ....................................................................................... 68 

Table 4.2: Results of the Bleu score (different input). ............................................................ 69 

Table 4.3: Results of the Rouge score. .................................................................................... 76 

 

  



 

XIII 

 

LIST OF FIGURES 
 
Figure 2.1 : Extractive text summarization. ............................................................................ 15 

Figure 2.2: Abstractive text summarization. ........................................................................... 15 

Figure 2.3: Text summarization classification. ....................................................................... 16 

Figure 2.4: Evaluation techniques of Automatic Text Summarization. .................................. 23 

Figure 2.5: Main steps of summarization. ............................................................................... 24 

 

Figure 3.1:Overall research framework and activities implemented in the thesis. ................. 26 

Figure 3.2: Reviews dataset. ................................................................................................... 28 

Figure 3. 3:Reviews dataset (translated to Arabic). ................................................................ 29 

Figure 3.4:Reviews dataset (translated to French). ................................................................. 29 

Figure 3. 5:Reviews dataset (translated to Arabic, French). ................................................... 30 

Figure 3.6: RNN Architecture. ................................................................................................ 31 

Figure 3.7: Bidirectional RNN Architecture with forward and backward hidden    RNN-

layers. ....................................................................................................................................... 32 

Figure 3.8: Basic Architecture of LSTM. ............................................................................... 33 

Figure 3.9: Illustration of deep neural network learning process (TORRES.AI, 2018). ........ 33 

Figure 3.10: Deep learning model. .......................................................................................... 38 

Figure 3.11: Attention mechanism illustration. ....................................................................... 39 

Figure 3.12: Attention mechanism illustration. ....................................................................... 40 

Figure 3.13: Attention mechanism illustration. ....................................................................... 41 

Figure 3.14: Example of language translation using LSTM. .................................................. 42 

Figure 3.15: Example of language translation using LSTM and attention. ............................ 44 

Figure 3. 16: Sentence embedding illustration. ....................................................................... 46 

Figure 3.17: Illustration of Proposed Abstractive summarization Framework. ...................... 47 

Figure 3.18: Pre-processing procedure illustration. ................................................................ 48 

Figure 3.19: Abstractive summarization preprocessing. ......................................................... 49 

Figure 3.20: Abstractive summarization attention implementation. ....................................... 50 

Figure 3.21: Sequence-to-sequence model with attention mechanism. .................................. 51 

Figure 3.22: Abstractive summarization prediction illustration. ............................................ 52 

Figure 3.23: Encoder-Decoder Sequence-to-Sequence. .......................................................... 53 

Figure 3.24: Encoder-Decoder. ............................................................................................... 54 

file:///C:/Users/DELL/Desktop/thesis%20B.docx%23_Toc82345466


 

XIV 

 

Figure 3.25: Abstractive summarization (English-Arabic). .................................................... 55 

Figure 3.26: Abstractive summarization (Arabic-French). ..................................................... 55 

 

Figure 4.1: Results from ATS English-English. ..................................................................... 61 

Figure 4.2: Results from ATS English-French. ...................................................................... 62 

Figure 4.3: Results from ATS English-Arabic. ....................................................................... 62 

Figure 4. 4: Results from ATS French-French. ....................................................................... 62 

Figure 4.5: Results from ATS French-Arabic. ........................................................................ 63 

Figure 4.6: Results from ATS French-English. ...................................................................... 63 

Figure 4.7: Results from ATS Arabic-Arabic. ........................................................................ 64 

Figure 4.8: Results from ATS Arabic-English. ....................................................................... 64 

Figure 4.9: Results from ATS Arabic-French. ........................................................................ 65 

Figure 4.10 :Results from ATS Train Arabic-Test French. .................................................... 65 

Figure 4.11: Results from ATS Train Arabic-Test English. ................................................... 66 

Figure 4.12: Results from ATS Train French-Test English. ................................................... 66 

Figure 4.13: Results from ATS Train French- Test Arabic. ................................................... 67 

Figure 4.14: Results from ATS Train English-Test French. ................................................... 67 

Figure 4.15: Results from ATS Train English-Test Arabic. ................................................... 68 

Figure 4.16: Results of the Bleu score (English-English). ...................................................... 69 

Figure 4.17: Results of the Bleu score (English-French). ....................................................... 70 

Figure 4.18: Results of the Bleu score (English-Arabic). ....................................................... 71 

Figure 4.19: Results of the Bleu score (French-English). ....................................................... 71 

Figure 4.20: Results of the Bleu score (Arabic-Arabic). ........................................................ 71 

Figure 4.21: Results of the bleu score (Train Arabic-Test English). ...................................... 72 

Figure 4.22: Results of the bleu score (Train English-Test Arabic). ...................................... 73 

Figure 4.23: Results of the bleu score (train English-Test French). ....................................... 73 

Figure 4. 24: Results of the bleu score (Arabic-Test French). ................................................ 73 

Figure 4.25: Sentence BLEU score for validation dataset (Arabic-French). .......................... 74 

Figure 4.26: Sentence BLEU score for validation dataset (French-French). .......................... 74 

Figure 4.27: Results of the bleu score (train Arabic-Test Arabic). ......................................... 75 

Figure 4.28: Sentence BLEU score for validation dataset (Train French-Test English). ....... 75 

Figure 4.29: Sentence BLEU score for validation dataset (Arabic-English). ......................... 75 

Figure 4. 30: Sentence BLEU score for validation dataset (French-Arabic). ......................... 76 



 

XV 

 

 

 

 

 

  LIST OF ACRONYMS 
 

AL: Attention Layer ................................................................................................................. 38 

ATS: Abstractive Text Summarization ...................................................................................... 7 

BLEU: BiLingual Evaluation Understudy .............................................................................. 23 

BOW: Bag Of words ............................................................................................................... 32 

FNN: Forword Neural Network ............................................................................................... 32 

GRU: Gated Recurrent Unit ...................................................................................................... 8 

LSTM: Long Short Term Memory ............................................................................................ 8 

MLP: Multi-Layer Perceptron ................................................................................................... 9 

NLP: Natural Language Processing........................................................................................... 8 

RNN: Recurrent Neural Network .............................................................................................. 8 

ROUGE: Recall-Oriented Understudy for Gisting Evaluation ............................................... 24 

Seq2Seq: Sequence to sequence ................................................................................................ 8 

TS: Text Summarization ............................................................................................................ 8



 

1 

 

Chapter1 

Introduction  

 
1.1 Introduction 
 

Living in the information age has changed our environment. We are surrounded by data, not 

in a metaphoric sense; it is a physical reality. The Internet, television and radio signals are in 

circulation in the air and we receive them on our mobile devices everywhere. Data servers in 

the count of millions have connected all the planets like a spider web. Only Google has more 

than 1 million servers around the world that are online 24/7, storing new generated data. 

Faster telecommunication, higher bandwidths, and more advanced hardware, along with Web 

3.0, have led to an exponential growth in digital data. A considerable portion of this stream of 

new data is textual. 

It is no wonder that the web can be named the number 1 biggest resource for textual content, 

as it covers almost most of the available text corpus, like books, journals, and newspapers, 

e.g. in online libraries. It is also connected to millions of organizations, companies, 

universities, and research centers, and individual users that are creating content every day on 

websites, blogs, social networks, etc. While the world is covered with computers which 

communicate in their own language, we are still humans with biological brains. What can we 

do? How can we deal with living in this new world? 

The idea is to decrease the volume. Automatic Text Summarization is an attempt to reduce the 

size of a corpus while keeping its valuable content. Mostly, the available methods of text 

summarization are either extractive or abstractive. In the extractive way, the system chooses a 

few sentences from a source corpus, as opposed to the abstractive way that breaks the corpus 

contents and decomposes them again in a summary. Indeed, abstractive summarization is very 

close to how the brain receives, processes, and regenerates information. As a result, it is very 

difficult to design and replicate an abstractive algorithm for automatic summarization. That is 

why, at the birth of the field in the 1950s, most of the methods fit into the extractive method. 
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The available algorithms, tools, and resources were not sufficient to create an abstractive 

summarization system. 

To approach a problem, one can try to solve it directly, by designing algorithms, using 

available methods, techniques, and tools. This is like the disciplines that are used in 

Engineering. One might try to solve the problem indirectly. Indeed, he can use the available 

solutions and mimic them. It is very close to Reverse Engineering. It is also the procedure of 

discovering the systems and mechanisms that are already available in nature and benefiting 

them for our personal (as referred to as human) purposes. 

In the Text Summarization terminology, the original summaries that are created by a human 

and are used as the metric for reassuming the accuracy of the summarizer system are called 

the Golden Set. Let us look at the problem from another angle. If the main criterion for 

creating a good summarizer system is that it be as good as a human, why do we not mimic a 

human approach in the first place? By this manifest, a Neural Text Summarizer has the 

potential to be the ultimate accurate text summarizer if we make it learn from a human style 

as accurately as possible. 
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1.2 Problem Background 

Previous research has primarily focused on extractive text summarizing, in which significant 

words or passages are extracted from texts to provide an important summary, which is an 

accurate description of the content. Extractive text summarization has the flaw of extracting 

just the essential sentences from the text without doing an independent analytical summary. 

Now, more and more people are looking for the possibility of freer translations or summaries 

to solve the problem of just getting sentences from the source. They, like humans, utilize the 

original material as a summary to create a summary in their own terms. 

In this thesis, a qualitative study was conducted to investigate the problem of Abstractive Text 

Summarization (ATS) using Attentional Encoder Decoder Recurrent Neural Networks as will 

be discussed in Chapter 3, The study suggested that we do not simply extract the existing 

sentences or words from the original text, instead we generate a highly compressed 

paraphrasing of the core information of the text, even leveraging vocabulary absent from the 

source if needed.  

Abstract text summarization is defined as the generation of a short summary, which covers the 

core information of a passage or an article, consisting of a few keywords and sentences. So, 

attention mechanisms can be effective for selecting the most important words for a short 

summary while filtering out the negative impact of redundant sections in abstractive sentence 

summarization. 

                “One central component in state-of-the-art sequence to sequence models is the use 

of attention for building connections between the source sequence and target words, so that a 

more informed decision can be made for generating a target word by  considering the most 

relevant parts of the source sequence” [1][2] 

                

              “The state-of-the-art in abstractive TS deep learning systems employ seq2seq models 

of encoder-decoder architectures along with attention mechanisms, primarily based on 

recurrent neural networks (RNNs) and especially on long short-term memory networks 

(LSTMs) and gated recurrent units (GRUs) ”  [3] [4] [5] [6] [7] [8] 
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1.3 Research Motivation 
 

Text summarization in NLP has largely been limited to extractive methods that crop out and 

stick together portions of the original text in order to capture the bulk of the meaning 

concisely. What has been less attempted and is poorly understood are abstractive methods that 

might produce words not in the original text, giving more natural summaries and dynamic 

paraphrases text ,This research is motivated by the fact that it is challenging to create a short, 

fluent, and understandable abstractive summary of a text document. It is closer to what 

humans usually do.  

Thus, this thesis proposes the use of Amazon fine food reviews 1 dataset, which is available on 

Kaggle. We have used reviews text descriptions as our input data, and generated a simple 

summary of those review descriptions as our output. To assist in producing some extensive 

summaries, we have used a bi-directional RNN with LSTM’s in the encoding layer and an 

attention model in the decoding layer. And we applied the sequence to sequence model to 

generate a short summary of food descriptions.  

 

1.4 Thesis Statement 

A text summary is typically very short and does not depend very much on the length of the 

source (document) in summarization. Additionally, a key challenge in summarization is to 

optimally compress the original document in a lossy manner such that the key concepts in the 

original document are preserved. One major issue that remains unexplored is: 

        "After evolution in deep learning, can we get an abstractive summary of all the relevant 

information in the text? Can we really get an abstractive summary that has the power to sum 

up like the human brain? " 

In this regard, this thesis addresses the problem of Neural abstractive text summarization, 

dedicated to tackling the problem of representing the diversity of information about the world 

in a meaningful, intuitive, and robust way. As can be expressed mathematically by the 

following: 

 
1 https://www.kaggle.com/snap/amazon-fine-food-reviews 

https://www.kaggle.com/snap/amazon-fine-food-reviews
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  Generic Problem: Given a piece of review, we would like to generate a shorter version of 

the review while preserving the sentiment and points.  

More formally, Let the input sequence of M words be 𝑥1, ..., 𝑥𝑀 coming from a vocabulary of 

size V. We want to generate a shortened sequence 𝑦1, ..., 𝑦𝑁 such that N < M and y retains the 

essence of x. We assume al,  𝑦1,..., 𝑦𝑁 coming from the same vocabulary. 

The proposed solution is the attention mechanism used for abstractive text summarization and 

develops three modified techniques using attentional encoder-decoder recurrent neural 

networks that improve the abstractive summary (Rush et al.,2015). The model has to first truly 

understand the document and then try to express that understanding in short, possibly using new words 

and phrases. It has complex capabilities like generalization, paraphrasing and incorporating real-

world knowledge. The corpus is compressed in a lossy manner while maintaining the meaning 

and salient features of the original data.  

 

1.5 Decision Problems 

 

To precisely formulate the research problem and organize the rest of the thesis, the following 

decision problems are introduced. In this context, we state each problem and give a research 

question to be answered throughout the thesis. 

Problem 1:  The core idea here is if output depends on a sequence S of inputs then we will 

choose a type of neural network which gives importance to sequence information, which 

somehow retains and leverages the sequence information. 

Techniques like multi-layer perceptron (MLP) work well when your input data is a vector, 

and recurrent neural networks (RNN) work very well if your input data is an image. 

Research Question: 

“What if my input x is a sequence? What if x is a sequence of words? In most languages, the 

sequence of words matters a lot. Which kind will give us better results? " 

 Problem 2: To summarize, we create a semantic representation of the document in our 

brains. We then pick words from our general vocabulary (the words we commonly use) that 

fit the semantics, to create a short summary that represents all the points of the actual 

document. 
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Research Question: 

         “How do we overcome this problem of making it difficult for the encoder to memorize 

long sequences into a fixed-length vector?” 

.   Problem 3: Finding informative words for a more comprehensive representation of the 

input sequence, which leads to a better summary, is difficult/tricky/hard. So instead of looking 

at all the words in the source sequence, we can increase the importance of specific parts of the 

source sequence that result in the target sequence. 

Research Question: 

                 “How much attention do we need to pay to every word in the input sequence for 

generating a word at timestep t?” 

Problem 4:  We used the model for machine translation. For summary generation, we need to 

compress the original document to create the summary, so we need the loss to be a bit lossy, 

unlike in machine translation. 

Research Question: 

                    “How can we minimize the loss and save time in memory as well as 

computation?” 

1.6 Thesis Objectives 

Based on our decision problems, this research aims to accomplish the following objectives: 

I. To create an abstractive summarizer based on the concept of deep learning. The idea 

of a deep learning technique is to educate machines with some sample data so that 

they can produce recapitulation of input text.   

a) To build the model while increasing the size of the training dataset. The 

ability of a deep learning model to generalize improves as the size of 

the training dataset rises. 

b) To generate a shorter version of the review while preserving the 

sentiment and points. 

c) We apply off-the-shelf attentional encoder-decoder RNN that was 

originally developed for machine translation to perform 

summarization. 
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II. To develop RNN encoder-decoder that consists of two RNNs:  

a) The encoder extracts a fixed length representation of the input. 

b) The decoder generates a translation from this representation. 

c) We allow the decoder to have more direct access to input by 

implementing an attention mechanism. 

III. We tested the model on new source sequences for which the target sequence is 

unknown. So, we need to set up the inference architecture to decode a test sequence: 

a) The decoder is used to predict the probability of a word being selected. 

b) We pass the word with the maximum probability to the decoder. 

c) We generate the word that has the highest probability. 

 

1.7 Thesis Scope  

The awesome concept of Text Summarization using Deep Learning really helped us out. It 

solves the issue of understanding large text documents and assimilating crucial information 

out of them is often a laborious and time-consuming task. – Now our model can understand 

the context of the entire text. It’s a dream come true for all of us who need to come up with a 

quick summary of a document!  

1.8 Thesis Outline 

The thesis tackles the problem of abstractive text summarization using Attentional Encoder-

Decoder Recurrent Neural Networks. To build the model has to truly understand the 

document and then try to express that understanding in words, possibly using new words and 

phrases. It has complex capabilities like generalization and incorporating real-world 

knowledge. The research achieved in this thesis is organized into the following chapters. 

Chapter 2: Overview of Automatic text summarization, methods, techniques  

This chapter discusses the frameworks for automatic text summarization in general. We've 

gone over what ATS is, how it works, and what its characteristics are. We've also gone over 

the different classifications for a summary based on their input, output, content, purpose, and 

language. We also discussed update summarization and the concept of significant phrases, as 
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well as a variety of techniques. Finally, some evaluation methods were introduced, which 

could be used to examine and compare the results of different approaches. 

Chapter 3: Methodology 

The chapter describes the methodology undertaken to tackle the four decision problems 

defined in the first chapter. This chapter introduces the methodology which will be followed 

to achieve the desirable goal. A methodology is generally a guideline for solving a research 

problem. It comprises of a generic research framework and the steps required to conduct the 

research in a planned manner. It also includes discussion of the major research components, 

such as the phases, and the techniques involved. 

Chapter 4: Test and Evaluation 

The results of our approach performance evaluation are provided in this chapter with 

discussion and comparison with abstractive summarization in 3 languages (Arabic, English, 

French). 
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Chapter 2                             
Automatic text summarization 

 

2.1 Introduction 
 

Due to the great amount of information we are provided with and the huge number of articles 

which are published every day, investigating and monitoring of all the topics are not possible 

in a short time, therefore the need of producing summaries have become more and more 

widespread.  

A summary can be defined as a text that is produced from one or more text(s), that contains a 

significant portion of information in the original text(s). 

Text summarization is the process of extraction of the most important information from a 

source to produce an abridged version for a particular user and task. When this is done by 

means of computer i.e automatically, we call this Automatic Text Summarization. 

2.2 Definition of Text Summarization 
 

The literature provides various definitions of text summarization:  

DEFINITION 1.1: According to Radev et al, « a summary is a text produced from one or 

more texts, which contains important and significant information in the original text(s), and 

this does not represent more than half of the original text(s) and generally less than that». [9] 

DEFINITION 1.2: Radev et al add that : Text Summarization (TS) is the process of 

identifying salient concepts in text narrative, conceptualizing the relationships that exist 

among them and generating concise representations of the input text that preserve the gist of 

its content .[10] 

According to Horacio Saggion and Guy Lapalme , in terms of function, a summary is: 

DEFINITION 1.3: a condensed version of a source document having a recognizable genre 

and a very specific purpose: to give the reader an exact and concise idea of the contents of the 

source [10]. 
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2.3 The need for automatic summarization 
 

With the huge amount of information generated every day in form of web pages, articles, etc. 

It is difficult to find the information desired by the manual’s ways. 

The purpose of automatic text summarization is to extract the main points from the original 

text without having to read the entire document while selecting the most salient sentences, 

minimize information redundancy and make the summary readable and understandable, which 

allows:  

• Summaries reduce reading time. 

• When researching documents, summaries make the selection process easier. 

• Automatic summarization improves the effectiveness of indexing.  

• Automatic summarization algorithms are less biased than human summarizers.  

• Personalized summaries are useful in question-answering systems as they provide 

personalized information. [10]. 

2.4 Related Works 

Since we are implementing a neural network-based solution, we will be looking into other 

solutions here. There have been several solutions using neural networks for summarization. 

In 2004, Kaikhah [24] proposed a system to extractive summarize text. This system generates 

seven features for each sentence in the document. The first four features represent the 

placement of the sentences in the document. These features encode whether the sentence or 

paragraph is the first one, and its relative position. The rest of the features express sentence 

length and content with respect to the most used words in the document and the title. After 

these features are generated, a neural network is trained to classify the sentences that should 

appear in the summary. Then the system is modified to generalize and filter the sentences that 

belong to the summary. This approach mixes feature engineering with machine learning. 

Rush et al [25] in 2015 proposed a neural network-based system for abstractive sentence 

summarization with attention. In their abstract, they built a simple system that can scale with 

data and train end-to-end that showed significant performance gains. This system has a neural 

network to score the next word given the previous words as the generation step and has 

another encoder for information encoding. These two models are trained jointly and then 

beam searching is used to generate the final summary. 
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In 2016, building on research from Rush et al[25], Chopra et al [26] built a system for 

abstractive sentence summarization with attention using recurrent neural networks. This 

system improves on Rush et al [25] research. The main contribution of this model to Rush et 

al.'s research is its use of a convolutional attention-based recurrent encoder. 

Also, in 2016, Nallapati et al [27] proposed a system for document level abstractive 

summarization using a seq2seq network. This system outperformed previous state-of-the-art 

systems on datasets it was applied to. Later in 2017, Nallapati et al [28] released another 

system that improved on 2016 research. This newer system could be trained both extractively 

and abstractively. While abstractive systems outperformed the current state-of-the-art, 

extractive sstems performed better. 

2.5 Characteristics of a summary 
 

A summary must have some characteristics: conciseness, coverage, fidelity, cohesion and 

consistency.  

We expose these characteristics as they were defined in [12]: 

• Conciseness: it is related to the reduction rate which is the ratio between the length 

of the source text and length of the summary. In general, the reduction rate is 

proportional to the restrictive nature of criteria used to generate the summary. For 

example, an indicative summary produces fairly short summary that includes just the 

main idea of the text. However, an informative summary contains more details about 

the subject and will in most cases lead to longer summaries.  

• Loyalty: it is also an important criterion for characterizing a summary. It represents 

the relationship of objective similarity between the summary and the source text. It is 

a sort of measure of the overall quality of the summary. The notion of fidelity 

includes coverage as a component. As a general rule, a summary with correct 

coverage will be fairly faithful to the source text.  

• Coverage: is a kind of ratio between the number of themes or elements present in the 

source text and those present in the summary. The nature of the elements depends on 

the type of summary considered: for an indicative summary, only the themes 

addressed will be retained. In the case of an informative summary, coverage is more 

difficult to determine. 
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• Cohesion and consistency: The last two criteria defining a summary are closely 

linked to the notion of text itself. Cohesion can be seen as the result of the application 

of mechanisms aimed at maintaining a referential and argumentative (use of 

connectors) unity. Coherence, on the other hand, derives more from the correct 

application of rhetorical. 

2.6 Steps of automatic text summarization 

There are three main steps to summarize a document: identification, interpretation and 

generation of summary [13]. 

• Identification:  In this step, the most important information in the text are identified. 

There are different techniques for identifying subjects; methods based on the position 

of sentences are the most useful methods for identifying subjects. 

• Interpretation: the important information that are identified in the first step are 

combined more cohesively. During this step, some modifications of the original 

sentences may prove necessary.                                                                                                      

• Generation: the result of the second step is a summary which may not be consistent 

to the reader. Consequently, the aim of this step is to reformulate the extracted 

summary into a new coherent and understandable text. 

2.7 Concept of salient sentences and scoring sentence 

A principal concern in extractive document summarization is the selection of the most 

important content that can represent a document for inclusion in the summary output. Those 

sentences are known as salient sentences. 

The focus of these research areas is addressed by the following question: how can a system 

determine which sentences are representative of the content of a given text? In general, three 

approaches are followed: 

• Word scoring – assigning scores to the most important words. 

• Sentence scoring – verifying sentences features such as its position in the document, 

similarity to the title, etc. 

• Graph scoring – analyzing the relationship between sentences.  
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Based on those sentences, we can evaluate the pertinence of a summary.  To do that, 

different ranking algorithms have been used to decide which sentences are more important 

and tend to be selected as summary sentences by assigning a pertinence score for each 

sentence. The score for each sentence is simply the linear combination of the weights 

given for each feature. The highest scoring sentences are selected as candidates to be part 

of the summary in the last stage. 

The following section presents the main methods in each of the aforementioned 

approaches [14]:  

1- Word scoring: The initial methods in sentence scoring were based on words. Each 

word receives a score and the weight of each sentence is the sum of all scores of its 

constituent words. The approaches in the literature are: word frequency, TF/IDF, number 

of upper-case word and proposer nouns, word co-occurrence and lexical similarity. 

2- Sentence scoring: This approach analyzes the features of the sentence itself and was 

used for the first time in 1968 (Edmundson, 1969) by analyzing the presence of cue words 

in sentences. The main approaches that follow this idea are: cue-phrases, sentence 

inclusion of numerical data, sentence length, sentence position, sentence centrality, 

sentence resemblance to the title.  

3- Graph scoring: In graph-based methods, the score is generated by the relationship 

among the sentences. When a sentence refers to another it generates a link with an 

associated weight between them. The weights are used to generate the score of sentences 

using: text rank, Bushy path of the node and Aggregate similarity. 

2.8 Various types of summaries 
 

Automatic summaries and their methods can be categorized according to different criteria. We 

will quote the most known and used ones [15]:  

2.8.1 Summary based on input 

 In terms of input, a summary may be based on:  

A) Single document: early attempts in summarization were mainly based on a single 

document summary, in which systems produced a summary from a single document. 
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B) Multiple documents: the system generates a summary for a set of documents that 

share a similar subject. This type is more difficult than the single document. Indeed, the 

system should remove any redundancies between documents and also reconcile the 

content into a coherent summary. 

2.8.2 Summary based on details 

A) Indicative summary: an indicative summary system gives a global perspective of the 

subjects covered by the text; it presents only the most important idea of the text. This type 

of summary helps the user to decide on whether or not to read the document, indicating 

the themes addressed and developed in the source document, without considering the 

details. Summary’s length depends on the compression rate.  

B) Informative summary: the informative summary system is considered to be an 

abridged version and covers all aspects of the main text preserving the general 

organization of the source document. Its main objective is to inform the reader about the 

main quantitative and qualitative information of the text. The length of the informative 

summaries is approximately 20-30% of the original text. 

2.8.3 Summary based on content           

                                                                        

A) Generic summary: aims to summarize the source text without noticing its domain and 

context.  

B) Query-based summary: the summary is generated by selecting a sentence which 

corresponds to the user’s query. Sentences that are relevant to the query receive a higher 

chance of being retrieved for the final summary.  

Query-based summary systems, however, do not provide an overall view of document’s 

concepts because they focus on the user’s query.  

C) Domain specific summary: it provides a summary according to the specific domain, 

for example: summarizing news articles, web pages and biomedical documents. This type 

of summary requires domain-specific knowledge to select sentences for summaries. 

2.8.4 Summary based on output 

A) Extractive summary: an extractive summary is generated by selecting the relevant 

and important sentences as they appear in the source document and concatenating 

them without any modification. It is a simple and robust way to produce a summary.  
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B) Abstractive summary: in this type of summary, natural language generation 

techniques are used. We try to understand the original document by identifying the 

key concepts and then produce new sentences that are grammatically correct, concise, 

consistent and which should give a result close to a human summary. 

 

 

 

 

 

 

 

 

 

 

 

                                   Figure 2.2:Abstractive text summarization. 

 

C) Hybrid summary: This type of summary merges between both the extractive and 

abstractive approaches to generate the output text. 

2.8.5 Summary based on language  

 

A) Mono-lingual summary: the source document and the summary are written in the 

same language. 

B) Multi-lingual summary: the system can process multiple languages, and produce 

summaries in the same language as the source document. 
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Figure 2.1 : Extractive text summarization. 
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 C) Cross-lingual summary: the language of source document and the summary must be 

different. 

 

 

                                     Figure 2.3:Text summarization classification. 

 

2.9 Update summarization 
 

With the ever-increasing popularity of news search engines, displaying the information in a 

more practical and pleasant way is becoming a challenging and important issue. One possible 

solution is to summarize multiple news so as to propose only one short text. This is, 

intuitively, a reasonable solution though producing summaries from large collection of 

documents is a very complicated task. However, as the number of documents increases, facts 

that are considered as important and have to appear in the summary also become more 

numerous. In this case, a choice must then be made to drop important facts in order to satisfy 

size constraints. One way to tackle this problem is to remove facts that the user is already 

aware of. This variant of text summarization is called update summarization. More formally, 

update summarization is the task of producing summaries while minimizing redundancy with 

previously read documents. Indeed, segments have to be selected according to their salience 

but also to their ability to capture novelty.  
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The most intuitive way to go about update summarization would be to identify temporal 

references within documents (dates, elapsed times, temporal expressions, etc.) and to 

construct a time-line of the events.  

It is a complex task as temporal references depend on surrounding elements in the discourse 

but also require an understanding of the ontological and logical foundations of temporal 

reference construction. Assuming the time-line is constructed, update summaries could be 

produced by assembling sentences containing the most recent events [16]. 

 

2.10 Text summarization methods 
 

The five main approaches for summarization are the statistical, the graph-based, machine 

learning and swarm intelligence approaches, Semantic based approaches.  

• Statistical based Approaches: were the first introduced in ATS. These techniques are 

independent of any language, then it can summarize text in any language. They 

concentrate on statistics got from non-linguistic features of the document, like term 

frequency, position and length, cue phrases, title words, resemblance of sentence to 

the title and sentence position.  

A statistical approach does not require any training dataset and does not need much 

language dependent tools; just some basic NLP tasks such as sentence segmentation, 

tokenization, stop word elimination, and stemming. Mostly, it is easy to be 

implemented and does not need a lot of processing power. So, for each sentence in the 

document, a score is computed and highly scored sentences are chosen for generating 

the summary, mostly these features are combined together in hope to increase sentence 

relevance [17]. 

 

•  Machine learning based approaches: learn from the data. They can be supervised, 

unsupervised or semi-supervised .In supervised approach, there is a collection of 

documents and their respective human-generated summaries such that useful features 

of sentences can be learnt from them. Supervised or trainable summarizers classify 

each sentence of the test document either into «summary» or «non-summary» class 

with the help of a training set of documents. 

Large amount of labeled or annotated data is needed for learning purpose. Support 
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Vector machine (SVM), Naïve Bayes classification, Mathematical Regression, 

Decision trees, Neural networks (Multilayer Perceptron), are some of the supervised 

learning algorithms. On the other hand, unsupervised systems do not require any 

training data. They generate the summary by accessing only the target documents. 

They try to discover hidden structure in the unlabeled data. Thus, they are suitable for 

any newly observed data without any advanced modifications. Such systems apply 

heuristic rules to extract highly relevant sentences and generate a summary.  

Semi-supervised learning techniques require labeled and unlabeled data both to 

generate an appropriate function or classifier [18]. 

 

•  Semantic based approaches: semantic approaches mainly focus on the semantic 

analysis and correlations among sentences. They identify the relationship between 

words and sentences by use of thesaurus, ontologies, part of speech tagging, 

grammatical analysis and selection of meaningful sentences to generate summary. 

Various techniques like lexical chain, cluster and graph-based methods have been 

developed in this approach.   Semantic-based methods are useful since they consider 

the meaning of each sentence and word that make a coherent and meaningful summary 

but using these techniques are time-consuming and require more efforts than the other 

techniques [13].  

 

• Graph based method: In the field of natural language processing, graphs are used to 

display the structure of the text and the connection between sentences. Sentences are 

represented as a node, and the relation between sentences are depicted by edges. The 

graph-based text summarization method is a technique to extract a significant, 

appropriate, and informative text in a compressed version. In order to use this 

technique, a pre-processing phase should be done on the input text to remove stop 

words, tokenize the sentences, and so on. Then sentences are ranked to identify the 

important sentences. Afterward, the relation between sentences is computed to 

recognize the relevant sentences. At the end, sentences are extracted for the summary 

based on the ranked and relevant sentences [19]. 

• Swarm intelligence approaches: in a computational context, a swarm is a group of 

simple agents that have a collective behavior to perform a complex task by acting as a 

community. Swarm Intelligence algorithms have recently sprung up as a family of 

nature-inspired, population methods that are capable of producing low cost, fast, and 
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robust solutions to several complex problems. They can, therefore, be defined as a 

relatively novel branch of Artificial Intelligence (AI) that is employed to model the 

collective behaving of societal swarms in nature, for example the social behavior of 

ants, termites, bees, and other social beings have motivated researchers to discover 

their lifestyle, they noticed that they are moderately innocent with restricted capacities 

on their own, they are interacting together with certain behavioral patterns to 

cooperatively accomplish tasks necessary for their survival. The social connections 

among swarm individuals can be either direct or indirect. Some swarm-based 

algorithms such as particle swarm optimization, cuckoo optimization algorithm, and 

bacterial foraging optimization have been introduced in text summarization [20]. 

 

Table 2.1:Comparison between different Automatic Text Summarization approaches that 

exist according to their advantages and disadvantages. 

 

 

 

Approach Method Advantages Disadvantages 

Statistical -Cue phrase 
-Title words 
-Sentence location 
-Word frequency 

-Simple to perform  -Don’t consider the 

meaning of word on the 

text. 

-Duplication in summary 

sentences.  

machine learning -Naive bases method 

-Artificial neural 

network 

- Fuzzy logic 

-Comprehensive 

summary is produced. 
-Depend on the training 

dataset.  

-Complexity in 

computation  

 
semantic based  

 
- Lexical chain  

- Clustering  

- Graph based method  

 

-Reduce redundancy in  

multi-documents 

summarization.  

- Limit each sentence to 

be put only in one cluster 

Swarm intelligene  

 

- Particle swarm 

optimization.  

- Cuckoo 

optimization 

algorithm.  

- Bacterial foraging  

optimization method. 
  

-Better performance 

compared with other. 

method  

 

- Complexity in 

computation.  
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2.11 Evaluation techniques 
 

Evaluation methods can be classified into two types intrinsic and extrinsic method: 

 2.11.1 Intrinsic evaluation 

 

 Its purpose is to evaluate the performance of automated summary content by comparing it 

with an ideal summary, it has assessed mainly the coherence and informativeness of 

summaries. There are two metrics for the intrinsic metric. First measure involves quality 

evaluation, which tries to verify that the summary is syntactically correct, has no grammatical 

errors, logically articulated, has structural consistency and does not contain redundant 

information. Second measure is content evaluation which are divided into two groups: co-

selection measure and content-based metric [21]. 

 The co-selection measure can count as a match only exactly the same sentences. This ignores 

the fact that two sentences can contain the same information even if they are written 

differently. Furthermore, summaries written by two different annotators do not in general 

share identical sentences. It consists of a precision, recall, and F-measure.  

• Precision: it reflects how relevant the selected data is. It is computed by the 

intersection of summarized extracted, and ideal sentences, divided by all extracted 

sentences.  

 

• Recall: is computed by the intersection between the relevant and retrieved sentences, 

divided by all the relevant sentences.  

 

• F-measure: is an average of precision and recall criteria, and determines the score of 

the final set of the selected sentences in a produced summary.  

On the other hand, when we defined abstractive and extractive summarization, we used a 

score function. However, we did not define what it was. In fact, it is quite hard to define. One 

way to define it is, given a model 𝜃, by using the log probability of a summary given a 

document and a model: 
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                   𝑠(𝑥, 𝑦) = 𝑙𝑜𝑔(𝑝(𝑦|𝑥; 𝜃)) ≈ ∑ 𝑙𝑜𝑔 (𝑝(𝑦𝑖+1|𝑥, 𝑦[0:𝑖], 𝜃))𝑖     

where 𝑦[0:𝑖] are all previous outputs before output i. Here, we make the assumption that a 

word in the summary is only determined by all previous words and the input text. What was 

done in traditional summarization was to separate the probability into two parts by using 

Bayes’ rule: 

𝑎𝑟𝑔𝑚𝑎𝑥 (𝑙𝑜𝑔(𝑝(𝑦|𝑥))) = 𝑎𝑟𝑔𝑚𝑎𝑥 (𝑙𝑜𝑔(𝑝(𝑥|𝑦))) 

 

where 𝑝(𝑦) is the language model and 𝑝(𝑥|𝑦) is the summarization model? In this work, we 

will approximate 𝑝(𝑦|𝑥) directly with our neural network. We have just defined a score 

function given a model. However, the way summaries are evaluated in the general case is not 

clear. For summarization, we can use the measurements which are used in machine 

translation: BLEU and ROUGE scores. 

 

BLEU (BiLingual Evaluation Understudy) [22] is a precision-oriented score. It is defined as 

follows: 

 

BLEU= 
 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑢𝑚𝑚𝑎𝑟𝑦 𝑤ℎ𝑖𝑐ℎ 𝑎𝑟𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑔𝑜𝑙𝑑 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑢𝑚𝑚𝑎𝑟𝑦
 

 

The recall side of BLEU is called ROUGE (for Recall-Oriented Understudy for Gisting 

Evaluation). There are different versions of ROUGE. The direct BLEU equivalent is 

ROUGE-1 and counts unigram overlaps: 

 

ROUGE-1=
∑ ∑ 𝑐𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ(𝑢𝑛𝑖𝑔𝑟𝑎𝑚)𝑈𝑛𝑖𝑔𝑟𝑎𝑚𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑆𝑢𝑚𝑚𝑎𝑟𝑦

∑ ∑  𝑐𝑜𝑢𝑛𝑡 (𝑢𝑛𝑖𝑔𝑟𝑎𝑚)𝑈𝑛𝑖𝑔𝑟𝑎𝑚𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑆𝑢𝑚𝑚𝑎𝑟𝑦
 

 

This definition can be generalized to N-grams: 

 

ROUGE-N=
∑ ∑ 𝑐𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ(𝑁 𝑔𝑟𝑎𝑚)𝑁 𝑔𝑟𝑎𝑚𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑆𝑢𝑚𝑚𝑎𝑟𝑦

∑ ∑  𝑐𝑜𝑢𝑛𝑡 (𝑁 𝑔𝑟𝑎𝑚)𝑁 𝑔𝑟𝑎𝑚𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑆𝑢𝑚𝑚𝑎𝑟𝑦
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There exist other extensions of ROUGE. For instance, ROUGE-L takes into account the 

longest common sequence and Rouge-S and Rouge-SU consider skip sequences. 

Evaluating a summary is still a topic of research and there is no perfect consensus to do it yet. 

 

• ROUGE-L: This measure employs the concept of longest common subsequence (LCS) 

between the two sequences of text. The intuition is that the longer the LCS between two 

summary sentences, the more similar they are. Although this metric is more flexible than the 

previous one, it has a drawback that all n-grams must be consecutive.  

• ROUGE-SU:This metric called skip bi-gram and uni-gram ROUGE and considers bi-grams 

as well as uni-grams. This metric allows insertion of words between the first and the last 

words of the bi-grams, so they do not need to be consecutive sequences of words. 

 

 2.11.2 Extrinsic evaluation 

The extrinsic evaluation metric is known as task-oriented (task-based) metrics. These metrics 

do not analyze sentences in the summary. They try to measure the prospect of using 

summaries for a certain task. 

Various approaches to task-based summarization evaluation can be found in the  literature. 

Question-answering, text classification and information retrieval are examples of the extrinsic 

method. Their objective is to evaluate a summary performance based on a special task [21]. 
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Figure 2.4:Evaluation techniques of Automatic Text Summarization. 

 

In this part we focused on extractive summarization, even though summaries created by 

humans are usually not extractive, most of the summarization research today has focused on 

extractive summarization. Purely extractive summaries often times give better results 

compared to automatic abstractive summaries. 

2.12 Summarization Main Problems  

 

There are three main problems that need to be tackled to write a good summary 

1. Content need to be selected. A text contains a lot of information. Some are redundant, 

some are less important than others and some are of no interest for the reader. 

Therefore, a method to select relevant contents from the ones which are not is 

required. Basically, this is a classification task. 
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2. Once the components of the summary are chosen, the information has to be ordered. 

In fact, if the information is not ordered correctly, it may change the meaning of the 

original text. So one needs to be careful with it. For single document summarization, 

one may assume that the order of sentences in the original text implies the order of 

the information but for multi-document summarization, the problem is not trivial. 

 

3. Sentences need to be generated. This step is important to make the sentences easy to 

read for human. The final result has to look fluent. It is also important to correctly 

express the original content. Another aspect of this stage is to compress: the 

information needs to be expressed the most efficiently possible. 

 

  Original Text  

  

 

                                                                                                                                   Summary 

                                            Figure 2.5:Main steps of summarization. 

 

2.13 Conclusion 
 

 In this chapter, we have explained what does Automatic Text Summarization mean and 

related work and what are its characteristics, we have given an overview about different 

classifications for a summary based on their input, output, content, purpose and language. We 

have also talked about the update summarization and the concept of salient sentences, then a 

various technique like statistical, machine learning, semantic-based and swarm intelligence-

based methods were described. Finally, some evaluation method was introduced, which could 

be used to examine and compare the results of different approaches.  

In this work, we focus on improving abstractive methods, because of their ability to generate 

novel sentences. Knowing what the existing summarization systems are able to offer and what 

issues they are facing can help future design decisions made much more wisely. 

Selection Ordering Generation 
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Chapter3 
Methodogy   

 
3.1 Introduction          

                   

Text summarization is one of the renowned issues in natural language processing and deep 

learning in recent years. Text summary usually consists of a brief note on a huge text 

document. Our major goal is to generate an abstractive summary of a text document that is 

brief, fluent, and comprehensible. We used the Amazon fine food reviews dataset to create the 

best possible summarizer. 

3.2 Research Design 

In this thesis, we have conducted scientific and applied research on abstractive text 

summarization. The research was developed using deep learning, we have used reviews text 

descriptions as our input data, and generated a simple summary of those review descriptions 

as our output. To assist in producing some extensive summaries, we applied the sequence to 

sequence model to generate a short summary of food descriptions, and we have used a bi-

directional RNN with LSTM’s in the encoding layer and an attention model in the decoding 

layer.  

There are some challenges when working with abstractive text summarizers, such as text 

processing, vocabulary counting, missing word counting, word embedding, the efficiency of 

the model or reducing the value of loss and response machine fluent summary. In this thesis, 

the main goal was to increase the efficiency and reduce train loss of the sequence to sequence 

model to make a better abstractive text summarizer. 

3.3 General Research Framework  

 
The general workflow of this research was conducted under five phases: 

Analysis, Design, Development, Implementation and Evaluation, as illustrated by Figure 3.1.
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Qualitative study:Neural Abstractive Text Summrization 

 
Survey on Recurrent Neural Network and Latent Semantic Term Memory 

 

Survey based on Attention Mechanism 

Abstractive text 

summrization 

[Figure 2 ,2 chapter 

2] 

 

ANALYSIS 

 

                                          Problem 1  Problem 2 Problem 3 Probelm 4 

DESIGN 

 
Design/outline of 

research objectives 

       [Chapter 1] 

 

Design of four decision problems (Problems) = four research questions (RQs) 

DEVELOPMENT 

 Creation of 

promising solution 

to the identified gap 

[Chapter 3] 

                                     Word Embbding 

                                      Encoder-Decoder 

                                     Attention Mechanism 

                                     RNN Bi-directional 

Development of Laten Semantic Term Memory  

Pre-processing : Convert everything to lowercase ,Remove HTML 

tags,Contraction mappingn,Remove (‘s),Remove any text inside the 

parenthesis ( ) ,Eliminate punctuations and special characters,Remove 

stopwords,Remove short words 

 Tokenization: word tokenization,sequence generation ,padding ,Rare word 

coverage 

Model Building  

Prediction :Summary prediction , output interpretation 

IMPLEMENTATION 

 

 

 

Delivery of 

solution 

[Chapter 4 ] 

Results from 

Problem 1 

Results from 

Problem 2 

Results from 

Problem 3 

Results from 

Problem 4 

Answer to RQ-1 Answer to RQ-2 Answer to RQ-3 Answer to RQ-4 

Evaluation measures: BLEU scores and ROUGE scores 

 

                Results from the four problems 

 

EVALUATION 

 
Measurement of 

solutions’ 

END Findings, discussions and thesis writing 

 
 

 

Figure 3.1:Overall research framework and activities implemented in the thesis. 
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Phase 1: Analysis   

This phase involved a qualitative study conducted to investigate the Neural Abstractive 

summarization the detailed discussion is presented in Chapter 3 and 4. Also, the analysis 

phase includes an extensive and broad literature review on Automatic summarization as 

discussed in Chapter 2. Another survey was dedicated principally to semantic-based text 

similarity measures, as presented at the end of Chapter 2.    

Phase 2: Design   

This phase involved the design of four decision problems that we mentioned previously, and 

we will be investigating to find the answers. 

Phase 3: Development  

The development phase introduced Word embedding is one of the most popular 

representations of document vocabulary. It is capable of capturing the context of a word in a 

document, semantic and syntactic similarity, relationships with other words, etc. A word-

embedding is used to represent words input to the encoder. This is a distributed representation 

where each word is mapped to a fixed-sized vector of continuous values. The benefit of this 

approach is that different words with similar meanings will have similar representations. The 

decoder is trained to start generating the output sequence depending on the information 

encoded by the encoder. These methods have been used widely. 

Attention is an interface connecting the encoder and decoder that provides the decoder with 

information from every encoder's hidden state. In RNN, the new output is dependent on the 

previous output. Due to this property of RNN, we try to summarize our text as more human as 

possible. LSTM is capable of learning long-term dependencies, thus treating the problem of 

short-term dependencies of a simple RNN. 

Phase 4: Implementation 

 The implementation phase demonstrated the steps for generating an abstractive summary, 

which we will explain in detail next in this chapter. 
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Phase 5: Evaluation 

In the evaluation phase, we considered the use of BLEU measures precision: how much the 

words (and/or n-grams) in the machine generated summaries appeared in the human reference 

summaries. 

ROUGE measures recall: how much the words (and/or n-grams) in the human reference 

summaries appeared in the machine-generated summaries. 

Naturally, these results are complementing, as is often the case in precision vs recall. If you 

have many words from the system results appearing in the human references, you will have 

high Bleu, and if you have many words from the human references appearing in the system 

results, you will have high Rouge. 

3.4 Dataset  
 

This dataset consists of reviews of fine foods from Amazon. The data spans a period of more 

than 10 years, including all 500,000 reviews up to October 2012. These reviews include 

product and user information, ratings, plain-text reviews, and a summary. It also includes 

reviews from all other Amazon categories. We took a sample of 200,000 reviews. 

• Reviews dataset 

 

                                        Figure 3.2: Reviews dataset. 
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• Reviews dataset (translated to Arabic ) 

  

 

                                     Figure 3. 3:Reviews dataset (translated to Arabic).  

 

• Reviews dataset (translated to French) 

 

                             Figure 3.4:Reviews dataset (translated to French). 

 

• Reviews dataset (translated to Arabic and French Summary) 
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                                                       Figure 3. 5:Reviews dataset (translated to Arabic, French). 

 

• And we did the same thing to Reviews dataset (translated to Arabic, French) and 

Reviews dataset (translated to Arabic, English), Reviews dataset (translated to 

French, English). 

3.5 Recurrent neural networks (RNN) for text summarization  
 

RNNs [33] are used for sequential data which involves variable length inputs or outputs such 

as speech and language and they are adapted for processing data as a sequence [34]. 

In contrast to FNNs which commonly pass the input data directly from input to output nodes, 

RNNs have cyclic or recurrent connections among nodes of distinct levels. This makes 

possible to model the output of the network by taking into account the entire history of the 

received input data by maintaining in their hidden units an internal memory states or ‘state 

vector’. Recurrent connections connect past data with the one that is currently being 

processed, simulating a state memory. The forward pass is similar to the one in FNNs. The 

unique difference is that the activation of a node depends on both the current input and the 

previous status of the hidden layers. The text is fed into the network by means of vector 

representations that are recurrently processed. This means that RNNs view a sample text as an 

ordered sequence of word identifiers, differently from common FNNs working on hand-

crafted inputs, e.g., Bag of Words (BOW). [35] [36] [37] 
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Figure shows a simple architecture of RNN where 𝑋𝑖 are input tokens, 𝑊𝑥ℎare weights for the 

connections between input layer and hidden layers, 𝑊𝑦ℎ are weights for connections between 

hidden layer and output layer, ai are activations of hidden layer neurons and 𝑌𝑖are outputs. 

 

 

                                        Figure 3.6:RNN Architecture. 

In a wide range of applications, data can present patterns from the past to the future and vice 

versa. For instance, for classifying the sections of a given story, it could be useful to have 

access to both future and past sections. However, the future content of a text is ignored by 

common FNNs and RNNs, as they work sequentially. 

 

 Bidirectional RNNs (BiRNNs) let the network, at a given point in time, to take information 

from both earlier and later data in the sequence, going beyond the exposed limitations. The 

idea behind this kind of networks consists of presenting the training data forward and 

backward by two hidden RNNs which are then combined into a common output layer (Figure 

10). This strategy makes possible to find patterns that can be learned from both past and 

future history of data [35]. 

Although the main purpose of RNNs is to learn long-term dependencies, theoretical and empirical 

evidence shows that it is difficult to learn and to store information for very long. In addition, 

the training of RNNs proved to be problematic because the backpropagated gradients either 

grow or shrink at each time step, so over many time steps they typically explode or vanish 

[38]. 
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Figure 3.7: Bidirectional RNN Architecture with forward and backward hidden    RNN-

layers. 

 

3.6 Long short term memory (LSTM) : 
 

Long short-term memory (LSTM) networks [39] are an RNN extension designed to work on 

sequence problems by being capable of learning long-term dependencies and that has 

achieved state-of-the-art results on challenging prediction tasks. LSTM networks employ 

recurrent connections and add memory blocks in their recurrent hidden layers. These memory 

blocks save the current temporal state during training and make possible to learn temporal 

observations hidden in the input data. The fact of using connections as a memory implies that 

the output of a LSTM network depends on the entire history of the training data, not only on 

the current input sample. Moreover, using memory blocks allows relating the current data that 

is being processed with the data processed long before, solving the problem experienced by 

common RNNs. For this reason, LSTM networks have had a positive impact on sequence 

prediction tasks. As stated for RNN, a bidirectional layer using two hidden LSTMs can be 

leveraged to process data both forward and backward. 

A LSTM has three gates and a memory cell state from which information can flow from one 

module to another with either some linear interactions or unchanged. The gates are means to 

remove or add information to the cell states, and they consist of a multiplication operation and 

a sigmoid layer. The three gates in a LSTM module are input, forget and output gates: 

• Forget Gate: decides what portion of the previous data to discard. 

• Input Gate: conjectures what new knowledge is to be updated in the current module. 

• Output Gate: reflects output of the present module. [35] [37] 
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                                      Figure 3.8:Basic Architecture of LSTM. 

 

3.7 Learning Process of Deep Neural Networks 
 

The training of a neural network is about learning the values of its parameters (weights 𝑤𝑖𝑗 

and 𝑏𝑗 biases) and it is performed by an iterative process of "going and return" by the layers 

of neurons. The "going" is a forward propagation of the information and the "return" is a 

backpropagation of that information. As the model is being trained, the weights of the 

interconnections of the neurons will gradually be adjusted until good/bad predictions are 

obtained. This process is repeated, layer by layer, until all the neurons in the network have 

received a loss signal that describes their relative contribution to the total loss. 

 

Figure 3.9:Illustration of deep neural network learning process [40]. 

 

In Figure   above, numbers refer to the following steps:  

 

1. Start with values (often random) for the network parameters (wij weights and bj biases).  
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2. Take a set of examples of input data and pass them through the network to obtain their 

prediction.  

 

3. Compare these predictions obtained with the values of expected labels and calculate the 

loss with them.  

 

4. Perform the backpropagation in order to propagate this loss to each and every one of the 

parameters that make up the model of the neural network.  

 

5. Use this propagated information to update the parameters of the neural network with the 

gradient descent in a way that the total loss is reduced and a better model is obtained.  

 

6. Continue iterating in the previous steps obtaining a good model [40]. 

3.7.1 Activation Functions: 

 

1) Linear: The linear activation function is basically the identity function in which, the inputs 

are multiplied by the weights for each neuron for creating an output. This kind of activations 

does not support backpropagation. 

 

2) Sigmoid: it is a nonlinear activation that allows a reduction in extreme or atypical values in 

valid data without eliminating them: it converts independent variables of almost infinite range 

into simple probabilities between 0 and 1. Most of its output will be very close to the 

extremes of 0 or 1.  

 

3) Tanh: Unlike the sigmoid function, the normalized range of tanh is between -1 and 1, 

which is the input that goes well with some neural networks. The advantage of tanh is that 

negative numbers can be dealt with more easily.  

 

4) SoftMax: it is often found in the output layer of a neural network and returns the 

probability distribution over mutually exclusive output classes.  

 

5) ReLU: The activation function rectified linear unit (ReLU) is a very interesting  

transformation that activates a single node if the input is above a certain threshold. The  



Chapter III                                                                                                                 

35 

 

Methodology   

default and more usual behavior is that, as long as the input has a value below zero, the  

output will be zero but, when the input rises above, the output is a linear relationship with the 

input variable of the form f(x)=x. The ReLU activation function has proven to work in many 

different situations and is currently widely used .[40] 

 

3.7.2 Loss Functions  

 

1) Cross-entropy Loss: or logistic loss, measures the performance of a classification model 

whose output is a probability value between 0 and 1. Cross-entropy loss increases as the 

predicted probability diverges from the actual label. A perfect model would have a log loss of 

0. 

 

Mathematically, it can be written as it is shown in formula (1): 

 

                                  𝑪𝑬 = − Σ 𝒕𝒊𝒍𝒐(𝒔𝒊) 𝑪𝒊   (1) 
 

 Where 𝒕𝒊 and 𝒔𝒊 are respectively the ground-truth and the model score of a sample for the 

class i (Gómez, 2018) . 

 

2) Categorical Cross-entropy Loss:  

Also called softmax loss. It is softmax activation plus cross-entropy loss and it is used for 

multi-class classification where the labels are one-hot. Its formula is written like (2):  

 

                      𝑪𝑪𝑬 = −𝒍𝒐𝒈 (𝒆𝒔𝒑 Σ 𝒆𝒔𝒋 𝑪𝒋) (2)  

 

Where 𝒔𝒑 is the model score for the positive class of the given sample [41].  

3) Focal Loss: 

It was introduced by [42]from Facebook the one-stage object detection scenario in which 

there is an extreme imbalance between foreground and background classes during training in 

dense object detection.  

It is a cross-entropy loss that weighs the contribution of each sample to the loss based in the 

classification error. 
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In other words, if a sample is already classified correctly by the classifier, its contribution to 

the loss decreases to make the loss implicitly focus in those problematic classes. In addition, 

the authors also weight the contribution of each class to the loss in a more explicit class 

balancing.  

 

They added to cross entropy (𝟏 − 𝑷𝒕) 𝜸 as a modulating factor to reduce the influence of 

correctly classified samples in the loss and with tunable focusing parameter 𝜸 ≥ 𝟎 they 

defined it as: 

 

                                  𝑭𝑳 = −𝜶𝒕 (𝟏 − 𝑷𝒕) 𝜸𝒍𝒐𝒈(𝑷𝒕)        (𝟑)  

 

Where 𝒚 is the true label of the sample, 𝒑 is the model prediction; the factor 𝒍𝒐(𝑷𝒕) is the 

rewritten CE by defining 𝑷𝒕 as in the formula (4) below: 

                                                    

                                    
 

                               

𝜶𝒕 is weighting factor used for addressing class imbalance with 𝜶 ∈ [𝟎, 𝟏] and:  

 

                                          

                                     
3.7.3. Gradient Descent  

 

The gradient descent is the basis of many optimizers and one of the most common 

optimization algorithms in machine learning and deep learning. It uses the first derivative 

(gradient) of the loss function when updating the parameters. The frequency of parameters 

updating is parameterized, so, it can be after:  

• Each entry examples.  

• Each round of the whole set of training examples (epoch).  

• A sample of examples of the training set (batch) [40]. 

 

 

 

(4) 

(5) 
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3.8 Machine Translation and Summarization  

One way to look at summarization is to consider it as a machine translation problem: we want 

to translate the original text into a shorter version of this text. The idea is to use work done in 

machine translation, area which is very active and to adapt it to text summarization. Another 

criterion which links machine translation and summarization is the use of the same metrics to 

evaluate to results: ROUGE and BLEU scores. 

 3.9 Attention Layer   
  

Attention Mechanism was firstly introduced for machine translation by [1] and then 

developed by [2]. Its purpose is to determine the importance of each hidden state and provide 

a weighted sum of all the features fed as input. This makes possible to solve traditional limits 

in various NLP tasks. For instance, traditional word vectors presume that a word meaning is 

relatively stable across sentences. However, a single word could have different meanings in 

different contexts, e.g., lit (an adjective that describes something burning) and lit (an 

abbreviation for literature); or get (a verb for obtaining) and get (an animal’s offspring). ALs 

can capture the shades of meaning for a given word that only emerge due to its situation in a 

passage and its inter-relations with other words. Moreover, ALs learn how to relate an input 

sequence to the output of the model in order to pay selective attention on more relevant input 

features. By this way, Attention mechanism makes models able to replicate the human brain 

in focusing on specific parts of the input which enables them determining the importance of 

each part for the desired output. [35] [44]For more details of how this attention layer works, 

we take as example the attention layer used in [1]work and that used in the Transformer 

architecture of [2]for machine translation. 
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3.9.1. Attention Mechanism 
 

The Attention mechanism is a lego block that can be used in any deep learning model that one 

builds. 

 

 

 

𝑷𝑴 = (𝒚│𝒙: 𝜽) 

 

 

                                                 

Figure 3.10:Deep learning model. 

 

In December 2017, when the paper Attention is All You Need 2  was released, it was shown 

that an attention mechanism is apparently the only lego block you need. By this, we mean we 

can do away with more a traditional RNN's. These lego blocks can be entirely replaced by 

attention when dealing with sequential data like in our model. 

In fact, the attention mechanism is so powerful that it allows models to not only perform 

better but also train faster, which in our world of finite computational resources is a great gift 

so that we can all actually benefit from these magical lego blocks.                   

We have sequential data each data point in our sequence is a vector of numbers, this for 

example word embeddings in an NLP task. 

we called this input vectors values So we have 𝑉1 to 𝑉𝑁 where N we do not actually know the 

length of the sequence, so we are going to use some unknown variable N 

 

 

 

 
2 https://arxiv.org/pdf/1706.03762.pdf  

Deep Learning  Input Output 

The probability distribution by 

this model M  Output Input 
Trianed parameters of the model 

https://arxiv.org/pdf/1706.03762.pdf
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⋮
]    [

𝟎, 𝟒𝟑𝟖
.
⋮

]        [
𝟏, 𝟒𝟒𝟏

.
⋮

]                   [
𝟎, 𝟑𝟒𝟏

.
⋮

]   }   𝐷(𝑣) 

            𝑽𝟏                𝑽𝟐                 𝑽𝟑                            𝑽𝑵 

                × 𝜶𝟏     × 𝜶𝟐                 × 𝜶𝟑          × 𝜶𝑵    

 

 

 𝒚 = ∑ 𝜶𝒊 𝑽𝒊

𝑵

𝒊=𝟏

 

Figure 3.11:Attention mechanism illustration. 

 

we are however fortunate in that the vector are the fixed dimension which we can call 𝐷𝑁,The 

aim of attention mechanism  is to simply perform a linearly weighted sum of the value vectors 

.we would ideally want to train the model to learn the optimal weights the 𝜶 to perform best 

the task the model is being useful. 

However we cannot simply learn the optimal 𝜶 because the input is variable length N can 

change from input sequence to the next so we would not even have fixed numbers of 𝜶 to 

train another restriction on the 𝜶 weights is that we do not want to scale the input vectors in 

any manner. i.e we need our 𝜶 to normalized which means they must sum to 1. 

 

                ∑ 𝜶𝒊 = 𝟏

𝑵

𝒊=𝟏

                                   (𝟕) 

Thus, to obtain these 𝜶  weights we cleverly make something called a key and query like in 

dictionary in python every value has an associated key often the is the value itself and this 

called self-attention however we will talk about attention generically so let’s have our 

sequence of key vectors from 𝑲𝟏 to 𝑲𝑵 . 

 

 

ADD 

(6) 
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[
𝟎, 𝟑𝟐𝟏
𝟎, 𝟓𝟓𝟕

⋮
]    [

𝟎, 𝟒𝟑𝟖
.
⋮

]        [
𝟏, 𝟒𝟒𝟏

.
⋮

]   . . . . . .   [
𝟎, 𝟑𝟒𝟏

.
⋮

]   }   𝐷(𝑣) 

                    𝑽𝟏                 𝑽𝟐                    𝑽𝟑                        𝑽𝑵 

                 [ ]              [ ]                 [ ]                            [ ]   }     𝐷(𝐾)    

                𝑲𝟏                𝑲𝟐                 𝑲𝟑                             𝑲𝑵 

          q =  [ ] 

  

Figure 3.12:Attention mechanism illustration. 

The query q is also a vector but for a single particular attention mechanism there will only be 

one query depending on the task the query can be constructed from a range of different places 

,Now that we have query and key we can obtain the weightings for the values 𝜶 there will be 

some functions that combines the query and the respective key to obtain the linear weightings 

for the corresponding value. 

 

                                     𝜶𝒊 = 𝑓(𝒒, 𝑲𝒊)                        (8) 

  

As an example a popular example is dot product attention where we simply perform the dot 

product between the key and query apply a non-linearity often the hyperbolic 𝑡𝑎𝑛ℎ function 

and then apply the 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 function to ensure the 𝜶 still normalized and sum to 1. 

              

             {𝜶𝒊 }𝒊=𝟏
𝑵 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥({𝑡𝑎𝑛ℎ(𝒒𝑻𝑲𝒊)}𝒊=𝟏

𝑵 )      (9) 

 

We summarize the attention mechanism in the figure below.                                     
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                                        Input:[𝑞, {𝐾𝑖 , 𝑉𝑖}𝑖=1
𝑁 ] 

 

 

                          

               

 

   

All the equations here are very deterministic we do not have any learnable parameters that can 

be updated during the training of that model uses attention we can introduce fixed size 

matrices of learnable parameters by performing linear transformations of our keys values and 

query. 

                     𝒒 = 𝑊(𝑞) 𝑞′ 

                     𝒌𝒊 = 𝑊(𝑘)𝑘𝑖
′                                    (10) 

                      𝑽𝒊 = 𝑊(𝑉)𝑉𝑖
′          

 𝑊(𝑞) , 𝑊(𝐾), 𝑊(𝑉) the parameters that can be learnt by the model and can be trained to 

perform as well as possible on the task at hand by updating these parameters. 

The point is to emphasize that attention mechanisms are literally just a function of inputs to 

outputs and, thus, can be used as part of any model in supervised and unsupervised tasks. It is 

a good way to start the day. 

3.9.2. Attention in Translation  

In the figure, the top part of the network used for LSTM-based machine translation extracts 

features from the first word via an encoder. The features of the next word are extracted from 

the next word and the features of the first word. This process is repeated to extract features 

from all words. The result of this processing is that the LSTM output vector, once the last 

word is reached, retains the features of the whole sentence. The bottom decoder is used to 

take the feature vector obtained by the encoder and generate a translation of the original 

sentence. 

ATTENTION MECHANISM 

Output :[𝑦] 

. Figure 3.13:Attention mechanism illustration. 
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From the first vector, the first word is output. Then, a feature vector is generated from the first 

vector and the first word to produce the second word. This process continues for all words. 

This process is similar to that of a person who reduces the content of a sentence that they hear 

to a concept and then recreates a sentence based on this concept. When a human actually 

translates content that needs to be translated accurately, we would assume that the process 

involves finding a corresponding match for each word in the source language. In translating 

this sentence, for example, first we have the subject, which is "hamburger", then we have the 

Japanese for "in this restaurant", which has not been translated yet. As the process continues 

in this way, the sentence is translated more accurately by linking each word in the source to a 

word in the target. We will use attention to focus on the first word that should be translated 

and output this first word. Based on this output, the neural network RNN determines the next 

word of focus in the original sentence and outputs the next word. This process is repeated to 

perform the translation process. 

この レストラン     の ハンバーガ は 絶妙です 

             

 

 

                                                                                                 

 

 

 

 

 

 

 

   

   

                  Figure 3.14:Example of language translation using LSTM. 

 

The  hamburger in this  restaurant is  exquisite 

…. 
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3.9.3. Implementation of Attention  

The attention configuration here in this figure will determine what part of the input sentence is 

in focus as the network outputs each word. To estimate the first word in the translation, the 

inner product of the initial vector of the decoder and the feature vector of each word, which is 

the output of the encoder, are calculated. 

Attention produces a score for each word, whereby larger scores indicate the words of focus. 

The softmax calculation is performed on this score. This operation converts to a probability 

expression in which the sum of score values is 1. 

This represents the location of focus in the input series. In this case, the word is hamburger. 

The softmax value is multiplied by the feature vector output by the encoder at each time step 

in the process. The feature vector for each word is added to each dimension in order words. A 

weighted sum operation is performed on the feature vector so that words with a higher degree 

of focus have greater impact. The first word of output is derived based on the combined 

features and the LSTM output. 

This process repeats to drive the next word in the sentence. The next word is determined by 

calculating the inner product of the output LSTM for the previous time step and the features at 

each time step of input and then obtaining the softmax value. In this case, it is still the word 

"hamburger". A weighted sum operation is performed on the feature vector using the softmax 

weight and then this is concatenated with the LSTM output to output the next word. This 

process repeats until the entire sentences are output. 
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この レストラン     の ハンバーガ は 絶妙です 

 

                                                                                                 

   

 

 

 

  

 

 

                    

                  

Figure 3.15:Example of language translation using LSTM and attention. 

 

3.10 Embeddings 

Embedding is a mathematical method of mapping an object in one domain to another object in 

another domain. Embedding is widely used as a tool in NLP tasks. There are supervised and 

unsupervised ways to generate embeddings. In this thesis, we are more interested in 

unsupervised embeddings. Unsupervised embeddings tend to be more generic and have a 

wider range of uses. 

 

3.10.1 Word Embeddings 

 

Word embeddings map a word to a multidimensional vector. Most of these mapping methods 

build upon vector space model, saying an object can be described by its relations to other 

objects. Word embeddings have been in use since 60s. However, they became popular with 

word2vec paper by Mikolov et al [30]. Word2vec allowed researchers to use huge datasets to 

train word embeddings in a short time. The driving idea behind word embeddings is, words 

can be encoded using other words they are used together.  

the hamburger in this restaurant is exquisite 

H 

H 

Inner product  

0 .0                   0 .0                      0 .0                      1 .0                 0 .0                   0 .0           Softmax 

value        

 

 

 

 

 

Attention ! 

Weighted 

sum 
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Word2vec uses two methods for such use: first is CBOW [29], and the second is skip grams 

[30]. In CBOW method, current word is predicted using neighboring words. In skipgram 

method, neighboring words are predicted using current word. 

In 2017, Bojanowski et al released a word embedding solution named fasttext [32] Fasttext 

introduced sub word embeddings that enabled it to generate an embedding even when it did 

not see that word before. 

 

3.10.2 Sentence Embeddings 

 

Sentence embeddings turn a sentence into a vector. They are useful in comparing sentences to 

each other, classifying sentiment or answering questions. These embeddings can be built upon 

words or characters [31]. Sentence embeddings can be built upon word embeddings, or they 

can be generated using source document and words in the sentence. Sentence embeddings 

provide a middle ground between abstraction of the sentence and the performance. 

 

There are some advantages of using sentence embeddings over word embeddings. First, 

sentence embeddings can deal with polysemy better than word embeddings. A word 

embedding solution does not have access to information needed to distinguish between 

different meanings of a word, but sentence embeddings can use the whole sentence to figure 

out which meaning or use was intended. Second advantage is, when using word embeddings, 

word order has to be processed by our solution. When using sentence embeddings, word order 

is processed by sentence embedding solution. 

Most word embedding solutions use CBOW or skip grams and these methods do not capture 

word order at all.  

 

Furthermore, sentence embeddings can be trained on very large corpora. This way, sentence 

embeddings can learn relationships that are not easily seen in our documents. These 

relationships can help in our final task. One can use a variety of ways to generate sentence 

embeddings. The most basic way of creating sentence embeddings involves using a vector 

space model. We can model each sentence using the words it has. Then, we can assign each 

word an index and set those indices to one when that particular word is used in the sentence. 

Number of different words possible poses a challenge, but we can just limit the number of 

words we include in our dictionary.  
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                              Figure 3. 16:Sentence embedding illustration. 

 

3.11 Dense layer  
 

A dense layer is a densely connected layer that is used to map large unit inputs in a few unit 

results. For example, it may be used to define the number of classes that a model returns, 

mapping hundred and thousand nodes in a few numbers of classes [35]. 
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3.12 Proposed Approach Steps 
 

In Figure 3.7 below, illustrates the process of generating Neural abstractive summary 

      

 

                                  

 

 

              Figure 3.17:Illustration of Proposed Abstractive summarization Framework. 

 

3.12.1 Pre-processing  
 

Performing basic preprocessing steps is very important before we get to the model building 

part. Using messy and uncleaned text data is a potentially disastrous move. Pre-processing 

refers to the transformations applied to our data before feeding it to the algorithm. Data 

Preprocessing is a technique that is used to convert the raw data into a clean data set. We 

followed the steps below: 

• Convert everything to lowercase. 

• Remove HTML tags. 

• Contraction mapping. 

• Remove (‘s). 

• Remove any text inside the parenthesis (). 

• Eliminate punctuations and special characters. 

• Remove stopwords. 

• Remove short words (length (word)=1). 
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Figure III.3.Pre-processing procedure illustration.   

<br>@@ I can't wait to share with u the PANCAKE  

recipe!!! it's a So so delicious (especially When u put dark 

CHOCLATE ) Em       <br> 

 

Before Pre-processing 

 

Pre-processing  steps 

 

<br>@@ i can't wait to share with u the pancake recipe!!! it's a so 

so delicious (especially when u put dark chocolat’s ) em      <br> 

 

Convert everything 

to lowercase. 

 

@@ i can't wait to share with u the pancake recipe!!! it's a so so 

delicisons (espacilay when u put dark chocolat’s ) em       

 

Remove HTML 

tags. 

 

Contraction 

mapping. 

 

@@ i cannot wait to share with u the pancake’s recipe!!! it is a so 

so delicious (especially when u put dark chocolat’s ) em       

 

Remove (‘s) 

 

@@ i cannot wait to share with u the pancake recipe!!! it is a so so 

delicious (especially when u put dark chocolat ) em       

 

Eliminate 

punctuations and 

special 

characters. 

 

 @@ i cannot wait to share with u the pancake recipe!!! it is a so so 

delicious em       

 

 

Remove any text 

inside the 

parenthesis (). 

 

 i can not  wait to share with u the pancake recipe  it is  a so so 

delicious em  

 

Remove stopwords 

 

 can   wait share pancake recipe delicious em 

Remove short words can wait share pancake recipe delicious 

 

After Pre-processing  can wait share pancake recipe delicious 

 

 
Figure 3.18:Pre-processing procedure illustration. 

https://www.w3schools.com/TAGS/tag_dialog.asp
https://www.w3schools.com/TAGS/tag_dialog.asp
https://www.w3schools.com/TAGS/tag_dialog.asp
https://www.w3schools.com/TAGS/tag_dialog.asp
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Because of our model, we needed to transfer our original sentence to a civilization sentence 

and transfer the summary to a one-hot matrix. As we see in the figure below: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.19:Abstractive summarization preprocessing. 

 

3.12.2 Attention in abstractive summarization  

We will introduce the attention model of historical summarization. The main improvement to 

the attention model is the context vector. The context factoring attention model is derived 

from the hidden layer state of the encoder, so it will capture or garb more information from 

the input text. 

 The attention layer has two inputs a and s_prev . a is the hidden layer satete of the encoder. 

The s_prev is the last round of the hidden layer output of the decoder. The first step is to 

concatenate S and edage in the figure. The next step is to encode the concat third factor into 

our model. Notice the dealer model has a softmax output layer so we can get corresponding 

Original Sentences: 

[bought several vitality canned 

dog food products found good 

quality….] 

  

 

 

Vocab Mapping 

                  {‘a’=0, 

                  ’art ‘=1} 

        

 

} 
    Serialization Sentences : 

[23 45 125 53 29 …] 

Serialization Sentences : 

[[0 0 1 0 0 0...], 

[0 0 0 1 0 0…]] 

Serialization Sentences : 

[21 45 67 128 90 …] 

Vocab Mapping 

                  {‘a’=0, 

                  ’art ‘=1} 

 

Original Summaries: 

      [good quality dog food ] 
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weights of the hidden layer state of the encoder and finally just states the waste weight so we 

can get the context vector. 

 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

  

 

 

 

Figure 3.20:Abstractive summarization attention implementation. 

 

3.12.3 Sequence-to-Sequence (Seq2Seq) Modeling 

 

A sequence-to-sequence model consists of an encoder and a decoder. The encoder is 

responsible for reading the input tokens. The input tokens represented by their vectors known 

as word embeddings are read and fed into a bi-directional LSTM to generate the encoder's 
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a:The hidden layer satete of the encoder. 

s_prev: The last round of hidden layer output of 

decoder. 
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hidden states. The decoder receives the final encoder state and feeds it along with its input to 

a uni-directional LSTM to generate the decoder's hidden state for the given time step.  

To help decoders generate the correct outputs, the distribution of the input tokens known as 

attention is calculated. Next, the context vector, the weighted average of attention weights, is 

calculated and the decoder uses this weight to generate the final distribution over all the words 

in the vocabulary.  

Finally, the word with the maximum probability is selected as the output of that time step. 

Our work is clearly aligned with recent studies on sequence-to-sequence models [33] for 

abstractive summarization. A neural attention-based abstractive summarization model [14] for 

headline generation inspired by [34] on short texts (one or two sentences) is one of the earliest 

attempts to use neural networks to beat the performance of the existing traditional 

summarization models. The work done by Chopra et al. [15] is an extension of [14] which 

computes the conditional probabilities of next words using a recurrent decoder, improving the 

results of short text summary generation. An attentional encoder-decoder recurrent neural 

network for abstractive summarization was introduced by [17].                                                                                                                

 

 

                        Figure 3.21:Sequence-to-sequence model with attention mechanism. 
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3.12.4 Prediction  

 

In our prediction, after we get the model output, we can have a probability matrix which is the 

softmax output. Our goal is to get the most likely summary, so we need to decode it by 

arcmax or beam search and map the number to a word, so we can get our predicted summary. 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

 

 

                      

                   

                    Figure 3.22:Abstractive summarization prediction illustration.  

  

Test sentences : 

[by the time most ………] 

Vocab Mapping 

                  {‘a’=0, 

                  ’art ‘=1} 

 

Serialization Sentences : 

[23 35 185 53 29 …] 

 

      Model prediction  : 

Model weights 

 

      Softmax output : 

[[0.12, 0.05 ,0 .08…] 

 , [0 .01 ,0.21 ,0.11 …]] 

 

     Argmax / beam: 

[23 45 185 32 29 …] 

 

Vocab Mapping 

                  {‘a’=0, 

                  ’art ‘=1} 

 

       Target Sentences : 

[23 35 185 53 29 …] 
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3.13 Architecture 

The idea behind the design of this model is to enable it to process input where we do not 

constrain the length. One RNN will be used as an encoder, and another as a decoder. The 

output vector generated by the encoder and the input vector given to the decoder will have a 

fixed size. However, they need not be equal. The output generated by the encoder can either 

be given as a whole chunk or can be connected to the hidden units of the decoder unit at every 

time step. 

 

Figure 3.23:Encoder-Decoder Sequence-to-Sequence. 

Text Summarization Using an Encoder-Decoder Sequence-to-Sequence Model 

• Step 1 - Importing the Dataset. 

• Step 2 - Cleaning the Data. 

• Step 3 - Determining the Maximum Permissible Sequence Lengths. 

• Step 4 - Selecting Plausible Texts and Summaries. 

• Step 5 - Tokenizing the Text. 

• Step 6 - Removing Empty Text and Summaries. 

3.13.1 Encoder 

The input length that the encoder accepts is equal to the maximum text length which you’ve 

already estimated in Step 3. This is then given to an Embedding Layer of dimension (total 

number of words captured in the text vocabulary) x (number of nodes in an embedding layer) 
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(calculated in Step 5; the x_voc variable). This is followed by three LSTM networks wherein 

each layer returns the LSTM output, as well as the hidden and cell states observed at the 

previous time steps. 

3.13.2 Decoder 

In the decoder, an embedding layer is defined followed by an LSTM network. The initial state 

of the LSTM network is the last hidden and cell states taken from the encoder. The output of 

the LSTM is given to a dense layer wrapped in a time-distributed layer with an attached 

softmax activation function. 

The model accepts encoder (Text) and decoder (Summary) as input and outputs the summary. 

The prediction happens by predicting the upcoming word of the summary from the previous 

word of the summary (see the below figure). 

 

Figure 3.24:  Encoder-Decoder. 

Note: Consider the summary line to be “I want every age to laugh”. The model has to accept 

two inputs - the actual text and the summary. During the training phase, the decoder accepts 

the input summary given to the model, and learns every word that has to follow a certain 

given word. It then generates the predictions using an inference model during the test phase. 

 

3.14 Abstractive cross-language summarization (Translate and Summarize) 
 

According to Junnan Zhu et al « Cross-lingual summarization is to produce a summary in a 

target language (e.g., English) from a document in a different source language (e.g., Chinese). 

Cross-lingual summarization can help people efficiently understand the gist of an article 

written in an unfamiliar foreign language. » [33] 

In our model, we decided to use different languages. (Arabic, French, English) to see more 

results. First, the input is two different languages, as it appears in the figure below:   
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In this example, we translated a part of our data to Arabic, then we applied our model and the 

result was so satisfying. We will see that in chapter 4. 

 

 

 

 

 

 

 

 

                

                         Figure 3.25:Abstractive summarization (English-Arabic). 

Secondly, the input is one language and the output is another language, like we see in the 

figure. 

In this case, we translated the input and the output. The input was translated from English to 

Arabic and the output from Arabic to French. The result was very good. 

 

 

 

 

 

 

 

 

                 Figure 3.26:Abstractive summarization (Arabic-French). 

    طعام كلاب ذو نوعية جيدة                        

 

bought several vitality canned dog food products found good 

quality product looks like stew processed meat smells better 

labrador finicky appreciates product better    

 

            Predicted summary:   أفضل خفيفة على الإطلاق 
 

Input 

Output 

وقد    وصلت الكعكة بسرعة كبيرة وتم بحيث وصلت في حالة مثالية

حتى أثناء الإفطار ، لمدة ثلاثة أيام الكعكة نفسه  5عائلتي من 

ا سميكة ولكن من نوع الكعكة وهو للغاية للغاية النكهات رائع 

ة مع والقرفة الحلوة في جميع أنحاء الكعكة بشكل جميل نكهة ح 

 لوة قم الكعكة الصباح على وجبة الإفطار  

 

 

                 Predicted summary:  Merveilleux 
 

 

Input 

Output 
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3.15 Conclusion 
 

This chapter discussed the research framework and, in general, the methodology required to 

implement the four decision problems according to the research questions formulated in 

Chapter 1. We presented five phases, namely analysis, design, development, implementation, 

and evaluation; each plays an important role in accomplishing the objectives of this research. 

While we discussed the methodology designed for the four problems, and we applied cross 

abstractive summarization CLA to our model using three different languages, the following 

chapter discusses the results we obtained from the qualitative study. 
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Test and Evaluation 
 

4.1 Introduction  

In abstractive summarization, we focus on improving abstractive methods because of their 

ability to generate novel sentences. Knowing what the existing summarization systems are 

able to offer and what issues they are facing can help future design decisions be made much 

more wisely. 

In this chapter, we provide the results of our proposed approach measured on datasets and on 

the translated datasets to different kinds and languages. 

4.2 Environment and Development Tools 

4.2.1 Material  

We used a computer DELL processor (Intel(R) Core (TM) i5-4310U CPU @ 2.00GHz   2.60 

GHz) and RAM memory installed (8,00 Go) 

• Session Time: jupyter provides 19 hours for each model developed in this search of 

continuous execution for one session. 

4.2.2 Python Modules Used 

 

Python is an interpreted, object-oriented, high-level programming language with dynamic 

semantics. Its high-level built in data structures, combined with dynamic typing and dynamic 

binding; make it very attractive for Rapid Application Development, as well as for use as a 

scripting or glue language to connect existing components together. The simplicity and easy 

to learn Python syntax emphasize readability and therefore reduces the cost of program 

maintenance. Python supports modules and packages, which encourages program modularity 
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and code reuse. The Python interpreter and the extensive standard library are available in 

source or binary form without charge for all major platforms, and can be freely distributed.3 

• For Deep Learning Implementation 

Tensorflow4: is an open-source library of software for dataflow and differential programming 

for various tasks. Similarly, TensorFlow is used in machine learning by neural networks. 

Developed by Google in 2011 under the name DistBelief, TensorFlow was officially released 

in 2017 for free. The library is able to run on multiple CPUs and GPUs and is available across 

multiple platforms, including mobile. The name comes from multidimensional arrays known 

as tensors, which are commonly used in neural networks.5 

Keras6: is an open-source library of neural network components written in Python. Keras is 

capable of running atop TensorFlow, Theano, PlaidML and others. The library was developed 

to be modular and user-friendly; however, it initially began as part of a research project for 

the Open-ended Neuro-Electronic Intelligent Operating System or ONEIROS. The principal 

author of Keras is Francois Chollet, a Google engineer who also wrote XCeption, a deep 

neural network model. While Keras officially launched, it was not integrated into Google's 

TensorFlow core library until 2017. Additional support has also been added for Keras 

integration with Microsoft Cognitive Toolkit.7 

 

• For Textual Data Pre-processing and Preparation  

 

Pandas8: is an open source, BSD-licensed library providing high-performance, and easy-to-

use data structures and data analysis tools for the Python programming language. The use of 

this module eases the data sheets reading (. e.g. csv and excel files), data frame creation, 

organization and manipulation. 

We used Pandas to read datasets csv files and their data frames manipulation.  

Numpy9: is a python module distributed under a liberal BSD license which means that is a 

free module and its code is publicly available. Numpy offers comprehensive mathematical 

 
3 https://www.python.org/doc/essays/blurb/ 
4 https://www.tensorflow.org/ 
5 https://deepai.org/machine-learning-glossary-and-terms/tensorflow 
6 https://keras.io/ 
7 https://deepai.org/machine-learning-glossary-and-terms/keras 
8 https://pandas.pydata.org/ 
9 https://numpy.org/ 
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functions, random number generators, linear algebra routines, Fourier transforms, and more. 

Moreover, it has a high-level syntax and supports a wide range of hardware and computing 

platforms, and plays well with distributed, GPU, and sparse array libraries.  

Googletrans10: Googletrans is a free and unlimited python library that implemented Google 

Translate API. This uses the Google Translate Ajax API to make calls to such methods as 

detect and translate. This fast and reliable library uses the same servers that 

translate.google.com uses for performing tasks like auto language detection, and translation. 

In our work, we use this library for applying translation and back translation task strategy 

used for datasets augmentation.  

 

Nltk11 : nltk is a leading platform for building Python programs to work with human language 

data. It provides easy-to-use interfaces to over 50 corpora and lexical resources such as 

WordNet, along with a suite of text processing libraries for classification,tokenization, 

stemming, tagging, parsing, and semantic reasoning, wrappers for industrial-strength NLP 

libraries, and an active discussion forum. 

 

Re12: this module was added in Python 1.5, and provides Perl-style regular expression 

patterns. Earlier versions of Python came with the regex module, which provided Emacs-style 

patterns. This regex module was removed completely from Python 2.5. Re module in our 

work is used for pre-processing step to write regular expressions in order to find special 

characters in texts, and replace HTML, emoticons, and numbers by their related tags 

described in chapter 3. 

 

Warning13 :Warning messages are typically issued in situations where it is useful to alert the 

user of some condition in a program, where that condition (normally) doesn’t warrant raising 

an exception and terminating the program. For example, one might want to issue a warning 

when a program uses an obsolete module.  

 

 
10 https://pypi.org/project/googletrans/ 
11 https://www.nltk.org/ 
12 https://docs.python.org/fr/2/howto/regex.html 
13 https://docs.python.org/3/library/warnings.html 
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tqdm14: tqdm is a library in Python which is used for creating Progress Meters or Progress 

Bars. tqdm got its name from the Arabic name taqaddum which means ‘progress’. 

Implementing tqdm can be done effortlessly in our loops, functions or even Pandas.  

 

beautifulsoup15:Beautiful Soup is a library that makes it easy to scrape information from web 

pages. It sits atop an HTML or XML parser, providing Pythonic idioms for iterating, 

searching, and modifying the parse tree. 

Rouge16 : There are rough implementations available for Python, but some are not native 

Python due to their dependency on the Perl script, and others provide differing results when 

compared with the original implementation. This makes it difficult to directly compare it with 

known results. 

4.3 Data Used for Training and Test 

All data in one sqlite database. 200000 food reviews Amazon users left up to October 2012. 

Brief summary of the review (195744 unique value), Text of the review 193579 unique 

value). 

4.4 Experimental Results and Discussion 

In this section, we initially presented the results obtained from our model.  

This model can create relevant summaries for reviews written about fine foods sold on 

Amazon. Here are some examples of reviews and their generated summaries:

 
14 https://pypi.org/project/tqdm/ 
15 https://pypi.org/project/beautifulsoup4/ 
16 https://pypi.org/project/rouge-score/ 
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4.4.1 Results from ATS English-English 

 

  

                 

              Figure 4.1:Results from ATS English-English. 

 

4.4.2 Results from ATS English-French 
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                              Figure 4.2:Results from ATS English-French. 

4.4.3 Results from ATS English-Arabic 
 

 

 

                          Figure 4.3:Results from ATS English-Arabic. 

 

4.4.4 Results from ATS French-French 

 

 

                        Figure 4. 4:Results from ATS French-French. 
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4.4.5 Results from ATS French-Arabic 

 

 

                                                       Figure 4.5:Results from ATS French-Arabic. 

 

4.4.6 Results from ATS French-English 

 

 

  

                                       Figure 4.6:Results from ATS French-English. 
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4.4.7 Results from ATS Arabic-Arabic 

 

 

                                            

                     Figure 4.7:Results from ATS Arabic-Arabic. 

 

4.4.8 Results from ATS Arabic-English 

 

 

                          Figure 4.8:Results from ATS Arabic-English. 
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4.4.9 Results from ATS Arabic-French 

 

                                              Figure 4.9:Results from ATS Arabic-French. 

 

4.4.10 Results from ATS Train Arabic-Test French 
 

 

                       

                         Figure 4.10:Results from ATS Train Arabic-Test French. 
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4.4.11 Results from ATS Train Arabic-Test English 

 

 

                Figure 4.11:Results from ATS Train Arabic-Test English. 

 

4.4.12 Results from ATS Train French- Test English 
 

 

               Figure 4.12:Results from ATS Train French-Test English. 
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4.4.13 Results from ATS Train French- Test Arabic 

 

 

                 

               Figure 4.13:Results from ATS Train French- Test Arabic. 

 

4.4.14 Results from ATS Train English-Test French 

 

 

                     Figure 4.14:Results from ATS Train English-Test French. 
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4.4.15 Results from ATS Train English-Test Arabic 

 

                          Figure 4.15:Results from ATS Train English-Test Arabic. 

 

4.5 The results of the Bleu and Rouge scores  
 

4.5.1 The results of the Bleu score 

 

 

Input Output Bleu score 

English English 0.50577 

English Arabic 0.50495 

English French 0.50550 

French French 0.47114 

French Arabic 0.38892 

French English 0.40534 

Arabic Arabic 0.40667 

Arabic English 0.40836 

Arabic French 0.42914 

                 

                                 Table 4.1: Results of the Bleu score. 
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The BLEU score in ATS (English-English) is higher than in ATS (Arabic-Arabic) and ATS 

(French-French), because the dataset (Reviews) is bigger compared with other datasets. The 

generalization capability of a deep learning model is enhanced with an increase in the training 

dataset size. 

 

Input training Input testing Output Bleu score 

Arabic English English 0.45883 

Arabic French French 0.46079 

French English English 0.47237 

French Arabic Arabic 0.43042 

English Arabic Arabic 0.44725 

English French French 0.50351 

 

                   Table 4.2:Results of the Bleu score (different input). 

 

4.5.2 Sentence BLEU score for validation dataset 

 

We calculated the blue score for validation sentences as shown in the figures below:  

 

➢ Sentence BLEU score for validation dataset (English-English): 

 

 

 

               

                Figure 4.16: Results of the Bleu score (English-English). 
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➢ Sentence BLEU score for validation dataset (English-French): 
 

 

 

                               Figure 4.17: Results of the Bleu score (English-French). 

 

➢ Sentence BLEU score for validation dataset (English-Arabic): 
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             Figure 4.18: Results of the Bleu score (English-Arabic). 

 

➢ Sentence BLEU score for validation dataset (French-English): 

 

 

                     Figure 4.19: Results of the Bleu score (French-English). 

 

➢ Sentence BLEU score for validation dataset (Arabic-Arabic): 

 

 

   

 

                 Figure 4.20: Results of the Bleu score (Arabic-Arabic). 
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➢ Sentence BLEU score for validation dataset (Train Arabic-Test English): 

 

 

 

                   

      Figure 4.21: Results of the bleu score (Train Arabic-Test English). 

 

 

➢ Sentence BLEU score for validation dataset (Train English-Test Arabic): 
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              Figure 4.22: Results of the bleu score (Train English-Test Arabic). 

 

➢ Sentence BLEU score for validation dataset (Train English-Test French): 
 

 

 

 

          Figure 4.23: Results of the bleu score (train English-Test French). 

       

➢ Sentence BLEU score for validation dataset (Train Arabic-Test French): 

 

 
 

                              

                           Figure 4. 24: Results of the bleu score (Arabic-Test French). 

 

 

 

 



Chapter IV                                                                                                 

74 

 

Test and Evaluation      

 

 

➢ Sentence BLEU score for validation dataset (Arabic-French): 

 

 

 

Figure 4.25:Sentence BLEU score for validation dataset (Arabic-French). 

 

➢ Sentence BLEU score for validation dataset (French-French): 

 

 
              

Figure 4.26:Sentence BLEU score for validation dataset (French-French). 

➢ Sentence BLEU score for validation dataset (Train French-Test Arabic) 
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Figure 4.27: Results of the bleu score (train Arabic-Test Arabic). 
 

➢ Sentence BLEU score for validation dataset (Train French-Test English) 

 

 

 
 

        Figure 4.28:Sentence BLEU score for validation dataset (Train French-Test English). 

 

➢ Sentence BLEU score for validation dataset (Arabic -English) 

 

 

 

         Figure 4.29:Sentence BLEU score for validation dataset (Arabic-English). 
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➢ Sentence BLEU score for validation dataset (French-Arabic) 

 

 
 

Figure 4. 30:Sentence BLEU score for validation dataset (French-Arabic). 

 

4.5.2 The results of the Rouge score 

 

Rouge Precision  Recall F-measure  

Rouge-1     19.29     14.67     15.63 

Rouge-2     4.24     3.27     3.47 

Rouge-3     0.60     0.50     0.52 

Rouge-4     0 .06     0.04     0.05 

Rouge -L     20.71     16.36     17.45 
  

Table 4.3: Results of the Rouge score. 

4.6 Answers to Research Questions 
 

The research questions presented in Chapter 1 have been investigated and researched 

throughout this thesis. Below we have summarized the answers to these questions based on 

the findings confirmed by this study. 

 

4.6.1 Answer 1 

• The Encoder-Decoder architecture is mainly used to solve the sequence-to-sequence 

(Seq2Seq) problems where the input and output sequences are of different lengths. 
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4.6.2 Answer 2 

• The solution encoder to memorize long sequences into a fixed-length vector is LSTM 

(Long Short-Term Memory) because it is capable of capturing long-term dependencies 

by overcoming the problem of vanishing gradient. 

 

4.6.3 Answer 3 

• The basic idea behind the attention mechanism, So, instead of looking at all the words 

in the source sequence, we can increase the importance of specific parts of the source 

sequence that result in the target sequence. 

4.6.4 Answer 4 

• We minimized the loss and saved time in memory as well as computation by using 

sparse_categorical_crossentropy as the loss function, since it converts the integer 

sequence to a one-hot vector on the fly. This overcomes any memory issues. 

 

 

4.7 Conclusion 

We presented the results of our model ATS using multiple datasets and different inputs. These 

results reveal that if the dataset is higher, the domain knowledge will be higher, so the 

predicted summary will be higher quality. We will get good results. As for the sentence, the 

longer the sentence, the less bleu score, and vice versa. Finally, we presented the answers to 

the problems we mentioned before. 
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Conclusion 
 

 

General Conclusion and perspective  

 
Today, with all the digitalization and with the internet being the endless source of text data, 

we are kind of flooded with textual information, and it’s really hard to find relevant 

information in this amount of text. So, automatic text summation has become a necessary 

need. 

In this work, we explored summarization. To do so, we had to perform summarization in an 

abstractive way, i.e., by creating completely new sentences. 

We tried to tackle problems which appear when meeting unknown words or misspelled 

words. To do so, we implemented a network to perform character level summarization. 

However, thinking summarization at a character level made the task of understanding the 

meaning of a sentence even harder. 

The results of our approach revealed that BLEU scored 0.50, which is very good. We used our 

approach to cross-language abstractive text summarization and the result was very good. The 

BLEU score is 50 

As a perspective, to enhance the performance of the proposed models of abstractive text 

summarization using encoder-decoder, RNN, and attention mechanisms, we recommend 

increasing the training dataset size and building the model. The generalization capability of a 

deep learning model is enhanced with an increase in the training dataset size and 

Try implementing Bi-Directional LSTM, which is capable of capturing the context from both 

directions and results in a better context vector. Use the beam search strategy for decoding the 

test sequence instead of using the greedy approach (argmax). Implement pointer-generator 

networks and coverage mechanisms. 
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