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TR-SUM: A TEXT SUMMARIZER FOR TURKISH

ABSTRACT

In today’s world of big data, the tracing and obtaining of specific and useful
information from stored and textual data is one of the most significant challenge of
summarization. Summarization is basically the process of shortening the text. However,
retrieving a short summary or only relevant information from large texts is demanding.
The summary should include the main purpose, main idea, and important information of
the text. The studies for both the extractive and abstractive text summarization models are
recently increasing for various languages. However, fewer studies have been carried out
for the abstractive text summarization of Turkish language. In addition, there are less
collected datasets to be summarized for Turkish language in the literature. Thus, the
contribution of this thesis is in two-fold. Firstly, a news dataset is collected for Turkish
language. Secondly, this thesis proposes the adaptation and implementation of three
abstractive deep neural network models for the Turkish language. These models are (i)
Attention Based Seq2Seq Neural Network, (ii) Pointer Generator Seq2Seq Neural
Network and (iii) Reinforcement Learning with Seq2Seq Neural Network. All three
models are preprocessed with both ConceptNet-Numberbatch word embedding and
fastText word embedding. Then, these models are evaluated on the collected Turkish
dataset based on the ROUGE-1, ROUGE-2, and ROUGE-L scores. According to the
computation experimentation, All ROUGE scores of each neural network model that is
studied with fastText word embedding have decent quality. The highest ROUGE scores
are acquired by Pointer Generator Seq2Seq Neural with fastText word embedding. This
indicates that Pointer Generator Seq2Seq Neural Network is a promising deep neural

network model that may produce well-qualified text summaries.



Keywords: Text summarization, abstractive text summarization, extractive text
summarization, summarization for Turkish language, encoder-decoder architecture,

sequence-to-sequence models, long short-term memory



TR-SUM: TURKCE iCIiN BiR METIN OZETLEYICI

0z

Gilinlimiiziin biiylik veri diinyasinda, saklanan ve metinsel verilerden belirli ve faydali
bilgilerin izlenmesi ve elde edilmesi, 6zetlemenin en 6nemli zorluklarindan biridir.
Ozetleme, temel olarak metni kisaltma islemidir. Ancak, biiyiik metinlerden kisa bir 6zet
veya yalnizca ilgili bilgileri almak zordur. Ozet, metnin ana amacini, ana fikrini ve énemli
bilgilerini igermelidir. Son zamanlarda c¢esitli diller i¢in hem ¢ikarimsal hem de
soyutlayict metin 6zetleme modellerine yonelik calismalar artmaktadir. Ancak Tiirkce dili
icin soyutlayict metin 6zetlemesi alaninda daha az sayida ¢alisma yapilmistir. Ayrica
literatlirde Tiirkce i¢in 6zetlenecek daha az sayida veri seti bulunmaktadir. Dolayisiyla bu
tezin katkis1 iki yonliidiir. Ilk olarak Tiirk¢e dili igin bir veri seti toplanmustir. Ikinci
olarak, bu calismada iic adet soyutlayici derin sinir ag1 modelinin Tiirkce diline
uyarlanmasi ve uygulanmasi 6nerilmektedir. Bu modeller, (i) Dikkat Tabanli Siradan
Siraya Yapay Sinir Agy, (i1) Pointer Generator Siradan Siraya Yapay Sinir Ag1 ve (iii)
Siradan Siraya Yapay Sinir Ag1 ile Giiglendirmeli Ogrenme’dir. Her Gi¢ model de hem
ConceptNet-Numberbatch kelime gdmme hem de fastText kelime gémme ile dnceden
islenmistir. Daha sonra bu modeller, ROUGE-1, ROUGE-2 ve ROUGE-L puanlarina
dayali olarak Tirkce i¢in toplanan veri seti lizerinde degerlendirilmistir. Hesaplama
deneyine gore, fastText kelime gomme ile ¢alisilan her bir sinir ag1 modelinin tiim
ROUGE puanlar iyi kaliteye sahiptir. En yiiksek ROUGE puanlari, Pointer Generator
Siradan Siraya Yapay Sinir A1 tarafindan fastText kelime gémme ile elde edilir. Bu,
Pointer Generator Siradan Siraya Yapay Sinir Agi’'nin iyi nitelikli metin Gzetleri

Uretebilen umut verici bir derin sinir ag1 modeli oldugunu gosterir.

Vi



Anahtar kelimeler: Metin 6zetleme, soyut metin 6zetleme, ¢ikarict metin 6zetleme, Tirk
Dili icin Ozetleme, kodlayici-kodg¢ozucti mimarisi, siradan Siraya modeller, uzun kisa

sureli bellek
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CHAPTER ONE
INTRODUCTION

1.1 General Overview

In today’s world of big data, the tracing and obtaining of specific and useful
information from stored and textual data is one of the most significant challenge of
summarization. Summarization is basically the process of shortening the text. However,
retrieving a short summary or only relevant information from large texts is demanding.
The summary should include the main target, main idea and important information in the
text. Most of the diverse fields such as public opinion monitoring, news recommendation,
content/article summarization etc. concentrate on the summarization (Fang, Mu, Deng, &
Wu, 2017). There will be more demand on the summarization of long-sized texts and
electronic documents since they growth an exponentially (Ugkan & Karci, 2020). Thus, a
need for automated text summarization tool is inevitable in the existence of long-sized

texts and electronic documents.

1.2 Motivation

The number of electronic documents, online articles, especially electronic news, has
grown exponentially over the last decade (Hark, Uckan, Seyyarer, & Karci, 2019), and
because of this abundance, sorting of information and retrieving a short summary from
the long-sized texts has been considered a significant research area (Altan, 2004).
Therefore, effective text summarization systems, are required in all languages. Effective
text summarization systems must be as fast as possible in terms of summary production
and be able to produce good-quality summaries in terms of the quality of the summaries.
However, to be able to implement effective text summarization systems, a dataset
constituting original texts and their summaries is a must. In other words, there should be
a reference dataset where the summaries for the long-sized texts exist and are reachable

so that the text summarization systems can be applied to the dataset. In this way, the text



summarization systems can generate their own text summaries, and hence the performance
of these systems can be compared with the existed summaries in the dataset. By the
performance of these systems, it has meant that the quality of the generated text summaries

by the text summarization system.

There are two main motivations for this thesis. The first one is to generate a novel news
dataset for the Turkish language. This generated news dataset aims to be a basic dataset
for researchers to test further different algorithms on. The latter one is to summarize the
long-sized news texts of the generated news dataset for the Turkish language with an

effective text summarization system.

1.3 Aim of Thesis

Text summarization algorithms are required for today’s big data environment in all
languages. The need for summary retrieval from long-sized text is inevitable in today’s
big data. According to the research and review performed on the literature so far, an
abstractive text summarization system for Turkish is a very significant research direction.
This thesis fundamentally aims to generate an abstractive text summarizer for Turkish
language depending on the gap in the literature of Turkish text summarization. Firstly, a
web interface of the data collection system to collect data from users will be constituted.
Then, a news dataset for Turkish language will be generated with the collected data. The
collected dataset will be preprocessed to be fed to the deep neural network models.
Following, abstractive deep neural network models will be studied on the generated
dataset, and the performance of the models will be compared regarding the various
ROUGE scores. At the end, an automatic abstractive text summarizer for Turkish

language will be developed.

1.4 Contributions

Several contributions are achieved with this thesis. Firstly, the related works in the
literature of extractive and abstractive text summarization are analyzed extensively. Then,

the works for the Turkish language are also explored in depth. As the output of this



literature review, all studies are reported and categorized in terms of their methodology,
used dataset, and evaluation metric information. Consequently, depending on the gap that
is depicted by literature review, automatic abstractive text summarizer for Turkish
language become the research direction of this thesis. A web interface of the data
collection system is constituted to collect data from users. Then, a novel news dataset
named as “TR-News-Sum” dataset is generated with the collected data. The collected
dataset is preprocessed to be feed to the deep neural network models. Two different word
embeddings, ConceptNet-Numberbatch and fastText word embeddings, are used during
the data pre-processing. Following, three deep neural network models are studied on the
“TR-News-Sum” dataset. These models are (i) Attention Based Seq2Seq Neural
Networks, (ii) Pointer Generator Seq2Seq Neural Networks and (iii) Reinforcement
Learning with Seq2Seq Neural Networks. All three models are preprocessed with both
ConceptNet-Numberbatch word embedding and fastText word embeddings. The
performance of the deep neural network models is measured on the collected Turkish
dataset based on the ROUGE-1, ROUGE-2, and ROUGE-L scores. According to the
computational experimentation, Pointer Generator Seq2Seq Neural Network is a
promising deep neural network model that can procure well-qualified text summaries for

the Turkish language.

1.5 Statement of Thesis

This thesis is structured as follows: In Chapter 2, firstly, the related works in the
literature of extractive and abstractive summarization methods are presented. Then, the
related works performed for Turkish language are provided. Later, in Chapter 3, text
summarization data sets and method are discussed briefly. While the proposed text
summarizer for Turkish (TR-Sum: A Text Summarizer for Turkish) is presented in Chapter
4, the application and evaluation of TR-Sum: A Text Summarizer for Turkish method are
exhibited in Chapter 5. Finally, the concluding comments and possible future research

directions are stated in Chapter 6.



CHAPTER TWO
RELATED WORKS

2.1 Overview

Recently, text summarization systems are a trending need of people who deals with a
huge amount of digital text data worldwide (Yousefi-Azar & Hamey, 2017). Most of the
people generally encounter an extensive amount of text datasets in their working life.
Rather than reading the entire text data, reading its summary is usually preferable. Not
only in working lives, but also in daily lives a need for text summarization arises, as well.
Hence, in recent years, researchers more likely tend to cope with text summarization

systems in all languages.

In this chapter, firstly, the related works in the literature of extractive and abstractive
text summarization methods are provided in Sections 2.2.1 and 2.2.2, respectively. Then,
the literature review of summarization methods in text summarization specifically in
Turkish language are given in Section 2.2.3. Finally, the evaluation of related works as
well as the gap in the literature are explicitly shown by concluding the motivation of this

thesis in Section 2.3.

2.2 Text Summarization Studies

Text summarization can be classified into three main categories, based on input type,
based on output type, and based on purpose. In this thesis, based on output type
summarization is considered. Mainly, two different types of approaches are used based on

output type:

I.  Extractive Text Summarization
ii.  Abstractive Text Summarization
Extractive text summarization approach selects important words/phrases from the

source document and combines them into a summary. As opposed to extractive



summarization, abstractive text summarization approach generates new sentences which

contain the essence and meaning of the source document.

2.2.1 Extractive Text Summarization Studies

As one of the early studies on extractive text summarization methods, Erkan & Radev
(2004) proposed a model that computes the value of the sentences with the graph-based
algorithms. The eigenvector centrality is used to determine value of the sentence and the
intra-sentence cosine similarity is used to determine relations between the sentences. The
outcome of the study demonstrates that the LexRank degree-based algorithm mostly
dominates the other degree-based and centroid-based algorithms. As another early study,
the model of Barzilay & McKeown (2005) extracts the frequent data from the similar
sentences and generates the summarized text from the extracted data. The generation is
handled by eliminating and paraphrasing the input data. Then, Amancio, Nunes, Oliveira,
& Costa (2012) introduced a diversity metric that has been calculated with betweenness,
vulnerability, and diversity in Brazilian Portuguese language. The summarization results
of the proposed model are superior against the statistical models performed Brazilian
Portuguese language. In terms of the multi document analysis, Ferreira et al. (2014)
proposed a graph based multi document model that synthesizes the important information
from the documents. The model also tries to find solutions on extractive summarization

problems: redundancy, and diversity.

Later, Fang, Mu, Deng, & Wu (2017) presented a sentence scoring technique which
combines the word-sentence level relations with the graph-based unsupervised model
called as CoRank. Additionally, the quality of the summarization was supported with the
redundancy elimination techniques. In another study, a model that combines two different
models was presented by Jain, Bhatia, & Thakur (2017). The first model of Jain et al.
(2017) extracts the features from the document whereas the second model is a supervised
neural network model to generate the summaries. Nallapati, Zhai, & Zhou (2017)
proposed a model that uses the abstractive training system to improve the extractive

labelling training time. The model has also intuitive visualization feature that allows to



illustrate the decisions made by the model. Yousefi-Azar & Hamey (2017) generated a
deep neural network model with encoders. The model calculates the term-frequency as a
feature space to feed the neural network model. Furthermore, the study also investigated

the impacts of adding random noises in feature space summarization results.

Then, in the study of Al-Sabahi, Zuping, & Nadher (2018), they mimicked the structure
of the input document to be able to yield better results. Furthermore, the model also
computes the probability of the sentence-summary relations to decide on which part it
should pay attention to. Next, as an iterative process, Chen et al. (2018) introduced a model
that passes over the document multiple times to reach better summarization results.
Besides, the model contains a selective reading mechanism that decides on which part of
the summarization should be updated over the iterations. Furthermore, in the study of
Jadhav & Rajan (2018), the model detects the important sentences and the key words on
the document then use them to create summaries. The model computes the relations
between the sentences and the keywords with the two-level pointer network-based
architecture. Also, Khatri, Singh, & Parikh (2018) proposed that the seq2seq models
should be feed by contextual information before starting the encoding of the input.
Through this approach, they aimed to have more relevant summarization results to the

context.

As a multi-objective analysis, Sanchez-Gomez, Vega-Rodriguez, & Pérez (2018)
presented a MOABC-based approach to optimize the extractive text summarization
process. The optimization process focuses the following areas information extraction and
removing redundant information. Sinha, Yadav, & Gahlot (2018) proposed a data-driven
approach using neural networks in which the model divides the document into chunks in
a fixed size, and then it feeds the network with the chunks. Wu & Hu (2018) presented a
two-phase model. The first model detects the cross-sentence semantics and the syntactic
coherence relations. Then, the output of the first model is given as input for the Reinforced
Neural Extractive Summarization (RNES) model. The second model optimizes the

coherence and prioritizes the sentences for the summary.



As of 2019, Brito, Lubbering, Biesner, Hillebrand, & Bauckhage (2019) carried out a
recurrent neural-network-based model to decide on whether the sentence of the input text
belongs to generated summary or not. Then, Keneshloo, Ramakrishnan, & Reddy (2019)
applied transfer learning in their study. They presented a reinforcement neural network
model enhanced with a self-critic policy gradient approach. Lierde & Chow (2019)
proposed a graph-based text summarization model that treats the nodes as sentences and
topics. The topics are extracted as relations between the sentences in which a probabilistic
model was carried out. Liu & Lapata (2019) provided a model that is based on BERT
(Devlin, Chang, Lee, & Toutanova, 2019) for the document summarization. The model
can extract the semantics of a document and find the sentence references. Furthermore,
with the help of the two-staged fine-tuning part, generated summary quality is increased.
Moreover, a statistical model that ranks the sentences by their assigned weights was
proposed by Madhuri & Kumar (2019). In this study, highly ranked sentences are selected
to the summarized document. Xu & Durrett (2019) proposed an extraction model with a
compression algorithm that decides on which part of the document should be removed.
Lastly, Xu, Gan, Cheng, & Liu (2019) generated a graph-based BERT model. The graph
part of the model aims to find the long-range sentence dependencies to reduce redundant

words/sentences in the summary.

As of 2020, Bhargava & Sharma (2020) implemented paraphrase detection to conclude
that whether a sentence is related to summary or not. The algorithm of Elbarougy, Behery,
& EIl Khatib (2020) fundamentally consider the document as a graph and hence the
sentences as the vertices. A new algorithm named as Modified Rank algorithm is
implemented to the generated graphs. The leading study to integrate supervised and
unsupervised learning algorithms with each other is the study of Ghodratnama, Beheshti,
Zakershahrak, & Sobhanmanesh (2020) where they generated an extractive model
regarding a dynamic feature weighting. While a genetic algorithm based lexical semantic
analysis is implemented by Hernandez-Castaneda, Garcia-Hernandez, Ledeneva, &
Millan-Hernandez, 2020, a distributional semantic model for ranking is developed by
Mohd, Jan, & Shah, 2020. Sanchez-Gomez, Vega-Rodriguez, & Pérez, 2020 is presented



a multi-objective artificial bee colony (MOABC) based extractive text summarization. A
novel aproach with maximum independent sets for extractive text summarization is
proposed by Uckan & Karci, 2020.

A summary table for the studies related to the extractive text summarization algorithms

is given in Appendix A in chronological order.

2.2.2 Abstractive Text Summarization Studies

In 2015, the studies of Lopyrev (2015) and Rush, Chopra, & Weston (2015) are
published. Lopyrev (2015) proposed an encoder-decoder RNN with an LSTM model that
generates summaries using only the first 50 words of an input text. The model produces a
succinct summary from the first fifty words which is mostly correct grammatically. The
study states that simplified attention mechanism performs better than complex attention
mechanisms. Rush et al. (2015) also presented an attention-based model incorporating
with a probabilistic model which results with more accurate summaries. Since the model
is simple, the training process can be readily adapted to a huge amount of training input.
The proposed model of Rush et al. (2015) is open for grammatically improvement and

adaptation for long texts such as paragraphs.

Chen, Zhu, Ling, Wei, & Jiang (2016) presented an attention-based model combined
with a distraction model that leads to focusing on different parts of the source text. The
distraction model enables the model to embrace the more general meaning of the source
text. The output of the study shows that the distraction model helps to achieve novel
results, especially on the long length documents. Followingly, an attention-based encoder-
decoder model which has novel performances on two different corpora proposed in the
study of Nallapati, Zhou, Santos, & Xiang (2016). The model resolves crucial concerns in
summarization, such as modeling keywords, finding the relation between sentence and
word, revealing words that unknown words during training. The study also contributes to
the literature with a new dataset, to be used in the evaluation of other studies. Next, an
attention-based encoder-decoder model that leverages structural syntactic and sematic

information which is named as Abstract Meaning Representation (AMR) was proposed



by Takase, Suzuki, Okazaki, Hirao, & Nagata (2016). The study illustrates that Abstract
Meaning Representation (AMR) helps to obtain improved results on the summarized texts.
As new features, two additional instruments (Read Again & Copy Mechanism) those alter
the problems of encoder-decoder models are introduced to the literature by Zeng, Luo,
Fidler, & Urtasun (2016). “Read Again” model waits to process input words until the input
sequence is processed completely. “Copy Mechanism” allows handling non-dictionary

words which improves process time and decreases the vocabulary size.

As a user friendly study, Fan, Grangier, & Auli (2017) presented a model that enables
users to decide summarization result attributes such as length, style, entities etc. The study
also compares how the summarization attributes affect the results of ROUGE scores. As
an extended study, it is revealed that the model of Kuremoto, Tsuruda, Mabu, & Obayashi
(2017) is an improved version of the study of Rush et al. (2015) in two-fold. The first one
is the proposed model of Kuremoto et al. (2017) carries out the recurrent neural networks
instead of the regular neural networks. The second one is that the output text length is
adjustable. Then, a sequence-to-sequence model with deep recurrent generative decoder
is proposed by Li, Lam, Lidong, & Wang (2017) in which they leveraged the latent
structure modeling. The latent variables and the deterministic states play role in the output
summaries. Furthermore, a proposal of a coarse-to-fine attention model which improves
the speed for long inputs such as documents is presented by Ling & Rush (2017). The idea
of this study is to process the whole input with coarse attention to determine the most used
parts of the input and to apply fine attention to them while generating the summary.

Another different study is that Nema, Khapra, Laha, & Ravindran (2017) presented a
query-based summarization model with two addition models which are query attention
model and diversity-based attention model, respectively. Query attention model learns
how and when pay attention to text portions. Diversity based attention model tries to alter
repetitive portions in output. Moreover, a multi-task learning model that shares decoder
parameters with entailment generation model introduced to prevent non-related
information in the summary by Pasunuru, Guo, & Bansal (2017). Later, Paulus, Xiong, &

Socher (2017) generated a new intra-attentional neural network model that pay attention



over the input text and summarizes separately. Furthermore, the model combines the
supervised word prediction with the reinforcement learning. Then, See, Liu, & Manning
(2017) proposed regular sequence-to-sequence neural networks with two main additions.
Firstly, hybrid pointer generator network was built for copies words from the source text
increase the accuracy of extracted information. Secondly, the coverage methodology was
proposed to overcome the repetition in the summarized texts. Thus, they proposed the

pointer generator sequence-to-sequence neural networks.

Tan, Wan, & Xiao (2017) analyzed the challenging parts of the abstractive text
summarization with neural networks. Consequently, graph-based attention model has
been proposed in the encoder-decoder model. The outputs of the study demonstrate that
the model has considerable results with respect to novel summarization methods. After
that, a proposal of sequence-to-sequence model with selective encoding was provided by
Zhou, Yang, Wei, & Zhou (2017) where the selective encoding model consists of the

sentence encoder, the selective gate networks and the attention-based decoder.

As of 2018, several research on abstractive text summarization has been performed, as
well. André, Claudiu, Andreea, & Michael (2018) introduced a diverse beam search
approach to improve the neural network loss on the training process. Furthermore, the
study also introduced a new metric that measures the extracted text ratio from the input
data. Celikyilmaz, Bosselut, He, & Choi (2018) presented an encoder-decoder
architecture-based model to summarize the long texts. In the encoder part of the study, the
long text is divided into the agents that communicates with each other. Each agent is
responsible for a part of a text. Chen & Bansal (2018) proposed two stepped
summarization methods named as selecting important sentences and rewriting selected
sentences. Those steps are distinct, so to connect steps respectively, sentence level policy
gradient method proposed. Furthermore, long text processing speed boosted up thanks to
parallel decoding. Additionally, Cohan et al. (2018) implemented an early abstractive text
summarization model for long inputs such as scientific papers. The proposed model
contains novel hierarchical encoder and attentive discourse-aware decoder to construct

summary. Later, to explore solutions for poor content selection during the summarization

10



process a model has generated by Gehrmann, Deng, & Rush (2018). In their study, a data-
efficient content selector was carried out to decide phrases that mostly used in the input
text. Furthermore, the content selector part combined with the bottom-up attention model

led to improvements on the ROUGE results.

Hsu et al. (2018) generated an extractive and abstractive combined summarization
model where the sentence-level attention is used to generate word-level attention to
eliminate less attended sentence to be used on the summarized text. Furthermore, new
inconsistency loss function to achieve more reliable summarized text. Jiang & Bansal
(2018) tried to improve the memorization capabilities without using the attention and the
pointer mechanisms. Hence, they produced a ‘closed book’ decoder which enforces the
encoder part to be more selective. Kryscinski, Paulus, Xiong, & Socher (2018) carried out
a model to decompose the decoder into a contextual network to reveal related parts of the
original text. Moreover, a new metric which is optimized directly to enforce state of the
art phrases generation was proposed. Another important study is the study of Li, Bing, &
Lam (2018). In this study, an actor-critic based-approach training framework was
implemented to increase quality of summaries. The actor is a regular attention-based
sequence to sequence framework. The critic consists of combination of the maximum
likelihood estimator with global summary quality estimator. Followingly, Li, Xu, Li, &
Gao (2018) generated a generation model that combines extractive and abstractive
methods. The key concept is the control of the process of generation to prevent the
information loss. To achieve that, Key Information Guide Network (KIGN) which
encodes the keywords to key information representation has been created. After that, an
information controller which positioned between encoder and decoder part was presented
by Lin, Sun, Ma, & Su (2018). The introduced controller aims to enhance the quality of
the inferences from the input text.

Another significant research has performed by Liu et al. (2018). Liu et al. (2018)
propounded two independent models called Generative Model G, Discriminative Model
D which are trained simultaneously. Generative model is an instance of reinforcement

learning, which takes the input and generates the abstractive summarization.
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Discriminative model tries to differentiate the generated summary from the real summary.
The study achieves meaningful ROUGE scores over the other novel models on
CNN/Daily Mail dataset. Subsequently, Pasunuru & Bansal (2018) introduced two new
reward functions via reinforcement learning to achieve a better summarization rate,
considering the following three important features such as maintaining saliency, directed
logical entailment, and non-redundancy. Furthermore, the study of Wang et al. (2018)
proposed a combined model that assembles the convolutional sequence-to-sequence
(ConvS2S) model and the self-critical sequence training (SCST) model, and it aims to

improve the coherence, the diversity, and the quality of the summarized text.

Regarding the recent studied on the abstractive text summarization methods, Bae, Kim,
Kim, & Lee (2019) generated a model that merges the extractive and the abstractive
summarization methodologies. The extractive part of the model selects the significant
sentences to be used by the abstractive part. Furthermore, the abstractive model has built
with the reinforcement learning to increase the summarization quality. In addition, BERT
is also integrated into the model. Further, an unsupervised abstractive text summarization
model with denoising autoencoder model was produced by Liu, Chung, & Ren (2019).
Furthermore, various self-supervised pre-training methods are integrated into model to
improve its performance. As a combination of abstractive and extractive methods,
Subramanian, Li, Pilault, & Pal (2019) proposed a model that combines extractive and
abstractive text summarization methods for the lengthy sequenced texts. In the model, the
extractive step is followed by the abstractive model which generates the summarized text.
Thanks to model, the summarized text contains less likely copied text from the original

text.

Next, Gunel, Zhu, Zeng, & Huang, (2020) proposed a transformer encoder-decoder
model that improves coherency in summaries. Liang, Du, & Li, (2020) is aimed generate
a solid summary for the social media text (i.e. Twitter) with selective reinforced encoder-
decoder model. Liao, Zhang, Chen, & Zhou (2020) carried though a model which is a

combination procedure derived from the transform model to resolve the long text
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representation. The presented model can hold more memory on encoder part thanks to the

analysis on the previously processed information.

As another recent study, (Moirangthem & Lee, 2020) proposed a temporal hierarchical
pointer generator to overcome lengthy sequence of texts. Furthermore, Yang et al., (2020)
presented a novel model that generates meaningful information, coherent summaries and
grammatically correct. Later, transformer-based encoder-decoder with self-supervised

objective model was produced by Zhang, Zhao, Saleh, & Liu, (2020).

A summary table for the studies related to the abstractive text summarization

algorithms is given in Appendix B in chronological order.

Apart from the aforementioned studies, there are several research articles performing
literature survey on text summarization (Bharti & Babu, 2017; Shi, Keneshloo,
Ramakrishnan, & K. Reddy 2021). Bharti & Babu (2017) categorized the studies as simple
statistical approach, linguistic approach, machine learning approach and hybrid approach
in terms of the type of approach. Then, in terms of the type of domain, they have
summarized as radio news, journal articles, technical reports, and newspaper articles, etc.
Furthermore, Shi, Keneshloo, Ramakrishnan, & K. Reddy (2021) performed a survey on
the article regarding their model approach, metric used, and the datasets.

2.2.3 Text Summarization Studies for Turkish

The first study on Turkish text summarization is the study of Altan (2004). Altan (2004)
provided a statistical-based system that contains five different modules. The system
analyses the words, the sentences, and the paragraphs received in the input document with
the pre-calculated weights. Then, Karakaya & Gulvenir (2004) proposed a study for the
automatic report generation that contains both categorization and summarization. In the
initial step of the algorithm, the given document is classified by the given topics. Then the
categorized documents are summarized. After that, the summary adds to the generated
report. As another early study on Turkish, Uzundere et al. (2008) weighted the sentences

according to various features such as title, keywords, positive/negative words, etc. Then,
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the summary of texts is obtained based on the users’ summary percentages. At the end,

55% success rate has obtained.

One of the leading studies for text summarization in Turkish language is the study of
Kutlu, Cigir, & Cicekli (2010). They proposed a generic text summarization methodology
which integrates an extraction method over sentences, where they focus on some
important surface-level document features such as terms frequency, title similarity, key
phrases, sentence position and centrality. Since this study is one of the leading studies in
the Turkish summarization literature, the requirement of data creation was inevitable.
Hence, they have generated 2 different datasets: the first one consists of 120 newspaper
articles and the other consists of 100 Turkish journal articles. While comparing the
performance of the proposed system, ROUGE-1,2, L and W scores are carried out. At the
same year, Ozsoy, Cicekli, & Alpaslan (2010) integrated two new algorithms, called Cross
and Topic methods, to the latent semantic analysis. They compared the performance of
their algorithms with well-known algorithms for text summarization and conclude that

Cross method outperforms than the others in terms of ROUGE-L F-measure score.

Giiran, Bayazit, & Giirbiiz (2013) introduced a hybrid summarization method for
Turkish to incorporate 5 structural features (length, position, title, frequency, class
relevance) and 3 semantic features (relevance to each topic, relevance to overall topic,
relevance to other sentences). The aim of this study is to achieve an overall score function
with the integration of all features. While achieving the overall score function, the weights
of the features are obtained by two algorithms: Analytical Hierarchy Process, where
weights are calculated by manually, and Artificial Bee Colony algorithms, where the
weights are automatically learned. The proposed algorithms are carried out in a newly
introduced Turkish corpus (110 news documents) and the results show that the
contribution of integration of features is an advantageous way rather than analyzing the

features individually.

Hatipoglu & Omurca (2015) studied a hybrid method where they incorporate statistical
scoring sentences and latent semantic analysis. The same authors developed a mobile

Turkish summarization system where the structural features (length, position and title),
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latent semantic analysis based features (cross method and meaningful word-set method),
and Wikipedia based semantic features (counting keywords) are integrated Hatipoglu &
Omurca (2016). The cross method that they incorporated is the method of Ozsoy et al.
(2010). Next, Demirci, Karabudak, & llgen, (2017) studied on producing a single
document summary for multi-document news where they carried out the term frequency
(TF) to score the documents. Namely, the sentences which have higher importance are to
be selected. The system has 43% success rate. As another extraction based text
summarization study, Torun & Inner (2018) has also used the term frequency (TF)
methodology. In this study, the news articles are summarized, and then the similarity ratio
is calculated between the summarized texts.

Later, Dogan & Kaya (2019) proposed an LSTM model followed by a LSA model to
summarize the texts. The LSTM part of the study is used for sentiment analysis which is
a classification problem. In the study of study Hark, Uckan, Seyyarer, & Karci (2019),
they proposed a model that represents text as graphs. In the study, the input sentences are
represented as nodes, so edges are interpreted as structure of the input text. Furthermore,
(Karakoc & Yilmaz, 2019) studied the abstraction text summarization with an encoder-
decoder model. The study is aimed to generate the headlines for the news articles. The

model trained with Kemik Haber Dataset and results evaluated with ROUGE-1 score.

In Turkish, 13 studies for the text summarization methods have been analyzed,
categorized as provided in Appendix C. Only one abstractive study (Karakoc & Yilmaz,
2019) is encountered in Turkish text summarization literature. Thus, there is a gap in the

literature in abstractive text summarization for Turkish.

2.3 Evaluation of Related Works

It has been revealed that the text summarization research area has gaining attention of
the researchers all around the world since there is a quite big demand on the text
summarization. As a result, academics have been more likely to deal with text
summarizing systems in all languages in recent years. Researchers tended to generate

advantageous and user-friendly automatic text summarization methods since people want
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to reach the summary of texts quickly and instantly while encountering hard to read and
long written texts. As seen in Section 2.2, several studies have been conducted mostly in
English. 29 studies for the extractive text summarization and 39 studies for the abstractive
text summarization methods have been analyzed, categorized, and investigated during the
literature review on the summarization in Sections 2.2.1 and 2.2.2, respectively. In
addition, 2 survey papers have been explored. The analyzed abstractive and extractive text
summarization studies for English and other languages are summarized by indicating their
architectures, used data sets and score functions are given in Appendices A and B,

respectively.

On the other hand, less studies have been performed on Turkish language, as illustrated
in Appendix C, and explained in Section 2.2.3. In Turkish, 13 studies for the text
summarization methods have been listed in Appendix C. According to Appendix C, the
ones in Turkish language focuses on latent semantic analysis, namely feature extraction
methods, while a few of them focuses on encoder-decoder mechanisms. To the best of our
knowledge, an abstractive deep neural network method has been performed for Turkish
language in only one study (Karakoc & Y1lmaz, 2019). Thus, there is a gap in the literature

in abstractive text summarization for Turkish.
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CHAPTER THREE
TEXT SUMMARIZATION DATASETS AND METHOD

3.1 Datasets

Labeled data set constitutes a substantial part of the supervised machine learning
models. In the text summarization models, the labeled data contains the original text and
the summarized text. There are a plenty of well conducted studies for English listed in
Table 3.1 and well-known datasets are explained briefly in Section 3.1.1. Although there
are capable datasets for other tasks in Turkish language, which are demonstrated in Table
3.2, none of them contains the summarized text of the original text. These datasets are

explained in Section 3.1.2.

3.1.1 Datasets in English

There are multiple natural language datasets, which serves for the different purposes.

The list of the datasets for English together with their resources are presented in Table 3.1.

Table 3.1 Datasets in English

Dataset Resource URL

AESLC https://github.com/ryanzhumich/AESLC
Big Patent https://evasharma.qgithub.io/bigpatent
BillSum https://github.com/FiscalNote/BillSum

CNN / Daily Mail Dataset

https://github.com/abisee/cnn-dailymail

Cornell Newsroom

http://lil.nlp.cornell.edu/newsroom/index.html

Covid19Sum

https://www.kaggle.com/allen-institute-for-ai/CORD-19-research-

challenge

Document Understanding
Conferences (DUC) Dataset

https://duc.nist.gov/data.html

Extreme Summarization (XSum)

https://github.com/EdinburghNLP/XSum/tree/master/XSum-

Dataset Dataset
Gigaword https://github.com/harvardnlp/sent-summary
Multi-News https://github.com/Alex-Fabbri/Multi-News
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Table 3.1 Datasets in English (Continues)

Dataset Resource URL

Newsroom https://summari.es/

Opinion Abstracts http://www.ccs.neu.edu/home/luwang/data.html
Opinosis http://kavita-ganesan.com/opinosis/

Reddit Tifu https://github.com/ctr4si/MMN

Samsum https://arxiv.org/src/1911.12237v2/anc

Scientific Papers https://github.com/armancohan/long-summarization

Text Analysis Conference (TAC) Dataset | https://tac.nist.gov/

Webis-Snippet-20 https://webis.de/data/webis-snippet-20.html
Webis-TLDR-17 https://zenodo.org/record/1168855
WikiHow https://github.com/mahnazkoupaee/WikiHow-Dataset

e CNN/ Daily Mail Dataset: CNN / Daily Mail Dataset consists of news articles
from CNN and Daily Mail with their summarization. This is the most used for text
summarization studies among the datasets (“CNN / Daily mail dataset,” n.d.).

e Document Understanding Conferences (DUC) Dataset: Document
Understanding Conferences (DUC) is a series of conferences had been run annually
between 2001 and 2007. The conferences organized by National Institute of Standards and
Technology (NIST). These conferences were the forum for the researchers who studies in
automatic text summarization to compare their methods and results on the common
dataset. The dataset can be requested through their system (“Document understanding
conferences datasets - past data,” n.d.).

e Text Analysis Conference Dataset: In 2008, Text Analysis Conference (TAC)
has been established from Document Understanding Conferences (DUC) and the Question
Answering Track of the Text Retrieval Conference (TREC). TAC is also sponsored by
NIST. The dataset has the same format with DUC dataset (“Text analysis conference
(TAC) dataset,” n.d.).

e Webis-Snippet-20: The Webis Abstractive Snippet Corpus 2020 (Webis-Snippet-
20) contains 10 million web page/abstractive snippets pairs (“Webis-Snippet-20 dataset,”
n.d.).
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e Webis-TLDR-17: The Webis TLDR Corpus (2017) consists of text and summary
pairs from the Reddit dataset. The dataset contains roughly 4 million data collected
between 2006-2016. The dataset is one of the first datasets from social media in English.

The dataset is targeted for deep learning models (“Dataset for generating TL;DR,” n.d.).

3.1.2 Datasets in Turkish

There are multiple natural language datasets for Turkish, which serves for the different
purposes. The list of the datasets for Turkish together with their resources are presented
in Table 3.2.

Table 3.2 Datasets in Turkish

Dataset

Resource

TTC-3600: A new benchmark dataset for Turkish

text categorization

https://github.com/denopas/TTC-3600

Turkish Datasets from Kemik — Yildiz Technical

University

http://www.kemik.yildiz.edu.tr/

Turkish Sentiment Dataset

http://www.baskent.edu.tr/~msert/research/datase
ts/SentimentDatasetTR.html

English/Turkish Wikipedia

Recognition and Text Categorization Dataset

Named-Entity

https://data.mendeley.com/datasets/cdcztymf4k/1

TS Corpus

https://tscorpus.com/

1B Tokens Turkish Corpus and Turkish word

vectors and analogical reasoning task pairs

https://github.com/onurgu/linguistic-features-in-

turkish-word-representations/releases

METU-Sabanci Turkish treebank

http://tools.nlp.itu.edu.tr/Datasets

Turkish Paraphrase Corpus (TuPC)

https://osf.io/wp83a/

Turkish Product Reviews

https://github.com/fthbrmnby/turkish-text-data

e TTC-3600: A new benchmark dataset for Turkish text categorization: The
dataset has been used for text classification. The dataset has 600 different news articles in
6 different areas such as economy, sport, culture-art, politics, health and technology

(“TTC-3600: A new benchmark dataset for Turkish text categorization,” n.d.).
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e Turkish Datasets from Kemik — Yildiz Techincal University: Kemik is a
Natural Language Processing group that studies at Yildiz Techincal University. The group
has various datasets serve in different areas such as classification, n-gram analysis,
document similarity (“Turkish Datasets from Kemik — Y1ldiz Technical University,” n.d.).

e Turkish Sentiment Dataset: The data is collected by crawling Turkish tweets to
use in sentiment analysis (“Turkish sentiment dataset,” n.d.).

e English/Turkish  Wikipedia Named-Entity Recognition and Text
Categorization Dataset: The dataset is obtained from Turkish and English Wikipedia
pages for the purpose of text categorization and named-entity recognition
(“English/Turkish Wikipedia named-entity recognition and text categorization dataset,”
n.d.).

e TS Corpus: TS Corpus is an independent project that contains multiple corpora for the
different objectives (“TS Corpus dataset,” n.d.).

e 1B Tokens Turkish Corpus and Turkish word vectors and analogical
reasoning task pairs: The dataset contains word pairs and word vectors (“1B Tokens
Turkish corpus and Turkish word vectors and analogical reasoning task pairs,” n.d.).

e METU-Sabanci Turkish treebank: The purpose of the dataset is to serve as the
test set of the CONLL-XI shared task (“METU-Sabanci Turkish treebank dataset,” n.d.).

e Turkish Paraphrase Corpus (TuPC): The corpus contains 1270 text and
paraphrases pairs that had been checked semantically (“Turkish paraphrase corpus,” n.d.).

e Turkish Product Reviews: The dataset contains 235000 product reviews from

various vendors (“Turkish product reviews,” n.d.).

3.2 Encoder-Decoder Sequence to Sequence (Seq2Seq) Model

Sequence-to-Sequence (Seq2Seq) model is introduced by Sutskever, Vinyals, & Le,
(2014) by Google. The idea behind this model is converting the information from one
domain into another domain. For example, Google translate uses Seq2Seq models to
translate a sentence to another language. The model is useful when the input and output

has a fixed length. However, real world examples do not have fixed inputs and outputs,
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thus, encoder-decoder architecture has developed. Mostly, the preferred recurrent units in
the Seq2Seq models are Long-Short Term Memory (LSTM) or Gated Recurrent Units
(GRU) (Sutskever et al., 2014).

The encoder layer is a Recurrent Neural Network (RNN) that process the input
sequence and returns an internal state. The output of the encoder layer does not used by
the decoder layer; however, it acts as the initial hidden state of the decoder layer. The
input words are represented as x; where i is the order of the word. Hidden states for the

neurons are represented as h; and calculated by Equation (3.1) of Sutskever et al. (2014).

h, = ]r(]/y(hh)ht_1 + W(hx)xt) (3.1)

The decoder layer is also an RNN that trained to predict the next characters of the target
sequence. The decoder uses the hidden state and the cell state of encoder layer to predict
the next word in the target sequence. The outputs are represented as y; which are a
collection of words from the answers. The output at any i*" step is computed by Equation
(3.2). Hidden states for the decoder neurons are computed by Equation (3.3) of Sutskever
etal. (2014).

y: = softmax(WSh,) (3.2)

he = f(W(hh)ht—l) (3.3)

The figure of general Seq2Seq architecture for text translation is depicted in Figure 3.1.
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Figure 3.1 General Seq2Seq Architecture for Text Translation

QUTPUT

In the figure, the Turkish sentence “Bugiin hava ¢ok giizel” is translated to English, as

“The weather is very nice today”. As it can be seen from figure, the input and the output

sizes are different.
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CHAPTER FOUR
TR-SUM: A TEXT SUMMARIZER FOR TURKISH

4.1 General Overview of “TR-Sum: A Text Summarizer for Turkish”

“TR-Sum: A Text Summarizer for Turkish” contains three different models that

trained and evaluated separately. The general flow of the system is given Figure 4.1.

‘ Start ‘

i

‘ Data Collection ‘

i

‘ Data Preprocessing ‘

i

‘ Model Training }Q |

| Farameter .
Optimization

‘ Evaluation |

J,-,

‘ Results ‘

J;

‘ Stop ‘

Figure 4.1 Flow Chart of TR-Sum: A Text Summarizer for Turkish

The data collection process and the collected dataset (TR-News-Sum) are described in
Section 4.2. Then, the data pre-processing is explained in Section 4.3. Finally, three
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different deep neural network models for Turkish are represented in Section 4.4. These
models are (i) Attention Based Seq2Seq Neural Networks, (ii) Pointer Generator Seq2Seq

Neural Networks and (iii) Reinforcement Learning with Seq2Seq Neural Networks.

4.2 TR-News-Sum Dataset

To be able to implement effective text summarization systems, a dataset constituting
original texts and their summaries is a must. In other words, there should be a reference
dataset where the summaries for the long-sized texts exist and are reachable so that the
text summarization systems can be applied to the dataset. In this thesis, news texts are
carried out as the input data. The collaboration had been done with the Journalism
Department, Faculty of Communication, Ege University to collect data. A website is
developed to collect the news texts and the related summarized news texts from the
Journalism Department students. The website is accessible through the link:
“http://txtsum.cs.deu.edu.tr/Account/Login”. A screenshot of the user interface of the data

collection system is given in Figure 4.2.
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Figure 4.2 A Screenshot of the Data Collection System

The data collection system proceeds as follows. The system users (students) are
registered by the authorized person, i.e., Professor in the Journalism Department. The
users must fill the following mandatory fields: main text, summarized text, headline,
category, link (if exists), and publication date as depicted in Figure 4.2. The collected data
saved into the database then exported as csv file format to use for training. Database

schema is given in Figure 4.3.
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150 news texts and their summarizations are collected via the system. These data are
used to evaluate and compare the performance of the neural network models proposed in
this thesis. In the future, the data collection process can be evaluated as another study to

contribute to the Turkish dataset literature.

Five different examples of the collected data from the TR-News-Sum dataset is
provided in Appendix D.

4.3 Data Pre-Processing

Preparing data is an important step to get better results from the deep neural network
models. Data preprocessing contains two phases: (i) cleaning, and (ii) generating look up

dictionary with pre-trained word embeddings. General flow of the data pre-processing is

given Figure 4.4.
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Figure 4.4 Flow Chart of Data Pre-Processing
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(i) Cleaning:

This phase is carried out to remove the undesired characters, i.e., HTML encoded
characters (i.e., &, %20, etc.), excessive spaces, and stop words. Different stop words are
listed in Table 4.1. Namely, it is the formatting phase of the texts. One advantage of this
process is that fewer null embeddings will be created.

Table 4.1 Stop Words

{'niye', 'her', 'ama’, 'biri, 'ile', 'kez', 'bu’, 'nigin’', 'yani', 'ya', 'en’, 'hi¢', '¢ok’, 'siz', 'nasil', 'sey’, 've', 'birkac’,
'ise', 'aslinda', 'da’, 'baz1', 'hep', 'acaba', 'nerde', 'de', 'belki', 'biz', 'diye', 3'kim', 'nereye’, 'mi’, ‘o', 'icin’,
'sanki', 'ki', 'veya', 'mu’, 'neden’, 'birsey’, 'm1', 'daha’, 'hem’, 'tim', 'nerede’, 'defa’, '¢iinki', 'su’, 'hepsi', 'az',

(ii) Generating Look up Dictionary with Pre-trained Word Embeddings:

The neural network models cannot be fed by actual words; thus, words must be
converted to the numbers. Initially, the lookup dictionary is generated where each word is
represented as a number. The numbers are dependent on the frequency of the word in the
corpus. Furthermore, special tokens are added. <EOS> (End of Sentence) and <SOS>
(Start of Sentence) tokens are crucial for the neural network models. Additionally,
Pad(<PAD>) token is also introduced, because all summaries and texts in a batch must be
in same length. Next, the pre-trained word embeddings from ConceptNet-Numberbatch

and fastText are used to increase the training speed and the accuracy.

e ConceptNet-Numberbatch:  ConceptNet-Numberbatch is the part of
the ConceptNet open data project. ConceptNet is a graph that uses the labelled edges to
connect sentences and words. ConceptNet-Numberbatch is a snapshot of just the word
embeddings. ConceptNet-Numberbatch contains 51308 unique words for Turkish
language. (Speer, Chin, & Havasi, 2017)

o fastText: fastText is a library for efficient learning of word representations and
sentence classification. Pre-trained word embeddings have been generated by Common
Crawl and Wikipedia using fastText for 157 languages along with Turkish language.
(Mikolov, Grave, Bojanowski, Puhrsch, & Joulin, 2017)
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Lastly, the input words are constrained by the following criteria: either word exists in
the word-embeddings, or the word occurs in the input more than 10 times. The words
those do not meet the criteria are tokenized as <UNK> (Unknown Words). The reason for
this approach is that less frequent words must be eliminated to increase the summarization
quality. The characteristics of the “TR-News-Sum” dataset can be seen Table 4.2. An
example for the input can be seen at Table 4.3. The left part of the Table 4.3 shows the

input text while the right part of it represents the input vector of the text.

Table 4.2 The Characteristics of the “TR-News-Sum” Dataset

Number of Words 39709
Number of Unique Words 13887
Number of Words Used in Model 3432
Percentage of Used Words %24.70
Total Number of <UNK> 18341
<UNK> Words Ratio %46.24

Table 4.3 An Example from Dataset as Input Vector

['<SOS>', 'twitter', 'calisanlarina’, 'koronaviriisiin',

'vayilmasmi',  'durdurmak’, ‘i¢in', 'evden',

'caligmalarint’, 'sdyledi', 'twitter', 'm', 'kurucusu',

Yack', 'dorsey', 'uzun', ‘'zamandir, ‘'uzaktan',

\

'caligma’, 'is', 'modelini', 'destekledigini', ‘'ve',

'kasim', 'ayinda', 'bu', 'yilin', 'altr', 'aya', 'kadar’,
'afrika', 'da',

'planladigint’, 'agikladr’, '<KEOS>']

'olan’, 'kismint, 'gecirmeyi’,

[397, 208, 2097, 3000, 110, 3001, 5143,
1599, 102, 5144, 8, 153, 186, 312, 5145, 3014,
7, 5146, 287, 2098, 5, 703, 10, 5147, 808, 704,
1601, 254, 1277, 5148, 64, 154, 36, 5149, 2099,
1602, 254, 5150, 5151, 3015, 33, 125, 5152,
2100, 208, 1283, 4, 3016, 2087, 5153, 9, 701,
134, 193, 207, 803, 155, 564, 31, 267, 5154,
5155]

4.4 The Proposed Neural Network Models for Turkish Text Summarization

Three abstractive text summarization models are proposed in this thesis.

(i) Attention Based Seq2Seq Neural Networks

(if) Pointer Generator Seq2seq Neural Networks

(iii) Reinforcement Learning with Seq2Seq Neural Networks

29




(1) Attention Based Seq2Seq Neural Network
Firstly, the idea of Attention Based Seq2Seq Neural Network of Yu, Yue, & Wang

(2017) is adapted for Turkish language and applied to the TR-News-Sum dataset. The

architecture of the Attention Based Seq2Seq Neural Network is provided in Figure 4.5.

INPUT
VECTOR ENCODER RNN LAYER
1
RNN Cell  ——» L > n
Xz '
H L e
INPUT TEXT ————>! J [ 1
X
[EEnY BN Lo by
v
L BN =,
Attention Distribution ——{ Sy }—,{ SRy
OUTPUT
TARGET VECTOR
VECTOR DECODER RNN LAYER Sotm
[
1 iz
RNN Cell  —— L il
vz 72
Lal
HUMAN i " J [ 1 i
SUMMARIZED ————»}
TEXT ¥a b SUMMARIZED
z v
. L L > n

Figure 4.5 Architecture of the Attention Based Seq2Seq Neural Network

In this model, the input data is passed to the encoder layer initially. The output of
encoder layer is called as “context vector”. Then, the “context vector” passed on the
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decoder layer to generate output sequence. In this step, Bahdanau Attention Mechanism
that is provided by Bahdanau, Cho, & Bengio (2014). Instead of attempting to learn a
single vector representation for each sentence, the model is trained to focus on various
input vectors in the input sequence based on attention weights. During the training
process, the decoder layer updates the attention mechanism to adjust weights. These
attention weights provide contextual information to the decoder for translation.

(ii) Pointer Generator Seg2Seq Neural Network

As second model, the idea of Pointer Generator Seq2Seq Neural Network model of See
et al. (2017) is adapted for Turkish language and applied to the TR-News-Sum dataset.
The architecture of the Pointer-Generator Seq2Seq Neural Network is provided in Figure
4.6.
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Figure 4.6 Architecture of the Pointer Generator Seq2Seq Neural Network

The model has the option of copying words from the source via pointing while yet
being able to generate words from a preset vocabulary. This brings two major benefits to
the model. Firstly, the model can handle unseen words while also allows to use a smaller
vocabulary. Secondly, the model makes less cost to clone words from the input text. At

each decoder step, a generation probability (Pgen € [0,1]) is calculated. The decoder
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weights are adjusted according to the Pgen value. The final distribution, which is the

prediction, is weighted and totaled from the vocabulary and attention distributions.

(ili)) Reinforcement Learning Based Seq2Seq Neural Network Model (Deep

Reinforcement Learning for Sequence-to-Sequence Models)

As another approach, the idea of Reinforcement Learning Based Seq2seq model of
Keneshloo, Shi, et al. (2019) is adapted for Turkish language and applied to the TR-News-
Sum dataset. The architecture of the Reinforcement Learning Based Seq2Seq Neural

Network Model is provided in Figure 4.7.
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Figure 4.7 Architecture of the Reinforcement Based Seq2Seq Neural Network

33



In this approach, decision making process and LSTM part of the model is powered by
reinforcement learning. The model tries to solve main two problems that occurred on
previous models, exposure bias and inconsistency between the train/test measurement,
Keneshloo, Shi, et al. (2019). The actor-critic model is designed for the resolve the issues.
The actor is a pointer-generator model, and the critic model is a regression model that

optimizes action distribution.
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CHAPTER FIVE
APPLICATION AND EVALUATION OF TR-SUM: A TEXT SUMMARIZER
FOR TURKISH

5.1 Application

The proposed three abstractive text summarization algorithms are applied to the TR-
News-Sum dataset, and it is analyzed for Turkish Language. The pseudocode for the

application of three models is presented below.

Input: Input news text (X) and user summarized news text ().
Output: Trained Attention Based Seq2Seq Model / Pointer Generator Seq2Seq Neural Network /
Reinforcement Learning Based Seq2Seq Neural Network Model.
Training Steps:
for k fold divided input and output sequences (k = 10)
for batch of input and output sequences X and Y do
Run encoding on X and get the last encoder state the
Run decoding by feeding decoder and obtain the sampled output sequence Y".
Calculate the loss according to cross-entropy loss function update the parameters of the
model.
end for
end for
Testing Steps:
for k fold divided input and output sequences (k = 10)
for batch of input and output sequences X and Y do
Use the trained model and argmax function to sample the output Y~
Evaluate the model using a performance measure, e.g., ROUGE
end for
end for

Figure 5.1 Pseudocode of the Models

It is very substantial to mention that the three deep neural network models are studied
with two different word embeddings that ConceptNet-Numberbatch and fastText. The
main reason is that to use two different word embeddings, compare and measure the effect

over the three different models in the Turkish language.

K-Fold cross-validation is used to select the train data and the test data. Moreover, k-
fold cross-validation is also helped to avoid overfitting the trained model. K number is
selected as 10 which is a common value in machine learning applications. The models are

trained on Google Collaboratory. The features of the system are as follows.

35



GPU: 1xTesla K80, compute 3.7, having 2496 CUDA cores, 12GB GDDR5 VRAM
CPU: 1xsingle core hyper threaded Xeon Processors @2.3Ghz i.e. (1 core, 2 threads)
RAM: ~12.6 GB Available

Disk: ~33 GB Available

The application is developed in Python 3.6.9 in Jupyter Notebook. The used libraries
are Numpy, Pandas, Tensorflow (version 1.10.1). Furthermore, Google Colaboratory has
time limitations, thus the model states must be saved on cloud provider, Google Drive.
The saved states are used as a knowledge transfer mechanism between the models to
increase the summarization quality. The parameters of the application are given in Table
5.1. As it can be seen in the table, the parameters are used for controlling the flow of the
system and the performance of the models. The models are trained during 4000 epochs.
However, if there are no loss improvement 40 consecutive epochs, the training process is

stopped early.

Table 5.1 Parameter Settings

Parameter Value
Learning rate decay 0.95
Min learning rate 0.0005
Display step 20
Stop early 0

Stop count 4000
Epoch count 3

5.2 Evaluation

To compare the performance of the three deep neural network models, Recall-Oriented
Understudy for Gisting Evaluation (ROUGE) scores, which are proposed to the literature
by Lin (2004), are carried out. The related studies from the literature, which implements
ROUGE scores as their performance metrics, are given in the Appendices A, B and C.
The evaluation scores of these studies are presented in the last of column of the

Appendices. As it can be seen in the literature review, ROUGE scores are the most
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common used performance metrics in the text summarization literature. Hence, in this
thesis, the proposed three models are evaluated on the collected Turkish dataset based on
the ROUGE-1, ROUGE-2, and ROUGE-L scores. ROUGE-N score computes the n-gram
co-occurrence statistics between the generated summaries of the models and the reference
summaries provided by the dataset. On the other hand, ROUGE-L score computes the
longest common sequence between the generated summaries of the model and the
reference summaries provided by the dataset. To calculate ROUGE-N and ROUGE-L
scores, recall and precision metrics are required to be calculated. Recall metric is
calculated by the ratio of the overlapping n-grams encountered in both summaries divided
by the total number of n-grams in the reference summary of the dataset. Furthermore,
precision metric is calculated by the ratio of the overlapping n-grams encountered in both
summaries divided by the total number of n-grams in the generated summary of the
model. The equations for recall and precision scores are presented by Equations (5.1) and
(5.2), respectively.

# of n — grams found in model and reference (5.1)
#of n— grams inreference
— COUNtmqatch (gramn)
count,.s(gramy)
# of n — grams found in model and reference (5.2)

# of n — grams in model

_ COUNtmqatch (gramn)

Countmodel (gramn)

Then, ROUGE F1 score can be calculated by Equation (5.3).

. precision * recall (5.3)

precision + recall
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If the precision and recall metrics are computed based on 1-gram, then the ROUGE-1
score is obtained. Similarly, if the precision and recall metrics are computed based on 2-
grams then the ROUGE-2 score is obtained.

To calculate ROUGE-L score, recall and precision metrics must be updated as follows.
Instead of calculating the number of n-grams found both in model and reference in the
nominator, the longest common sequence found in model and reference is calculated. The
longest common sequence is the common subsequence of two given sequences with
maximum length (Lin, 2004). Hence, the recall and precision metrics are updated by
Equations (5.4) and (5.5).

Longest common subsequence — LCS(gramy) (5.4)

#of n— grams inreference count,.s(gramy)

Longest common subsequence  LCS(gramy) (5.5)

#of n— grams inmodel  countpge;(gram,,)

Then, the ROUGE-L score can be calculated by Equation (5.3) with recall and
precision values obtained by Equations (5.4) and (5.5).

The average ROUGE-1, ROUGE-2 and ROUGE-L scores for each model by both word
embeddings is reported in Table 5.2.
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Table 5.2 Average Rouge Scores of the Three Neural Network Models

Models
(i) Attention Based (ii) Pointer Generator (iii) Reinforcement

Avg Seq2Seq Neural Seq2Seq Neural Learning Based Seq2Seq
Rouge Network Network Neural Network
Scores
Word
Embedding ConceptNet- ConceptNet- ConceptNet-
Source Numberbatch | fastText | Numberbach | fastText | Numberbatch | fastText
Rouge-1 0.146 0.229 0.147 0.304 0.136 0.283
Rouge-2 0.097 0.281 0.102 0.352 0.090 0.334
Rouge-L 0.112 0.443 0.122 0.477 0.117 0.464

Three different examples of the three proposed deep neural network models from the
TR-News-Sum dataset are provided in Appendix E. Three examples are the good
performing examples based on Pointer Generator Seq2Seq Neural Network. In Appendix
E, firstly, the collected summarized texts are provided. Then, the summarized text
obtained by the three neural network models which are studied with both ConceptNet-

Numberbatch and fastText word embeddings are provided for three different examples.

As it can be seen in Table 5.2, with ConceptNet-Numberbatch word embedding,
Attention Based Seq2Seq Neural Network has values of 0.146, 0.097, and 0.112 for
ROUGE-1, ROUGE-2, and ROUGE-L scores, respectively. Pointer Generator Seq2Seq
Neural Network has values of 0.147, 0.102, and 0.122 for ROUGE-1, ROUGE-2, and
ROUGE-L scores, respectively. Lastly, Reinforcement Learning Based Seq2Seq Neural
Network has values of 0.136, 0.090, and 0.117 for ROUGE-1, ROUGE-2 and ROUGE-L
scores, respectively. Although ROUGE-1 scores are the highest ones among all ROUGE
scores for each model that is studied with ConceptNet-Numberbatch word embedding,

ROUGE-2 and ROUGE-L scores are quite low. Thus, there is enough room to improve
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the performance of the models when are studied with ConceptNet-Numberbatch word
embedding.

As it can be seen in Table 5.2, with fastText word embedding, Attention Based Seq2Seq
Neural Network has values of 0.229, 0.281, and 0.443 for ROUGE-1, ROUGE-2, and
ROUGE-L scores, respectively. Pointer Generator Seq2Seq Neural Network has values
0f 0.304, 0.352, and 0.477 for ROUGE-1, ROUGE-2, and ROUGE-L scores, respectively.
Lastly, Reinforcement Learning Based Seq2Seq Neural Network has values of 0.283,
0.334, and 0.464 for ROUGE-1, ROUGE-2 and ROUGE-L scores, respectively. All
ROUGE scores are of good quality for each model that is studied with fastText word
embedding. Furthermore, ROUGE-L scores are the highest ones among all ROUGE

Scores.

It can be inferred from Table 5.2 that each ROUGE score of models that are achieved
by ConceptNet-Numberbatch word embedding is improved if the models are studied with
fastText word embedding. The improvement on all ROUGE scores achieved by fastText
word embedding for each neural network model is depicted in Table 5.3. Namely, the
differences between the columns for each neural network model are reported.

Table 5.3 Improvement Achieved by fastText Word Embedding on Three Neural Network Models

Models
(i) Attention Based (ii) Pointer Generator (iii) Reinforcement

Avg Seg2Seq Neural Seq2Seq Neural Learning Based Seq2Seq
Rouge Network Network Neural Network
Scores
Rouge-1 0.083 0.157 0.147
Rouge-2 0.184 0.250 0.244
Rouge-L 0.331 0.355 0.347
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The improvements on all ROUGE scores achieved by fastText word embedding for

each neural network model can be concluded as follows.

e The ROUGE-1, ROUGE-2 and ROUGE-L scores of Attention Based Seq2Seq
Neural Network model are improved by 0.083, 0.184 and 0.331 units, respectively, with
the implementation of fastText word embedding.

e The ROUGE-1, ROUGE-2 and ROUGE-L scores of Pointer Generator Seq2Seq
Neural Network model are improved by 0.157, 0.250 and 0.355 units, respectively, with
the implementation of fastText word embedding.

e The ROUGE-1, ROUGE-2 and ROUGE-L scores of Reinforcement Learning
Based Seq2Seq Neural Network model are improved by 0.147, 0.244 and 0.347 units,

respectively, with the implementation of fastText word embedding.
To conclude, the overall inferences from the computational experimentation are:

e Three deep neural network models that are trained by ConceptNet-Numberbatch
word embedding produce lower ROUGE scores.

e However, all ROUGE scores of the three deep neural network models trained by
ConceptNet-Numberbatch word embedding are improved good enough with the inclusion
of fastText word embedding into the models.

e All ROUGE scores of each model that is studied with fastText word embedding
have decent quality Also, ROUGE-L scores are the highest ones among all ROUGE scores
for each model that is studied with fastText word embedding.

e The highest ROUGE scores are acquired by Pointer Generator Seq2Seq Neural
Network with fastText word embedding. Particularly, Pointer Generator Seq2Seq Neural
Network has a value of 0.477 for ROUGE-L score that is extremely high which leads us
to conclude that Pointer Generator Seq2Seq Neural Network is a promising deep neural

network model that may produce text summaries with good quality.
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CHAPTER SIX
CONCLUSION AND FUTURE WORK

According to the research and review performed on the literature so far, an abstractive
text summarization system for Turkish is a very significant research direction. A web
interface of the data collection system is developed to collect data from users. Then, a
news dataset named as “TR-News-Sum” dataset is generated with the collected data. The
collected dataset is preprocessed to be feed to the deep neural network models. Following,
three deep neural network models are adapted for Turkish language and studied on the
“TR-News-Sum” dataset. These models are (i) Attention Based Seq2Seq Neural Networks,
(ii) Pointer Generator Seq2Seq Neural Networks and (iii) Reinforcement Learning with
Seg2Seq Neural Networks. All three models are preprocessed with both ConceptNet-
Numberbatch word embeddings and fastText word embeddings. K-Fold cross-validation
Is used to select the train data and the test data. To compare the performance of the three
deep neural network models, Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) scores, which are proposed to the literature by Lin (2004), are carried out. The
proposed three models are evaluated on the collected Turkish dataset based on the
ROUGE-1, ROUGE-2, and ROUGE-L scores. Hence, an automatic abstractive text
summarization method for Turkish language, named as “TR-Sum: A Text Summarizer for
Turkish”, is developed. The average ROUGE-1, ROUGE-2 and ROUGE-L scores for each
model by both word embeddings is reported in Table 6.1.

42



Table 6.1 Average Rouge Scores of the Three Neural Network Models

Models
(i) Attention Based (ii) Pointer Generator (iii) Reinforcement

Avg Seq2Seq Neural Seq2Seq Neural Learning Based Seq2Seq
Rouge Network Network Neural Network
Scores
Word
Embedding ConceptNet- ConceptNet- ConceptNet-
Source Numberbatch | fastText | Numberbach | fastText | Numberbatch | fastText
Rouge-1 0.146 0.229 0.147 0.304 0.136 0.283
Rouge-2 0.097 0.281 0.102 0.352 0.090 0.334
Rouge-L 0.112 0.443 0.122 0.477 0.117 0.464

The overall inferences that can be reported from Table 6.3 are:

e Three deep neural network models that are trained by ConceptNet-Numberbatch
word embedding produce lower ROUGE scores.

e However, all ROUGE scores of the three deep neural network models trained by
ConceptNet-Numberbatch word embedding are improved good enough with the inclusion
of fastText word embedding into the models.

e All ROUGE scores of each model that is studied with fastText word embedding
have decent quality. Also, ROUGE-L scores are the highest ones among all ROUGE
scores for each model that is studied with fastText word embedding.

e The highest ROUGE scores are acquired by Pointer Generator Seq2Seq Neural
Network with fastText word embedding. Particularly, Pointer Generator Seq2Seq Neural
Network has a value of 0.477 for ROUGE-L score that is extremely high which leads us
to conclude that Pointer Generator Seq2Seq Neural Network is a promising deep neural

network model that may produce text summaries with good quality.

During the progress of this thesis, one of the challenging parts of the study was the data

collection. It is hard to generate enough number of summaries of the main texts. To
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overcome this issue, a collaboration had been performed with the Journalism Department,
Faculty of Communication, Ege University to collect data. Another problem was to find
a suitable development environment to train the models. Because the training process is
GPU intensive operation. To overcome this issue, cloud computing, Google

Collaboratory, is used in the training process of the models.
The contributions of this thesis can be listed as follows.

I.  The related works in the literature of extractive and abstractive text
summarization are analyzed. Then, the works for the Turkish language are also
explored.

ii. A web interface of the data collection system is constituted to collect data from
users.

lii. A novel news dataset named as “TR-News-Sum” dataset is generated with the
collected data.

iv.  The collected dataset is preprocessed to be feed to the deep neural network
models. Two different word embeddings, ConceptNet-Numberbatch and
fastText word embeddings, are used during the data pre-processing.

v.  Following, three deep neural network models are studied on the “TR-News-
Sum” dataset. These models are (i) Attention Based Seq2Seq Neural Networks,
(if) Pointer Generator Seq2Seq Neural Networks and (iif) Reinforcement
Learning with Seq2Seq Neural Networks. All three models are preprocessed
with both ConceptNet-Numberbatch word embeddings and fastText word
embeddings.

vi.  These models are evaluated on the collected Turkish dataset based on the
ROUGE-1, ROUGE-2, and ROUGE-L scores. According to the computational
experimentation, Pointer Generator Seq2Seq Neural Network is a promising
deep neural network model that may produce text summaries with good quality

for Turkish language.

There are possible future research directions of this thesis. One of them is to improve

the generated dataset with the addition of new texts and their summaries. More summaries
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are required to increase the performance of the models. In addition, as it can be seen from
the dataset, the existed summaries generally consist of the first two sentences of the main
texts. Hence, increasing the quality of these summaries will consecutively improve the
performance of the models. The more unique summaries bring about the more improved
models. Moreover, different models can be also studied to generate more meaningful
summaries in Turkish language. Not but not least, the existed words embeddings can be
adapted for the state-of-art neural network models or new word embeddings can be

generated.
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APPENDICES

Appendix A. Extractive Text Summarization

Author(s)/Year Summarization Methodology Used Dataset Evaluation
Method Metrics
Erkan & Radev Extractive Graph-based DUC-2003 ROUGE 1
(2004) DUC-2004
Barzilay & Extractive Text-to-text Own Dataset Precision
McKeown (2005) generation Recall
technique F Measure
(MultiGen)
Amancio et al. Extractive Complex Brazilian Precision
(2012) networks and Students Exam | Recall
syntactic Essays F Measure
dependency
Ferreira et al. Extractive Statistics and DUC 2002 Precision
(2014) Linguistic Recall
Treatment F Measure
Fang et al. (2017) | Extractive Word Sentence DUC 2002 ROUGE 1
Co-Ranking ROUGE 2
ROUGE L
F Measure
Jain et al. (2017) Extractive ANN DUC 2002 ROUGE 1
ROUGE 2
ROUGE L
Nallapati et al. Extractive Encoder- CNN/Daily ROUGE 1
(2017) Decoder RNN Mail ROUGE 2
DUC-2002 ROUGE L
Yousefi-Azar & Extractive Encoder- BC3 ROUGE 1
Hamey (2017) Decoder RNN SKE ROUGE 2
Al-Sabahi et al. Extractive RNN with CNN/Daily ROUGE 1
(2018) LSTM Mail ROUGE 2
DUC-2002 ROUGE L
Chen et al. (2018) | Extractive Encoder- CNN/Daily ROUGE 1
Decoder RNN Mail ROUGE 2
DUC-2002 ROUGE L
Jadhav & Rajan Extractive Encoder- CNN/Daily ROUGE 1
(2018) Decoder RNN Mail ROUGE 2
ROUGE L
Khatri et al. (2018) | Abstractive & Extractive | Encoder- eBay TOKEN SIM
Decoder RNN Human ROGUE 1
Extracted ROUGE 2
Snippets ROUGE L
BLEU
TOPIC SIM
Sanchez-Gomez et | Extractive Artificial Bee DUC-2002 ROUGE 1
al. (2018) Colony ROUGE 2
Optimization ROUGE L
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Appendix A. Extractive Text Summarization (Continues)

Author(s)/Year Summarization Methodology Used Dataset Evaluation
Method Metrics
Sinha et al. (2018) | Extractive 2-Layered ANN | DUC 2002 ROUGE 1
ROUGE 2
Wu & Hu (2018) Extractive RNN CNN/Daily ROUGE 1
Mail ROUGE 2
ROUGE L
Brito et al. (2019) | Extractive RNN CNN Atrticles ROUGE 1
F1 Score
Keneshloo et al. Extractive Transfer CNN/Daily ROUGE 1
(2019) Reinforcement Mail ROUGE 2
Learning ROUGE L
Lierde & Chow Extractive Graph Based DUCO05 ROUGE 2
(2019) Approach DUCO06 ROUGE SU4
DUCO07
Liu & Lapata Extractive BERT CNN/Daily ROUGE 1
(2019) (Bidirectional Mail ROUGE 2
Representation NYT ROUGE L
from XSum
Transformers)
Madhuri & Kumar | Extractive Sentence Own dataset ROUGE 1
(2019) Ranking ROUGE 2
ROUGE L
ROUGE W
Xu & Durrett Extractive Encoder- CNN/Daily ROUGE 1
(2019) Decoder RNN Mail ROUGE 2
NYT ROUGE L
Xu et al. (2019) Extractive Graph based CNN/Daily ROUGE 1
Discourse Aware | Mail ROUGE 2
Neural Network | NYT ROUGE L
Bhargava & Extractive Deep Neural Multilingual Accuracy
Sharma (2020) Networks Single- Precision
document F-Measure
Summarization | Recall
(MSS)
Elbarougy et al. Extractive PageRank Essex Arabic Precision
(2020) Algorithm Summaries F-Measure
Corpus (EASC) | Recall
Ghodratnama et al. | Extractive Dynamic Feature | DUC 2002 ROUGE 1
(2020) Space Mapping CNN/DailyMail | ROUGE 2
kNN ROUGE L
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Appendix A. Extractive Text Summarization (Continues)

Author(s)/Year Summarization Methodology Used Dataset Evaluation
Method Metrics
Hernandez- Extractive Genetic DUC 2002 ROUGE 1
Castaneda et al. Algorithm with TAC11 ROUGE 2
(2020) Lexical- ROUGE L
Semantic Average
Analysis p-Value
Mohd et al. (2020) | Extractive Ranking DUC 2007 ROUGE 1
ROUGE 2
ROUGE L
ROUGE SU4
Sanchez-Gomez et | Extractive Multi-Objective | DUC 2002 ROUGE 2
al. (2020) Artificial Bee ROUGE L
Colony
(MOABC)
Ugkan & Karci Extractive Maximum DUC 2002 ROUGE 1
(2020) Independent DUC 2004 ROUGE 2
Set ROUGE L
ROUGE W-1
ROUGE W-2
ROUGE SU4
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Appendix B. Abstractive Text Summarization

(2017)

Network & Attention-
Based Encoder RNN

from “The Wall
Street Journal”

Author(s)/Year | Summarization Methodology Used Dataset Evaluation
Method Metric
Lopyrev (2015) Abstractive Encoder-Decoder Gigaword Training and
RNN with LSTM Holdout Loss
BLEU
Rush et al. Abstractive Encoder-Decoder DUC-2004 ROUGE-1
(2015) RNN Gigaword ROUGE-2
ROUGE-L
Chenetal. Abstractive Encoder-Decoder CNN/Daily Mail ROUGE-1
(2016) RNN LCSTS (Chinese) | ROUGE-2
ROUGE-L
Nallapati et al. Abstractive Attentional Encoder- Gigaword ROUGE-1
(2016) Decoder RNN DUC ROUGE-2
CNN/Daily Mail ROUGE-L
Takase et al. Abstractive AMR Encoder- DUC-2004 ROUGE-1
(2016) Decoder RNN Gigaword ROUGE-2
ROUGE-L
Zeng et al. Abstractive Read-Again and Copy | Gigaword ROUGE-1
(2016) Mechanism for DUC-2004 ROUGE-2
Encoder-Decoders ROUGE-L
Fan et al. (2017) | Abstractive Encoder-Decoder CNN/Daily Mail ROUGE-1
RNN ROUGE-2
ROUGE-L
Kuremoto et al. Abstractive Recurrent Neural Two Samples Training Loss

Lietal. (2017) Abstractive Encoder-Decoder Gigaword ROUGE-1
RNN DUC-2004 ROUGE-2
LCSTS (Chineese) | ROUGE-L
ROUGE-SU4
Ling & Rush, Abstractive Coarse-to-Fine CNN/Daily Mail ROUGE-1
(2017) Encoder — Decoder ROUGE-2
RNN ROUGE-L
Nema et al., Abstractive Encoder- Debatepedia ROUGE-1
(2017) Decoder RNN with ROUGE-2
Query Based Attention ROUGE-L
Pasunuru et al., Abstractive Encoder-Decoder Gigaword ROUGE-1
(2017) RNN with LSTM DuUC ROUGE-2
SNLI ROUGE-L
METEOR
BLEU
CIDEr-D
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Appendix B. Abstractive Text Summarization (Continues).

Author(s)/Year Summarization Methodology Used Dataset Evaluation
Method Metric
Paulus et al., Abstractive Encoder- CNN/Daily Mail | ROUGE-1
(2017) Decoder RNN with New York Times | ROUGE-2
Reinforcement ROUGE-L
Learning
See et al. (2017) Abstractive Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
ROUGE-2
ROUGE-L
METEOR
Tan et al. (2017) Abstractive Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
ROUGE-2
ROUGE-L
Zhou et al. (2017) | Abstractive Encoder-Decoder RNN | Gigaword ROUGE-1
DUC 2004 ROUGE-2
MSR ROUGE-L
André et al. Abstractive A Diverse Beam CNN/Daily Mail | ROUGE-1
(2018) Search Approach ROUGE-2
ROUGE-L
Celikyilmaz et al. | Abstractive Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
(2018) NYT ROUGE-2
ROUGE-L
Chen & Bansal Abstractive Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
(2018) with Reinforced DUC-2002 ROUGE-2
Learning ROUGE-L
METEOR
Cohan et al. Abstractive Encoder-Decoder RNN | arXiv ROUGE-1
(2018) with Attention Model PubMed ROUGE-2
ROUGE-3
ROUGE-L
Gehrmann et al. Abstractive Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
(2018) NYT ROUGE-2
ROUGE-L
Hsu et al. (2018) Abstractive & Encoder-Decoder RNN | CNN/Daily Mail | ROUGE-1
Extractive ROUGE-2
ROUGE-L
Jiang & Bansal Abstractive Encoder-Decoder RNN | CNN / Daily ROUGE-1
(2018) Mail DUC-2002 | ROUGE-2
ROUGE-L
Kry$cinski et al. Abstractive Encoder- CNN/Daily Mail | ROUGE-1
(2018) Decoder RNN ROUGE-2
ROUGE-L
Lietal. (2018) Abstractive Encoder- DUC-2004 ROUGE-1
Decoder RNN LCSTS ROUGE-2
(Chinese) ROUGE-L
Gigaword
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Appendix B. Abstractive Text Summarization (Continues).

objective

Author(s)/Year Summarization | Methodology Used Dataset Evaluation
Method Metric
Lietal. (2018) Abstractive Encoder- CNN/Daily Mail ROUGE-1
Decoder RNN ROUGE-2
ROUGE-L
Lin etal. (2018) Abstractive Encoder- Gigaword ROUGE-1
Decoder RNN LCSTS (Chinese) ROUGE-2
ROUGE-L
Liu et al.(2018) Abstractive Reinforcement CNN/Daily Mail ROUGE-1
Learning ROUGE-2
ROUGE-L
Pasunuru & Abstractive Encoder- CNN/Daily Mail ROUGE-1
Bansal (2018) Decoder RNN with DUC-2002 ROUGE-2
Reinforcement SNLI ROUGE-L
Learning Multi-NLI METEOR
Wang et al. Abstractive Convolutional DUC-2004 dataset | ROUGE-1
(2018) Sequence-to-Sequence | & Gigaword ROUGE-2
NN dataset ROUGE-L
Bae et al. (2019) | Abstractive Reinforcement CNN/Daily Mail ROUGE-1
Learning New York Times ROUGE-2
ROUGE-L
Liu et al. (2019) Abstractive Encoder- Internal dataset ROUGE-1
Decoder RNN with collected through ROUGE-L
Auto Encoding Amazon
Mechanical Turk
Subramanian et Abstractive Hierarchical Encoder- ArXiv ROUGE-1
al. (2019) Decoder Sentence PubMed ROUGE-2
Pointer Newsroom ROUGE-3
BigPatent ROUGE-L
Gunel et al., Abstractive Encoder- CNN/Daily Mail ROUGE-1
(2020) Decoder RNN ROUGE-2
ROUGE-L
Liang et al. Abstractive Encoder- LCSTS ROUGE-1
(2020) Decoder RNN ROUGE-2
ROUGE-L
Liao et al. (2020) | Abstractive Encoder- CNN/Daily Mail ROUGE-1
Decoder RNN ROUGE-2
ROUGE-L
Moirangthem & Abstractive Encoder- CNN/Daily Mail ROUGE-1
Lee (2020) Decoder RNN with ROUGE-2
Temporal Hierachy ROUGE-L
Yang et al., Abstractive Plausibility-promoting | CNN/Daily Mail ROUGE-1
(2020) Generative Adversarial | Gigaword ROUGE-2
Network ROUGE-L
Zhang et al. Abstractive Transformer-based CNN/Daily Mail ROUGE-1
(2020) encoder-decoder model | Xsum ROUGE-2
with self supervised Reddit TIFU ROUGE-L
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Appendix C. Text Summarization in Turkish

Author(s)/Year Summarization Methodology Used Dataset Evaluation
Method Applied Metrics
Altan (2004) Extractive Statistical 50 different X
Analysis articles about
economics
Karakaya & Extractive Statistical 11 different X
Guvenir (2004) Analysis articles related
economics crisis
in Turkey
Uzundere et al. Extractive Statistical 10 different Standard
(2008) Analysis articles Deviation
Kutlu et al. (2010) | Extractive Generic Text 120 newspaper ROUGE-1
Summarization articles and 100 ROUGE-2
Turkish journal ROUGE-L
articles ROUGE-W
Ozsoy et al. (2010) | Extractive Latent Semantic | Two different ROUGE-L
Analysis data sets of F-measure
scientific articles | score
in Turkish
(including
articles from
various areas)
Giran et al. (2013) | Extractive A hybrid 110 news ROUGE-1
summarization documents and 3
method analysts
Hatipoglu & Extractive A hybrid 10 different Selection
Omurca (2015) summarization documents from Ratio
Wikipedia
Hatipoglu & Extractive A hybrid 10 different Average
Omurca (2016) summarization documents from | precision and
Wikipedia breakeven
point
Demirci et al. Extractive Latent Semantic | 106 selected ROUGE-1
(2017) Analysis news
Torun & Inner Extractive TF-IDF 12000 News Average
(2018) Calculation
Dogan & Kaya Extractive Latent Semantic | 30000 Tweets F-measure
(2019) Analysis score
Hark et al. (2019) | Extractive Graph Entropy DUC-2002 ROUGE 1
ROUGE-2
ROUGE-3
ROUGE-4
Karakoc & Yilmaz | Abstractive RNN “Kemik haber” ROUGE-1
(2019) dataset
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Appendix D. Five Examples of the Collected Data from the TR-News-Sum Dataset

1%t Example.

Main Text

Twitter, ¢calisanlarina korona viriisiin yayilmasini durdurmak i¢in evden ¢aligmalarini sdyledi. Bir blog
yazisinda, sosyal medya’nin devi Hong Kong, Japonya ve Giiney Kore'deki personelin uzaktan
calismasinin zorunlu oldugunu belirtti. Sirket ayrica tiim diinyadaki 5 bin ¢alisaninin Twitter ofislerine
gitmemesini "siddetle tesvik ettigini" soyledi. Ayrica sonraki glinlerde Twitter yonetimi ¢alisanlarinin
gerekli olmayan ig seyahati ve etkinliklerini askiya aldigini sirket icinde duyurdu. Sirket, Austin ve,
Teksas'taki bu ay gerceklesecekin South by Southwest medya konferansindan ¢ekildigini zaten
duyurmustu. Twitter'm insan kaynaklar1 baskan1 Jennifer Christie: "Amacimiz, Covid-19 korona
virlisiiniin bizim i¢in ve etrafimizdaki diinyanin yayilma olasiligini azaltmak." dedi. Christie mesajda
ayrica Twitter'in bir siiredir evden ¢alismanin yollarim gelistirdigini de vurguladi. "Bu bizim i¢in biiylik
bir degisiklik olsa da, giderek daha uzak olan daha dagitilmis bir is giicline dogru ilerliyoruz. Kiiresel bir
hizmetiz ve biz herhangi bir yerde, Twitter'da ¢alisabilmeyi saglama konusunda kararliyiz." dedi.
Twitter'm kurucusu Jack Dorsey uzun zamandir uzaktan galigma is moelini destekledi ve Kasim aymda
bu yilin alt1 aya kadar olan kismini Afrika'da gecirmeyi planladigini agikladi. Twitter’in bu hareketi, viriis
bolgeyi etkisi altina aldigr i¢in i¢in Asya'daki birgok sirket tarafindan uygulanan dnlemlere benziyor,
ancak Twitter’in salgina yaniti ¢ogu biiylik Amerikan igletmesinden daha da ileri gitmis durumda.
Facebook ve Google dahil olmak iizere diger dnde gelen teknoloji sirketleri ABD'deki konferanslari
erteledi veya iptal etti. Facebook da Twitter'a katilarak, Southwest medya konferansindan cekildi.
Google'in Dublin'de bulunan Avrupa genel merkezindeki personel, Irlanda'daki potansiyel bir salgin igin
hazirligint test ederken Sali giinii evden ¢alisacak, ancak 8 bin g¢aligananin ¢ogunun ¢arsamba giinii
masalarina donmesi bekleniyor. Ayni zamanda, telekom operatorii A&T ve bankacilik devi Citigroup da
dahil olmak iizere ¢ogu sirket, 6zellikle Asya'ya uluslararasi seyahatlerini kisitladi.

Summaried Text

Twitter, calisanlarina koronaviriisiin yayilmasini durdurmak i¢in evden ¢aligmalarini séyledi. Twitter'in
kurucusu Jack Dorsey uzun zamandir uzaktan galisma is modelini destekledigini ve Kasim ayinda bu
yilin alt1 aya kadar olan kismin1 Afrika'da gecirmeyi planladigini acikladi.

Category

Genel

Headline

Twitter Yonetiminden Korona Viriis Karari
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Appendix D. Five Examples of the Collected Data from the TR-News-Sum Dataset
(Continues)

2" Example.

Main Text

Milliyet Ege Spor Miidiirii Mehmet Demirtas, Diinyevi Haber muhabiri Samet Adilak'a gazetecilik
mesleginin sorunlarini, gelecegini ve giindemini anlatti. Yeni medya ve sosyal medyanin gosterdigi
gelisimle haberciligin bu alanlara eksen kaydirdigini belirten Demirtas, "Giincelligi yakalayan haberciler,
giiniimiizde daha genis kitlelere ulagsmak i¢in yenilikleri yakindan takip etmeliler" dedi. Gazetecilik
kariyerine Gozlem Gazetesi'nde baslayan daha sonra Gazete Ege'de devam eden ve son 7 yildir da
Milliyet Ege'de ¢alisan Mehmet Demirtag, Diinyevi Muhabiri Samet Adilak'in sorularini samimiyetle
yanitladi. Gazetecilik mesleginin sorunlarina, giindemine, gelecegine dair agiklamalarda bulunan
Demirtas, "Yetisen yeni nesil teknoloji ¢agmin gereklilikleri ile biiyliyor. Bu ¢agda habere ulagsmak da
bilgiye ulagsmak da her zaman kolay olsun isteniyor. Yeni nesil okumak aligkanligindan ¢ok gérmek ve
izlemek {izerine yogunlasiyor. Habercilerin de bu ¢agin gerekliliklerini yakindan takip ederek, dogru
konum almasi gerekiyor" diye konustu. * Neden gazetecilik? Ben anne ve babasi gazeteci olan,
habereciligin igine dogmus bir gocuktum. Hep gazete, ajans ve haber kavramlarini 6ziimseyerek biiyiidiim.
Gengligimde har¢ligimi kazanmak i¢in bagka islerde ¢aligsam da hayat beni yine bir sekilde gazetecilikle
bulusturdu. Uzak olmadigim, tanidigim kavramlarin iginde buldum kendimi. Meslegin basinda sayfa
sekreterligi i¢in basladim. Usta ellerden egitim gordiim. Biiyiik isimlerle ¢alistim. Kendimi sayfa
sekreterliginde gelistirmek icin ¢ok ¢alistim. Bu ¢abamin meyvesini de hep topladim. Gazetecilik her ne
kadar zor, yorucu, stresli ve yarininin garanti olmadigi bir meslek olsa da benim igin bir tutku oldu. Sayfa
sekreterliginden, spor midiirliigiine adim attigimda ¢abalarimin ve emegimin yanitsiz kalmadigini
gordiim. Simdi ise tutkunu oldugum bu meslekte olgunluk ¢agima geldi. * Cevrenizin, mesleginiz adina
algilar1 ve tutumlar neler oluyor? Insanlar saygin ve prestijli bir isin pargas1 oldugumuzu diisiiniiyorlar.
Bence de bu durum bdyle. Gazetecilik bana kalirsa da ¢ok saygmn ve dnemli bir meslek. Her insanin
yapamayacagi, her haber okuyanin haber yazamayacagi, her program bilenin sayfa sekreterligi
yapamayacag1 bir gercek. Insanlar 'Herkesten gazeteci olur' algismi yikmali. Bu durumun bdyle
olmadigimi bilen insanlar bizim meslegimize en azindan biraz daha olsun bizim goziimiizden bakabiliyor.
Iste o zaman bu isin ne kadar keyifli bir is oldugunu hissediyor insan. Bastka erkek kardesim olmak iizere
yakin ¢evremin ¢ogu gazeteci. Bbu sebepten genellikle onlarla ayni konular iizerinde durabiliyoruz. *
Gazetecilik mesleginin diinii, bugiinii ve yarin1 hakkinda neler diisiiniiyorsunuz? Gazetecilik mesleginin
diiniine baktigimizda yogunlugu daha ¢ok, ilgilisi ¢cok, merak duyulan ve ¢ok kazandiran bir meslek
olarak goriilmiistir. Ge¢cmiste bu meslekte iyi paralar kazaniltyormus. Gazeteciler haklarii bilen,
sorumlu habercilige 6nem gosteren ve sadece kendisini degil ayni zamanda gevresini de gozeten
bireylermis. Giiniimiizde bu tarz kavramlarmin ¢ogunun yozlastgini goriiyoruz. Ote yandan da
glinimiizde gazeteciligin herkesge yapilabilecek olan bir meslek oldugunu, elinde akilli telefonu olan
herkesin potansiyel bir gazeteci oldugunu diisiinmek gibi biliyiik ve yanlis bir algi var. Gazetecilik
mesleginde giliniimiizde biiylik paralar kazanma hayali kuran kim varsa hayal kirikligia ugrar. Bunu
acikca sOyleyebilirim. Bu meslek biraz goniil isidir. Bekledigi paralar1 kazanamayan ¢ogu yeni gazeteci
aday1 meslegi igin kosturmay1 birakip baska alanlara yonelebiliyor. Onlart da hos gériiyorum. Yasam zor
ve pahali. Bu meslegin yarinmni ele almak gercekten gii¢. Bildigim tek bir sey var. O da gazetecilikte
¢agmn gerekliligini yakalayamayan kim varsa tarih olup unutulacaktir. * Bu meslegi yapma hayalleri
kuran ve Gazetecilik boliimiinden mezun olacak olan yeni gazeteci adaylarina tavsiyeleriniz neler? insan
hangi isi yaparsa yapsin sevmesi gerekiyor. Sevmeden yapilan her is, ¢alistigin her giin i¢in o kisiye
zuliim olur. Oncelikle gazetecilik meslegine saygi duymali ve bu meslegi sevmeliler. Yabanci dil
konusundan muhakkak yatirim yapmalilar. Bilgisayar dilini iyi 6grenip program kullanmay1 bilmeliler.
Halkin i¢inde olmali, insanlarm sorunlarindan dertlerinden kopmamalilar. Makam ve koltuk sevdalarini,
kariyerlerinin Onlerinde tutmamalilar. Dogru ve gercek habercilige, gazetecilik etigine Onem
gostermeliler. Yilmamalilar. Bu meslegi gercekten yapmak isteyen kim varsa teknolojiyi, ¢agi, yeni
medyay1 dogru okumali. Dogru anlamali ve uygulamalilar.

Summaried Text
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Roportaj, meslek hayatinda 10 y1l1 geride birakan Milliyet Ege Spor Miidiirii Mehmet Demirtas’in meslek
hayati ve ‘Gazetecilik’ konu basliklar1 altinda gelismistir.

Category

Genel

Headline

"Gazetecilik goniil isidir"
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Appendix D. Five Examples of the Collected Data from the TR-News-Sum Dataset

(Continues)

3" Example.

Main Text

Siddetin en gok goriildiigii sektor, saglik sektorii. Tiim saglik ¢alisanlar1 kadar, hasta ve hasta yakinlari
da tehdit altinda. Kendini giivende hissedemeyen ¢alisanlar islerine yeterli 6zveriyi saglamakta giigliik
¢ekiyor. Saglik calisanlarinin %81,9’u, gorevlerini yerine getirirken siddetle karsi karsiya gelme
konusunda endise yasadiklarmi belirtiyor. Dolayisiyla hastalar da bu durumdan olumsuz etkileniyor.
2019 verilerine gore Tiirkiye’de kayit altina alinmis saglik¢iya siddet (beyaz kod) sayist 89 bin 172 (!)
Veriler bu siddetin kaynagi olarak biiyilk oranda hasta yakinlarim isaret ediyor. Mevcut giivenlik
onlemlerini; giivenlik gorevlileri, beyaz kod, ¢alisan haklar1 birimi, kamera sistemleri olarak tanimlayan
calisanlar, bu o6nlemlerin yeterli olmadigin1 ya da islevselliklerinin tam anlamiyla bulunmadigini
belirtiyor. Elde ettigimiz verilere gore hastanelerin sahiplik yapisina gore kayit altina alinan siddet
oranlart degisiyor. Siddet magduru saglik g¢alisaninin, saldirgandan sikayet¢i olup hukuki siireci
baslatmasina beyaz kod adi veriliyor. Sadece beyaz kod veren ¢alisanlarin sikayetleri ‘saglikta siddet
verisi’ olarak sayiliyor. Beyaz kod sayisi; devlet hastaneleri ve iiniversite hastanelerinde oldukea yiiksek
gibi goriinse de esasen 6zel hastanelerde kayit altina alinmadigr igin az ya da hi¢ yokmus gibi
goriinmekte. Can giivenliginden endise duyan saglik ¢alisanlarina onlarin neler diisiindiigiinii ve neler
hissettiklerini sorduk. Devlet hastanesi, 6zel hastane ve iiniversite hastanesi ¢alisanlariyla konustuk:
Merve Calisir “’Ben bir devlet hastanesinin acil servisinde hemsire olarak gorev yapmaktayim. Elbette
kendimi giivende hissetmiyorum. Gerek hasta gerekse hasta yakinlarinin her an bana zarar verebilecegini
diisiiniiyorum. Daha 6nce beyaz kod da verdim ama pisman oldum ¢iinkii dava siireci o kadar uzun ve
yorucu ki beyaz kod vermeye bile degmiyor diyorsun. Zaten psikolojik ve sozel rahatsiz edici seylere
alisttk ama fiziksel siddette bile kendimi koruyayim ve mevzu daha fazla uzamasin diye olaya
bakiyorsun. Su an devam eden bir davam zaten var ve iki yildir hi¢bir sonu¢ alamadim.’” Saglik
kurumlarinda siddetin en fazla goriildiigli yer acil servisler. Poliklinik sirasi beklemek istemeyen
hastalarla amaci diginda hizmet veren aciller oldukga kalabalik. Yogunluk hem saglik calisanlari hem de
hastalar tizerinde stres olusturuyor. Buna ek olarak doktorlara uygulanan performans sistemi yuziunden
gerekli gereksiz tiim hastalardan istenen MR, BT, kan tahlilleri vb. durumlarla hastalarin, hastanede kalig
stireleri uzuyor. Saglikta uygulanan ‘performans uygulamalar1’, hekimlerin insan yasamina, sagligina
6zen gostermelerini engellemekte. Bu uygulamadan dolayr hekimler hastalarin saghgi konusunda
diigiinmekten ¢ok ne kadar ¢ok hasta bakarim derdine giriyor. Dolayisiyla hastalara verilen saglik
hizmetinin niteligini diislirlirken hekimler arasinda da niceliksel rekabete sebep oluyor. Performans
sistemi hekimler arasinda etik dis1 yarismay tetikleyip saglik harcamalarini 6l¢iisiiz ve gereksiz oranda
artirmakta. Asir1 finansal tesvikler sadece etik degerleri bozmayip ayrica hukuki sorunlar da olusturuyor.
Uygulanan performansa dayali iicret rejimi ekip dayanigmasini parg¢alayan, hekimi hekime rakip kilan,
hekimi ekibin iiyesi olan diger saglik emekgilerine yabancilastiran, insani iligkileri zedeleyen bir islev
gormekte. Performansa dayali calisma sisteminde hekimlerde izin kullanmamaya bagli asir1 stres ortaya
cikariyor. Hekimler; degisen oranlarda endikasyonsuz miidahalelerin, etik olmayan uygulamalarin
malpraktis ve komplikasyon sayisinin arttig1, verilen saglik hizmetinin niteliginin ve hasta bagina diisen
muayene siiresinin diistiigiini ifade ediyor. Hasta Degil Miisteri Burcu Bahgekapili “’Ben 6zel hastanede
hemsire olarak ¢alistyorum. Daha 6nce hig siddete ugramadim ama zaten dyle bir durum s6z konusu bile
degil. Beyaz kod hakkinda egitim aldik evet ama bunu kullanmak aklimizin ucundan bile gegmez ¢iinkii
ucu bize dokunur. Hemsire ile hasta bakici arasinda bir pozisyonda gibiyiz. Hastalara saglik hizmeti
vermenin dtesinde sanki bir otel hizmeti de veriyoruz. Onlar1 hasta olarak degil miisteri olarak goriiyoruz.
Hastanenin genel politikast bu yonde. Arabalarma kadar ugurluyoruz. Ne bir hakkimiz ne de
sayginligimiz mevcut...”” Hastanelerin sahiplik yapis1 da ¢aligan haklarin1 dogrudan etkilemekte. Devlet
hastanelerinde ya da iiniversite hastanelerinde haklarimi biraz olsun arayabilen, koruyabilen ¢aligsanlar,
Ozel hastanelerde herhangi bir hak arayiginda bulunamiyor. Ekonomi-politik meseleler yiziinden
hastanin miisteriye doniisme siireci insan haklar1 agisinda da oldukea diisiindiiriicti. Ufuk Tasc1 <* Ben
devlet hastanesinde uzman doktor olarak gorev yapiyorum. Kendimi ‘kismi’ giivende hissediyorum.
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Sozel siddet ¢ok fazla yasaniyor. Fiziksel siddete ise 1 kez maruz kaldim. Dava 2 yildir yarg siirecinde.”’
Dava siireclerinin uzun siirmesi magdurlarin sikayetci olma oranin1 da olumsuz etkiliyor. insanlar yillar
boyunca mahkeme koridorlarinda olmak istemiyor. Her ne kadar bakanlik avukat destegi saglasa da
gbriinen o ki bu da yeterli goziikmiiyor. Feyyaz Déner **Universite hastanesinde calistyorum. Caligma
sartlart ¢ok zorlu. Hem ¢alisma saatleri hem is yogunlugu istiine bir de kalabalik hasta yiginlar1 derken
durum i¢inden ¢ikilmaz bir hal aliyor. Psikolojik siddete de fiziksel siddete de maruz kaldim fakat beyaz
kod vermedim. Ciinkii bagima gelecek siireci biliyorum ve ugrasmak istemedim. Kendi yontemlerimle
(gliliyor) hallettim.”” Dava siirecinden kacinan kimi g¢aliganlar ‘kendi yontemleri’ ile hallettiklerini
belirtseler de kadin calisanlar i¢in bu durum pek de miimkiin degil. Saglik sektoriinde galisan kadin
personel kariyeri boyunca yiizde 90,50 ihtimalle en az bir kere siddete maruz kaliyor. Toplumsal cinsiyet
rollerinden 6tiiri kadinlarin siddete maruz kalma orani daha yiiksek. Burak Fidandan °’Yonetim ve
calisma psikolojisi alaninda yiiksek lisans yapiyorum. Saglikta uygulanan siddetin aslinda pek ¢cok nedeni
var. Siddet kiiltiirii, hasta ve yakinlarina ait faktorler ve sistemle ilgili sorunlar bunun temel nedenleri.
Paternalistik tutumun da etkisi var tabii. Siddete prim vermeyen ahlaki ve hukuki kiiltiiriimiiz maalesef
yok. Televizyonlarda, medyada siddeti mesrulagtiracak her sey gosteriliyor. Bunlarin da bu konu
hakkinda yardimci olmadigimi belirtmek lazim. Siddet kiiltiiriiniin yayginlasmasinda aslinda medya basi
¢ekiyor. Siddet haberlerinde kullanilan kutuplastirict dil hasta ve saglik ¢aligani arasinda 6n yargi
olusturmakta. “Dayak yedi” , “Regete yazmadig: igin...”, “Sira beklemek istemedi...” vb. kaliplarla
yapilan haberlerin de siddete sevk etme pay1 hi¢ de az degil. Medya halki mi1 yansitiyor yoksa medya mi1
halki bilinmez ancak bu dilemmanin bir sekilde ¢6ziilmesi gerekiyor. Yasam boyu egitim modeliyle
saglik okuryazarlig: arttirilmali, devlet ve 6zel sektdr isbirligiyle halkin saglik hususunda daha bilingli
hareket etmesi saglanmalidir. Sonug olarak saglikta siddet problemi aslinda kisiye 6zel gibi goziikse de
tim toplumun problemi. Bunu 6nleyecek ¢aligsmalar i¢in devlet daha fazla politika olusturmali, bu konuda
uzman goriisleri degerlendirilmeli ve uygulanmali.

Summaried Text

Saglikta siddetin kodu olan “beyaz kod” uygulamas: iiniversite hastanelerinde, devlet hastanelerinde ve
ozel hastanelerde degisiklik gosteriyor. Calisanlar, ¢alistiklar: hastanenin sahiplik yapist ya da hukuki
siirecin olduk¢a uzun olmasi nedeniyle beyaz koddan kagindiklarini belirtti. Eldeki sayisal veriler net bir
sonu¢ veremese de rakamlar bir hayli yiiksek. Siddet magdurlarmin ezici g¢ogunlugunu kadinlar
olusturuyor. Saglik ¢alisanlarmin biiyiik cogunlugu canlariin giivenliginden endise ediyor

Category

Genel

Headline

Saglikta Siddet Degil Sagliga Siddet
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Appendix D. Five Examples of the Collected Data from the TR-News-Sum Dataset
(Continues)

4™ Example.

Main Text

Tiirkiye de 6telenen bir miizik dalini trendlere sokan, yaptig1 miizik i¢in tutuklanan, sokaklarda biiyiiyen
ve bugiin Tiirkiye’nin yiikselen y1ldiz1 haline gelen Sercan Ipekcioglu nami diger “Ezhel” ile sohbet ettik.
-Merhaba Ezhel, izmir’e hosgeldin. Sahnede hakikaten seyirciyle cok samimi bir etkilesimin var. Su anda
¢ok profesyonel bir ey yapiyorsun ama i¢indeki amatdr ruh 6lmemis. Bbu boyle devam edecek mi yoksa
korkuyor musun bir giin icindeki o ruh bozulabilir diye korkuyor musun? Cok biyik bir kitleye sahipsin
ve gittikge artryor. Hi¢ tahmin etmis miydin boyle bir sey olacagini? Selam, hos buldum. Aslinda hic
tahmin etmemistim. Yillardir miizikle i¢ ice oldugum i¢in icte olan bir sey gibi geliyordu bana. Sonradan
kaybedebilecegin ya da kazanabilecegin bir sey degil. Hep olan. Ttabii yorucu bir sey. 287 yasindayim
su an i¢in bana da rahat geliyor. Bu tempoyu kaldirabiliyorum en azindan ama ileride kendime de vakit
ayirmak istiyorum bir noktadan sonra. Arkama gekilip soyle sadece kafami dinlemek i¢in miizik yapmak,
sadece kendim i¢in belli bir kayg: giitmeden, endiistriyel bir kaygi giitmeden, maddi bir kaygi glitmeden
bunu yapmak isterim. Ama miizik insanin iginde olduktan sonra istedigi yasa gelsin yine kaliyor, o dogal
bir sey. Cikmak istiyor zaten siirekli. -Ozgiir oldugunu diisiiniiyor musun? Tabii kesinlikle. Ciinkii bir
plak sirketiyle calismiyorum. Zaten en basta aldigimiz bir karardi bu. Ciinkii su an biraz daha oyun
degisiyor ama ben albiimii yaparken Mayis 2017’ye2017'de mayisa baktigin zaman o zaman higbir sey
yok. Ne “Ezhel” var ne “Miiptezhel” var. O zaman plak sirketlerinin sana bakis agisi tabii ki ¢cok diiz
oluyor. Umursamiyorlar bile diyebilirim. Mesela o noktada ¢ok komik fiyatlar teklif ediyorlar. Albiimii
haklarint almak i¢in ¢ok komik rakamlar vardi teklif edilen. 15 bin lira gibi. Albiim i¢in sadece. Bana
sadece 15 bin lira verecekler albiim tamamen onlarin. Geri kalan her sey de onlara ait. Komikti, zamanla
albiim ¢iktiktan sonra, biraz ses yaptiktan sonra ben yine sans verdim. Bakalim ne diyor miizik sirketleri
diye. Bir iki goriismeye de gittim ama vahim geldi yine durum bana. Ciinkii adam vurdugunu indiriyor.
Seni sindiriyor, istedigini aliyor bir sekilde. Ama bu sirketin mantalitesiyle alakali. Her sirket
kisitlamiyor. Bazisi ger¢ekten sanatgist i¢in uygun ¢oziimler ariyor. Belli yollar ariyor istiine gidiyor.
Sirf maddiyat degil. Ben demiyorum ki sirket kazanmasin. Her sey benim olsun demiyorum. Herkesin
belli bir isi var. Herkesin belli bir dagilima ihtiyaci var. Ama ortada belli bir sémurd durumu var mizik
piyasasinda. Sirket tabanlibazli bir somiirii hali var. Zaten biz hep internet sayesinde yaptik bugiine kadar
yaptiklarimizi. Youtube bir ara yiikselirken biz milyonluk klibi gérdiigiimiizde sasirtyorduk o zamanlar.
Simdi tabii bambagka tabii ama internet zaten hep hayatimizda vardi. Kendimiz de kazanabilecekken,
boyle bir sey miimkiinken kendimiz yaptik. Rapgilerin ¢ogu da beat (altyap1) yapmayi bilir. Cilinkii yapan
kimseyi bulamaz. Cogu video diizenlemeyi de 6grenir. Clinkii kimsen yok. Biraz seni kendin yapmaya
iten bir sey bizim bulundugumuz miizik. Biz tabii sirketlerle ¢alisiyoruz ama 6zgiiriiz. Sarkilarimizi
koymak i¢in belli aracilar lazim ama dedigim gibi tamamen bizim avantajimiz da olan daha sanat¢1 bazli
bir haldeyiz. -Ezhel 1995'te ¢iksaydi nasil olurdu? Cok giizel bir soru. Oncelikle baska bir tarz olurdu
muhtemelen. O giin duydugumuz sekilde olmazdr muhtemelen. Daha yine ¢agin miizigi olurdu. 95'in
miizigi olurdu ama yine hemen hemen politikayla ilgili yapardim. 90'lar ¢ok sert donemlermis. Bu kadar
olur muydu bilmiyorum. 2018'de bile insanin s6zlerden basi belaya girebiliyor o zamanlar. Tabii ince bir
¢izgi. Siyasetin ve magazinin ¢ok ince dengeler i¢inde oldugu zamanlar. 95'te 4 yasindaydim ¢ok
hatirlamiyorum ama kalan zamanlardan hatirladigim seyler oluyor. Bu kadar agik olur muydum
bilmiyorum. Belki yine olurdum ama politik ve siyasi sdylemlerim daha m1 hafif olurdu daha m1 agir
olurdu? Hayatimda duydugum en giizel sorulardan biriydi. -Ezhel'in ben de bir mesaj vermeliyim,
toplumun bir sekilde derdini sikintisin1 underground olarak bir sekilde yansitmaliyim diyor musun?
Diyorum. Mesela albiim ilk ¢iktiginda beni iizen bir seydi. Sarkim var bir tane. Dedigin gibi "Benim
derdim” hatta sarkinin adi ve sagma dertlerden tekrar diinyanin ve toplumun dertlerini anlatmaya
caligtigim bir sarki ama insanlarin aklinda kalan tek sey “sosis ve salam” oluyor. Sanki bagka hicbir sey
yokmus gibi. O yiizden biraz insanlar i¢in yapmayacaksin. Onu anladim. Kendin i¢in kendini tatmin
etmek i¢in yapacaksin. Toplum da aslinda sadece almak istedigini aliyor senden ama sen onlara verecegin
seyi genis tutarsan onu da alir. Kaygi giidilyor muyum, icimde bdyle bir sey yapmali miyim diye, hayir,
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0 an icin 6zgirce icindenm geliyorsa geliyor. Surekli toplumsal bir meseleye gitmek de bana sahte
geliyor. Siirekli toplumsal bir meseleye gitmek de bana sahte geliyor. Sanki bu bir kulvarmis ve ben
tamamen buradan yiliriiyormusum gibi. -Ezhel daha underground bir kitleye mi hitap ediyor? Rap miizigin
eskiye nazaran sinirlar1 genisledi mi? Ben genisledigini gorebiliyorum. Bundan da asir1 mutluyum.
Ciinkii ¢ok ugrastik bunun igin. Sadece kendimiz i¢in de degil. Ben her zaman Ttiirk¢e Rrap’in bir
endiistriye doniismesini de diisiindiim. Bireysel bir basar1 elde edersen yalnizca bireysel basari elde etmis
olursun. Bundan ben de kazanamayacaktim. Gelebilecegim noktanin ¢ok altinda kalacaktim. Benim
kazanmam i¢in Ttiirkge Rrap’in de kazanmasi lazim. Ben hep boyle gordiim ve diisiindim. Su anda
geldigimiz konumdan ¢ok mutluyum. Rap sarkilarimiz dizilerde, magazinlerde ¢ikmaya basladi. Siirekli
bizden bahsediyorlar, var tabii artilar1 eksileri ama hala underground insanlar da var. Ben zaten bu
basarim1 da genel saglam rap dinleyicisine bor¢luyum. Kabuk rap dinleyicisine bor¢luyum. Ciinkii ben
albiimii yaptigimda o insanlarin asir1 dinlemesi ve paylasimi sayesinde belli bir sekilde Sspotify'da viral
listesinee girdim. biitiin Tiirkiye'ye alakasiz insanlara bile yayilsa ben su an geldigim noktay1
underground rapi takip eden kemik kitleye bor¢luyum ama yayilsin. Bu da ¢ok giizel bir sey. Bazi insanlar
¢ok konservatif bakiyor bu duruma. Rap séyle olmasin, aman Ezhel de rap mi popgu diye. Bunlar da hig
umurumda degil, hi¢ gocunmuyorum. Istediklerini desinler. Ben cayir cayir rap yaptigimi bildigim igin
bana koymuyor. Haberlerde 'popeu' yazmislar, yiizeysellik bizim iilkemizde kiiltiir. Bir seylere sadece
kabugundan bakmak sadece goriintiisiinii almak, bununla yargilamak bir kiiltir. Bben hig
gocunmuyorum, asirt mutluyum. Ciinkii basardik. Bben asla popgu olmadim. Ben Tirkiye'de asla pop
dedigimiz miizigi yapmadim. Yaptigimiz rap, pop olduysa yapacak bir seyimiz yok. -Bir rap sanatcis1 ilk
defa bu kadar biiyiik konser salonlarint dolduruyor. Bbu kadar genis bir kitle tarafindan takip edilmek
seni korkutuyor mu? 1k baslarda oldu. Zor tabii ne yaparsan yap, sosyal hayatin ister istemez azaliyor.
Ben sokag1 ¢cok seviyorum. Sokakta gezmek bir yerden bir yere gitmek yiiriimek... Bunu kétiilemiyorum.
Insanlarin sevgisi miithis bir sey. Insam ding tutuyor, mutlu ediyor bazen ama bir yandan da yorucu
olabiliyor. Herkesin talebine cevap vermek zorundasin. Kimseyi kirmaman lazim. bu acilardan zor. Ben
kendi somut hayatimdan {irkiiyorum. Yoksa genel olarak keske biitiin diinya bilse de miizigimizi yapsak,
paylassak,. dinlenebilsek. Sadece bdyle kiigiik sosyal problemler var. Bu da herkesin basina gelebilir. -
90'larin sonunda 2000'lerin basina dogru rock ve metal miizik daha ¢ok 6n plandaydi. devir degisti mi?
yiikselen yeni yildiz rap mi? Aynen,. hatta Tirkiye'de rock, bizim rapin yasadigi ¢ikisi yasamistt
Tiirkiye'de rock. Inanilmaz bir dsnemdi. Bben bayilirdim o zaman, {izgiiniim baya. Ben de saglam rock
miizik dinleyicisiydim. Tiirk¢e rock'm Tiirkce rap gibi ¢iktig1 bir donem vardi. inanilmaz. Gruplar siirekli
festivallerde; Cilekes Direc-t, Kurban, Duman... Siirekli yeni bir seyler ¢ikariyorlar, deneyseller Tiirkiye
icin. Agikcasi Tiirkiye'de yapilan herhangi bir seyle gurur duyuyorum zaten. Ama {iziiliyorum rock
miizigin geldigi noktaya. Ben soyle diisiiniiyorum, bu bir devir daim. Rapin aslinda s6yle bir giict var:
rap uyum saglayabilen bir miizik. Biraz su gibi. bulundugu kabin seklini rock'a gére daha rahat alabilen
bir tiir. Ciinkdi rapi bir enstriiman gibi diigiin altyapistyla. Bunu ritim olan herhangi bir seyin iistline rap
yapabilirsin,. bariyerleri biraz daha sinirsiz. Biz bugiin Ttrap kullaniyoruz, auto-tone'la miizik yapiyoruz.
Bbu demek degil hep boyle gidecek. 2010'larin basinda rap, house miizikle bir ara ¢ok i¢ i¢e girmisti.
Rr&Bb, soul miizik, her zaman kendine bir yer ve kalip bulabilen bir tarz. Su an igin yiikselen yeni yildiz
rap, Tirk¢e rock zamani igin de soyle bir degerlendirme yapabilirim, rock pop olmustu. Gergekten 6z
rock, hi¢ oryantal bir etkilesim olmadan esinlenme olmadan bangir bangir rock pop olmustu. Sonradan
miizik poplagsmaya basladi. Yiikselen rock gruplarinin su an yaptigi, rock'in geldigi hal kivami daha garip
bir Ttiirkce Rrock var su an ortada. Onun da sebebinin bu oldugunu diigiiniiyorum. Rrapin boyle
olmasiin sebebi insanlar artik bu sertligi ve ritmi ya da kendi kafasin sallatacak seyi ve enerjisini
atabilecek seyi rapte buluyor. Su anki hali enerjik degil ama rock'in m. Modasi ge¢gmis durumda. -Sozleri
belli bir kalip iizerine mi yaziyorsun? Belli bir tarzin ve teknigin var mi1? Yoksa o anda hissettigin her
neyse birden mi geliyor? Baska bir tarz da deneyebilir misin bir giin? Dediklerinin hepsinin toplami gibi
aslinda. Mesela miizik yapacagiz, ortada bir altyap1 var veya higbir sey yok, o tamamen o anda yavas
yavas olusmaya basliyor. Bos beat dedigimiz, sadece altyapi, s6z yok bir sey yok, duydugum zaman ilk
aklima gelen sey, bundan ne yapilabilir? Bu altyapiyla hislerim, sesim uyabilir mi? Ve dinledigim anda
sunu diisiinmeye bagsliyorum: nasil bir nakarat ¢ikarabilirim? Bu sarkinin hissiyati ne? Bu hissiyata gore
nasil bir konu izleyebilirim, nasil bir slogan bulabilirim? Suna ¢ok dikkat ederim, sarkiya girisin ¢ok
onemli olmasi lazim. Sarkiya girerken iyi girersen insanlari tutarsin. Devamini dinlemeye devam ederler.
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Boyle kiiciik seylere dikkat ediyorum. Rapte zaten olan normal teknik olarak yapman gereken seyler.
“Flow” dedigimiz bir sey var; akicilik, yani ritmin {istiine senin boldiigiin ritimler. Bunlarin hepsinin
teknik olarak mantikli bir sekilde birlestigi bir sey yapmaya ¢alistyorum ama bu siiregte tamamen i¢inden
gelme, o ilham dedikleri de oluyor. Bir iki seye dikkat edip sonra kalemi kendine birakiyorum o sekilde
gidiyor. Bazen oluyor koca bir yeri yazityorum ama o son dortliigli yazamiyorum. Ciinkii bakiyorum tam
bu degil. Bbir hafta sonra yaziyorum belki. O an bes dakikada yaziyorum ama g¢ok degisen bir sey.
“Felaket”i mesela hi¢ altyapi olmadan enstriiman olmadan dolmusta giderken mirildanarak yaptim.
Hayatimda ilk defa dyle bir beste yaptim ama ikinci verse'iinii aylar sonra Aankara'da yazdim mesela.
Istanbul'daydim o zaman. Ankara'ya doner dsnmez aldim gitar1 elime, stiidyoyaya girdim caldim gitar,
baslar1 olustu altyapi, iistiine kaydettim. Sarki sana kendini yazdiriyor zaten.

Summaried Text

Son dénemlerin parlayan yildiz1 iinlii rapgi Sercan Ipekgioglu, herkesin tanidig1 ismiyle "Ezhel", rap
miizigi ve kendisini anlatt1.

Category

Kiltiir Sanat

Headline

Cayir Cayir Rap Yapiyorum
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Appendix D. Five Examples of the Collected Data from the TR-News-Sum Dataset
(Continues)

5t Example.

Main Text

Italya iilkedeki biitiin okullar1 ve {iniversiteleri siiresiz olarak kapatarak, 4 Mart Carsamba giiniinden
itibaren coronaviriisiiniin yayilmasini engellemek adina acil dnlemler aldi. Avrupa’nin en ¢ok etkilenen
iilkesinde, Oliim sayilar1 giderek artiyor. Sivil Koruma Ajansinin (Civil Protection Agency) yaptigi
aciklamaya gore, Italya’daki toplam &liim sayis1 107 olurken, son 24 saat igerisinde viriis sebebiyle 6liim
sayis1 28 kisi olarak belirlendi. Egitim Bakani Lucia Azzolina, “ Tiim iilkede, Persembe giiniinden
itibaren tiim okullarin ve tiniversitelerin en azindan 15 Marta kadar kapali olacak” dedi. Su ana kadar
sadece biiylik risk altinda olan ve fazlaca etkilenen Kuzey Bolgesinde okullar tatil edilmisti. Salginin 13
giin Oncesinde ortaya ¢ikmasindan bu yana vaka sayist Sali giinii 2.502’den 3.089’a yiikseldi. Sivil
Koruma Ajansi bagkani Angelo Borelli hastaliga yakalananlarin yaklagik %3,5’inin 6ldiigiini s6yledi.
Hiikkiimet giinde yaklagik 500 kisi artan vaka sayisindan sonra bir kararname yiiriirlige koyarak
onlemlerle alakali durumun ne kadar ciddi seviyede oldugunu duyurdu. Bagbakan Giuseppe Conte basina
yaptig1 aciklamada hastanelerdeki verimlilige ragmen asirt yogunluk sebebiyle doktorlarin bunalmis
olma riski altinda oldugunu, yogun bakim {initelerinde sorunlar yasadiklarini belirtti. Kararname,
“Insanlarm kalabaliklasmasini ve en az bir metre yakinlik mesafelerini koruyamayacaklar1 her tiirden
olaym askiya alinmas1” maddesini igeriyor. Ayn1 zamanda sinemaya ve tiyatrolarin kapanmasi, insanlara
sarilma veya el sikigsma gibi yakin temas gerektiren biitiin fiziksel temaslardan kaginmalar1 uyarilar
kararname dahilinde. Okullarin kapanmasi ise bazi 6grencilerde seving uyandirirken, ebeveynler durumla
ilgili oldukca endiseliler. Roma’da bir ilkokul 6grencisinin velisi Massimiliano Del Ninno, “ Bu
kararnameyi destekliyoruz, cinki okullarda yayilabilecek olan herhangi bir salgin bizleri ¢ok
korkutuyor. Risk altinda olmayan bir yas grubu olsalar da, tasiyici olma ihtimalleri hala var” dedi.
Summaried Text

Italya iilkedeki biitiin okullar1 ve iiniversiteleri siiresiz olarak kapatarak, 4 Mart Carsamba giiniinden
itibaren coronaviriisiiniin yayilmasini engellemek adina acil 6nlemler aldi. Avrupa’nin en ¢ok etkilenen
iilkesinde, 6liim sayilar1 giderek artiyor.

Category

Saglik

Headline

Coronaviriis Sebebiyle Olenlerin Sayis1 107°ye Sigrad, italya’da Okullar Tatil Edildi
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Appendix E. Three Summarization Examples of Three Proposed Neural Network
Models from the TR-News-Sum Dataset (Continues)

1t Example.

Main Text

Bu anlagmada, ortalama kiiresel sicaklik artiginin, sanayilesme 6ncesi doneme gdre 2 santigrat derecenin
oldukga altinda tutulmasi ve bunun en fazla 1,5 santigrat derece ile sinirlandirilmasi asil amag haline
geldi.

Gelismis ve gelismekte olan iilkelerden periyodik olarak secilen iki es baskan 6nderliginde anlagmanin
taslak hali olusturulmustu. 21. Taraflar Kongresi 2015 yilinda Paris’te toplandiginda son halini alan
anlagmanin, 2020 yilinda yiirtirliige girecegi hedeflendi. Paris Anlagmasini Kyoto Protokoliinden ayiran
en temel fark, iilkelerin siniflandirilmasi konusu. Ulkeler zamaninda olusturulmus ve giincelligini
yitirmis gelismislik seviyesi siniflandirilmasindan arindirilnus, “Gelismis Ulkeler” ve “Gelismekte Olan
Ulkeler” olarak ikiye ayrilmistir. Diger bir onemli fark ise sera gazi emisyonlarinin azaltilmasina yonelik.
Kyoto Protokoliinde iilke bazinda sayisal bir hedef belirlenmisken, Paris Anlagmasinda ortalama kiiresel
sicaklik artigina yonelik hedefler vardir. Bu anlagmada, ortalama kiiresel sicaklik artiginin, sanayilesme
dncesi doneme gore 2 santigrat derecenin oldukga altinda tutulmasi ve bunun en fazla 1,5 santigrat derece
ile smirlandirilmast asil amag¢ haline geldi. Yani temelde mesele, sadece gelismis lilkelerle ¢oziime
ulasmak degil, kiiresel iklim degisikligi riskine karsi tiim iilkeleri paydas olarak ele alip birlik olunmasi
cagirisinin yapilmastydi.

Meclisten Gegirerek Yiiriirliige Koymayan 10 Ulkeden Bir Tanesi Tiirkiye

Paris Tklim Anlagmas1 7 Ekim 2019 tarihinde Rusya’da yiiriirliige girdi. New York’ta yapilan Birlesmis
Milletler Zirvesi sirasinda anlagmaya katilim saglayacagi beyaninda bulunan Rusya ile birlikte anlagmaya
katilim saglayan tilke sayisi, Avrupa Birligi de sayilirsa 187’ye ulasti. Rusya’nin da listeye eklenmesi ile
birlikte diinya ¢apinda, 197 iilke arasinda anlagmay1 meclislerinden gegirerek yiriirlige koymayan 10
tilke kaldi. Bunlardan bir tanesi ise Tiirkiye. 2016 Nisan aymda yapilan temsili imza giiniine katilarak
anlasmay1 imzalayan Tiirkiye, sonrasinda niyet beyanlarinda bulunurken politikalarini agikladi. Tklim
sartlarini geri ¢evirmeye yonelik olmasa da olumsuz sartlart durdurmaya yoénelik alinacak olan aksiyon
planint politikalar1 icerisinde agiklayan Tirkiye, cografi konumu sebebiyle riskli bir noktada yer
almaktadir. Izmir Yiiksek Teknoloji Enstitiisii Cevre Miihendisligi boliimiinde 6gretim iiyesi olan
Profesér Doktor Aysun Sofuoglu konu ile ilgili “Tiirkiye i¢in yapilan risk analizinde Kuzey Afrika iklim
kusaginin Tiirkiye’ye kaymasi sonucu kuraklik ve buna istinaden orman yanginlarinda artig vs. gibi
durumlarin 6zellikle Giineydogu, Akdeniz ve Ege bdlgesinde etkin olacagi risk olarak ifade
edilmektedir.” diyerek bunlarin Cevre Bakanligi raporlarinda da yer aldigimi belirtiyor. En biiyiik
sorunlardan birinin kitlesel go¢ler olacagini, insanlarin yasanilabilir yeni yerler arayacaginin altini ¢izen
Sofuoglu, “Tarimda susuzluk nedeniyle rekolte diismesi, ya da {irlinii yetistirmemenin ekonomik
kayiplara neden olacag agiktir.” diyerek konunun ekolojik sonuglarinin yani sira ekonomik sonuglarina
da deginiyor.

Sofuoglu, “Tiirkiye i¢in konusursak, ekolojik ve sosyoekonomik agidan iklim degisikligi stresi karsisinda
da 6nlemler almistir, belirledigi strateji ve politikali mevcuttur” diyor ve ekliyor;

“Tirkiye'nin 6zellikle iklim degisikligine uyum siireci altinda belirledigi strateji ve politikalar
mevcuttur. Ulusal Iklim Degisikligi Uyum Stratejisi ve Eylem Plan ile Tiirkiye’de iklim degisikliginden
etkilenebilirlik alanlarini temel alarak: Su Kaynaklart Yonetimi, Tarim ve Gida Giivencesi; Ekosistem
Hizmetleri, Biyolojik Cesitlilik ve Ormancilik; Dogal Afet Risk Yonetimi; Insan Saglhgi alaninda gesitli
eylemler yer almaktadir. Ornegin atik sularin aritildiktan sonra tarim ve sanayi sektoriinde kullanilmasi
tesvik edilmesi gibi...”

“Bagka Alternatifimiz Yok”

Tiirkiye’nin belirlenen sartlara uyup uymayacagi konusunda, Ege Universitesi Tktisadi Idari Bilimler
Fakiiltesi Iktisat Boliimii Ogretim Uyesi Dogent Doktor Menevis Uzbay Pirili, “Diinya artik kapitalizm
iizerinden ilerliyor. Diinyada dnde gelen sirketlerin CEO’lar1 her sene Davos’ta toplanip “World
Economic Forum™u (Diinya Ekonomi Forumunu) gergeklestiriyorlar. Bu insanlar i¢in kapitalist toplumun
kalbi diyebiliriz. Her sene bir risk raporu yayinlarlar ve bu risk raporunda hangi alanda yatirim yapilmali,
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riskler nedir gibi konular yer alir. Son raporlarinda belirlenen en biiyiik risk gevresel riskler olarak
belirlendi.” diyerek konunun ekolojik ve ekonomik kismina dikkat cekti.

“10 sene onceki raporda ¢evresel riskler en asagilarda yer aliyordu. Bu kapitalizmin artik yesil enerjiye,
stirdiiriilebilir diinyaya, ekolojik sistemle uyumlu yatirimlara yoneldigini gosterir. Dolayisiyla para ve
teknoloji artik bu sekilde sekillendigi i¢in Tiirkiye belirlenen sartlar1 yerine getirmek zorunda. Bagka
alternatifimiz yok.” dedi.

Summarized Text from the Dataset

Paris Iklim Anlagmasi diinya ¢apinda 187 iilke tarafindan imzalanarak 2020 yilinda yiiriirliige girdi. Bu
anlagsmada, ortalama kiiresel sicaklik artiginin, sanayilesme dncesi déneme gore 2 santigrat derecenin
oldukga altinda tutulmasi ve bunun en fazla 1,5 santigrat derece ile sinirlandirilmasi asil amag halindedir.
Anlagmay1 imzalamayan 10 {ilkeden biri Tiirkiye iken, anlasmanin uluslararasi giiven g¢ercevesinde
incelenmesiyle Tiirkiye sinifta kalan iilkeler arasinda yer almistir.

Summarized Text by (i) Attention Based Seq2Seq Neural Network
ConceptNet-Numberbatch

sicaklik <UNK> sanayilesme Oncesi 2 <UNK> <UNK> altinda <UNK?> bunun 1 derece asil <UNK>

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network
ConceptNet-Numberbatch

Ortalama kuresel <UNK> <UNK?> sicaklik sanayilesme <UNK> dncesi gore 2 <UNK> oldukg¢a altinda
bunun fazla 1 derece asil amag <UNK> <UNK>

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network
ConceptNet-Numberbatch

Ortalama sicaklik <UNK> sanayilesme 6ncesi 2 <UNK> altinda <UNK> 1 derece <UNK> asil

Summarized Text by (i) Attention Based Seq2Seq Neural Network
fastText

kiiresel sicaklik artiginin sanayilesme dncesi doneme gore 2

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network
fastText

anlagmada ortalama kiiresel sicaklik artiginin sanayilesme 6ncesi doneme gore 2 derece

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network
fastText

anlagsmada ortalama sicaklik artiginin sanayilesme 6ncesi doneme gore 2
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Appendix E. Three Summarization Examples of Three Proposed Neural Network

Models from the TR-News-Sum Dataset (Continues)

2" Example.

Main Text

Giiney Kore, Coronaviriis’iin (Covid-19) miicadelesinde Diinya Saglik Orgiitii tarafindan &rnek
gosterildi.

2019 yilimin Aralik ayinda, Cin’de birdenbire sebebi agiklanamayan zatiirre olgular1 ortaya ¢ikmaya
basladi. Yapilan aragtirmalar, bu zatiirre vakalarinin daha Onceden tanimlanmamig yeni bir tip
Coronaviriis oldugunu ortaya cikardi. Coronaviriisler 21. Yiizyil’da kesfedilmis ve 1960°dan sonra
insanlarda hafif solunum yolu hastaliklarina neden oldugu anlasilmis, tiim diinyada yaygin bulunan
viruslerdir.

Glney Kore Tecrubeli

Cin’den sonra Coronaviriis vakasinin en ¢ok goriildiigii lilkelerden biri olan Giiney Kore; Diinya Saglik
Orgiitii tarafindan miicadalede de drnek gosterilmistir. Giiney Kore’de vaka sayisi1 yiiksek olmasina
ragmen yasamini yitiren kisi sayis1 oldukea diisiik. Onlemler arttik¢a, vaka sayilarinda da oldukea diisiis
goriildi ve bu sekilde viriise karsi lilkede etkili ¢aligmalar yiiriitiildii.

Giiney Kore, 6nceki yillarda Mers hastaligindan edindigi deneyimle Coronaviriis’e karsi basarili bir
miicadele verdi. Uzmanlar bu miicadelenin en énemli yardimecisinin test oldugunu sdyliiyor. Giiney
Kore’de uzmanlar testlere yonelmisler ve test test test demiglerdir. Test kiti gelistirmek i¢in de hizl
hareket etmislerdir. Viriis siiphesi duyulan herkese test uygulamislardir. Hafif semptom gosterenlerin
kamuya agik alanlara ¢ikmasi engellenmistir. Hizli 6nlemlerle, hizli bir gelisme gostermiglerdir.
Summarized Text from the Dataset

Viriisle Miicadelede Ornek: Giiney Kore

Giiney Kore corona viriisiin (Covid-19) miicadelesinde Diinya Saglik Orgiitii tarafindan 6rnek gosterildi.
Cin’den sonra corona viriis vakasimin en ¢ok goriildiigii iilkelerden biri olan Giiney Kore; daha 6nceleri
iilkelerinde goriillen MERS hastaligindan edindigi deneyimle, corona viriise kars1 basarili oldu. Ulkede
vaka sayisi yiiksek olmasina ragmen yasamini yitiren kisi sayisi oldukea diisiik.

Summarized Text by (i) Attention Based Seq2Seq Neural Network

ConceptNet-Numberbatch

ornek giiney kore corona covid miicadele <UNK> <UNK>

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network

ConceptNet-Numberbatch

giiney kore <UNK> <UNK> corona covid

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network
ConceptNet-Numberbatch

ornek giney kore <UNK> <UNK> giiney kore corona covid

Summarized Text by (i) Attention Based Seq2Seq Neural Network

fastText

giiney kore coronaviriis’iin orgiitii kore diinya saglik orgiitii kore sonra

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network

fastText

giiney kore coronaviriis’iin covid 19 miicadelesinde diinya saglik orgiitii tarafindan

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network

fastText

covid 19 miicadelesinde diinya saglik orgiitii tarafindan 6rnek gdsterildi 2020
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Appendix E. Three Summarization Examples of Three Proposed Neural Network
Models from the TR-News-Sum Dataset (Continues)

3" Example.

Main Text

Avrupa Uzay Ajansi’nin (ESA) ortaya koydugu yeni bir ¢aligma ile Samanyolu Galaksisinin egriliginin
zaman igerisinde degistigini kesfetti. Bu gelismeler ile birlikte uzay1 ve kendi evrenimizi tanimaya bir
adim daha yaklagtik. Bu yolla yillardir gizem olarak kalan ve evrenimizi tanimamiza bilyiik katki
saglandu.

Giines sistemini de i¢inde barindiran Samanyolu Galaksisini tanimak ve haritalandirmak i¢in Avrupa
Uzay Ajansi’nin (ESA) baslattigi proje kapsaminda Gai uydusunu kullanan uzmanlar sarmal galaksinin
donerken neden diger galaksiler gibi davranmadigi sorusuna cevap getirdi. Bu gelismeler sayesinde
ileride yapilacak ¢alismalar i¢in yeni ufaklar ve ¢aligma alanlar1 agildi.

Bilim insanlar1 1950’den beri tamamen diiz olmadigimi biliyorlar ancak bunun nedeni yapilan son
calismalara kadar tam olarak bilinmiyordu. Ancak GAI uydusuyla yapilan son analizler sonucunda
Samanyolu Galaksisindeki dalgalanmanin sebebi 11 milyar y1l 6nce galaksinin merkezine yakin bir yerde
meydana gelen ¢arpismadan kaynaklaniyor.

Ote yandan Avrupa Uzay Ajansin (ESA) daki uzamanlar yakindaki bir galaksinin ¢ekim etkisisinin
egrilige neden olup olamadigi konusunda emin degiller. Caligmanin bagyazart Turin Astrofizik
Gozlemevi’nden Eloisa Poggio,”’ Verileri modellerimizle karsilagtirarak egrilik hizin1 6l¢tiik bu yolla
evrenimizi ve galaksi izi tanimaya bir adim daha yaklastik ve bu gelismeler oldukca heyecan verici’
‘dedi.

Ayrica Uluslar Arast Uzay Ajansindan (ESA) Poggio,elde edilen hiza olarak egriligin Samanyolu
merkezinin etrafinda doniisiinii 600 ila 700 milyon yilda tamamlayacagini soylerken elde edilen verilen
verilerin beklenenden ¢ok daha fazla oldugunun ve bu veriler 1g1g8inda pek ¢ok baska c¢aligmanin ve
projenin de baslatilacaginin da altini gizdi.

Summarized Text From the Dataset

Avrupa Uzay Ajansi’nin (ESA) ortaya koydugu yeni bir ¢aligma ile Samanyolu Galaksisinin egriliginin
zaman igerisinde degistigini kesfetti. Bu gelismeler ile birlikte uzay1 ve kendi evrenimizi tanimaya bir
adim daha yaklastik. Bu yolla yillardir gizem olarak kalan ve evrenimizi tamimamiza biyiik katki
saglandi.

Summarized Text by (i) Attention Based Seq2Seq Neural Network

ConceptNet-Numberbatch

avrupa uzay ortaya yeni bir ¢aligma ile kegfetti <UNK>

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network

ConceptNet-Numberbatch

avrupa uzay ortaya <UNK> calisma kesfetti

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network
ConceptNet-Numberbatch

avrupa <UNK> <UNK> uzay <UNK> <UNK> saglandi <UNK>

Summarized Text by (i) Attention Based Seq2Seq Neural Network

fastText

avrupa uzay ajansi’nin ajansi’nin ajansi’nin ajansi’nin esa ajansi’nin esa baslattig

Summarized Text by (ii) Pointer Generator Seq2Seq Neural Network

fastText

avrupa uzay ajanst’nin esa ortaya koydugu yeni bir ¢aligma bigimi

Summarized Text by (iii) Reinforcement Learning Based Seq2Seq Neural Network

fastText

avrupa uzay ajansi’nin esa ortaya koydugu yeni bir yontem gelistirdiler
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