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Abstract

The era of transfer learning has revolutionized the fields of Computer Vision and Natural Language Processing,
bringing powerful pretrained models with exceptional performance across a variety of tasks. Specifically, Natural
Language Processing tasks have been dominated by transformer-based language models. In Natural Language
Inference and Natural Language Generation tasks, the BERT model and its variants, as well as the GPT model and
its successors, demonstrated exemplary performance. However, the majority of these models are pretrained and
assessed primarily for the English language or on a multilingual corpus. In this paper, we introduce GreekBART,
the first Seq2Seq model based on BART-base architecture and pretrained on a large-scale Greek corpus. We
evaluate and compare GreekBART against BART-random, Greek-BERT, and XLM-R on a variety of discriminative
tasks. In addition, we examine its performance on two NLG tasks from GreekSUM, a newly introduced summariza-
tion dataset for the Greek language. The model, the code, and the new summarization dataset will be publicly available.

Keywords: Natural language processing,
Natural Language Generation, Zero-shot learning.

1. Introduction & Related Work

Transfer learning has revolutionized the field of ma-
chine learning, particularly in Computer Vision and
Natural Language Processing (Krizhevsky et al.,
2017). It has become a popular approach to ad-
dress the challenge of insufficient training data in
real-world machine learning applications. Espe-
cially, transformer (Vaswani et al., 2017) based pre-
trained models, like BERT (Devlin et al., 2019) and
its variants, are broadly used in Natural Language
Processing, as have been shown to be effective
in many tasks (Vaswani et al., 2017; Devlin et al.,
2019).

BART (Lewis et al., 2020) is a denoising auto-
encoder for pretraining sequence-to-sequence
models. The unsupervised pretrained BART learns
a language model that can be fine-tuned for specific
NLP tasks. While BART is well-suited for machine
translation, question-answering, and text summa-
rization tasks, it is also effective in sequence clas-

Pre-training, Transfer learning, Sequence-to-sequence models,

sification tasks.

In recent years, extensive research has been done
on various languages, excluding English result-
ing in language models like CamemBERT (Mar-
tin et al., 2020), BARThez (Kamal Eddine et al.,
2021), CAMeLBERT (Inoue et al., 2021), AraBART
(Eddine et al., 2022), BETO (Cafiete et al., 2020),
NASes (Ahuir et al., 2021), and BARTpho (Tran
et al., 2021). In addition to monolingual models,
there has been a range of multilingual language
models introduced with the objective of learning
multiple languages concurrently by pretraining on
diverse language corpora. M-BERT (Devlin et al.,
2019), XLM (Conneau and Lample, 2019) and
XLM-R (Conneau et al., 2020) are notable exam-
ples of such models, pretrained on a wide range
of languages. Also, mBART (Liu et al., 2020),
a multilingual version of BART, and its extension
mBARTS50 (Tang et al., 2020) were pretrained on
25 and 50 languages, respectively. All the afore-
mentioned multilingual models, except for mBART

7949

LREC-COLING 2024, pages 7949-7962
20-25 May, 2024. © 2024 ELRA Language Resource Association: CC BY-NC 4.0



and mBART50, support Greek. Recently, Chat-
GPT!, based on GPT-3 (Brown et al., 2020) and
GPT-4 (OpenAl, 2023) architectures, excels in gen-
erating high-quality text sequences for tasks like
summarization and question answering. However,
multilingual models cannot compete with the perfor-
mance of monolingual models in most NLP tasks
(Singh and Lefever, 2022).

Compared to widely spoken languages, Greek has
limited linguistic resources and undeveloped re-
search in deep learning models. However, efforts
are underway to develop datasets, models, knowl-
edge bases, and frameworks for Greek NLP. Out-
sios et al. (2018) presented the production of Greek
word embeddings, where a large corpus of about
50GB, crawled from about 20 million URLs, was
used for their work. Later, Lioudakis et al. (2020)
presented an ensemble method, Continuous Bag-
of-Skip-grams, for extracting word representations
for Greek. Recently, Koutsikakis et al. (2020) em-
ployed Greek-BERT, the first transformer-based
language model pretrained on a 29GB dataset,
achieving state-of-the-art performance in Greek
NLP tasks. It is worth noting that Papantoniou and
Tzitzikas have provided a thorough survey (Papan-
toniou and Tzitzikas, 2020) of NLP work in Greek.
In this study, we address the challenge posed
by the limited effectiveness of multilingual models
compared to monolingual models, as well as the
scarcity of deep language models specifically de-
signed for the Greek language. Thus, we propose
GreekBART, the first pretrained Seq2Seq mono-
lingual model for Greek. GreekBART is based on
the BART-base architecture pretrained on a large
monolingual Greek corpus. Our model exceeds
the possibilities of Greek-BERT (Koutsikakis et al.,
2020), focusing on generative tasks. GreekBART
is evaluated on two different generative tasks and
on four discriminative tasks. Our model? is openly
accessible to those interested in extending its ap-
plications or benefiting from our contributions.

2. GreekBART

Our model is based on BART g45E (Lewis et al.,
2020). It consists of 6 encoder and 6 decoder lay-
ers with 768 hidden dimensions. Each encoder
and decoder has 12 attention heads, and normal-
ization layers are applied to both (Liu et al., 2020).
The model has approximately 181M parameters.
Our approach follows a similar methodology as Ka-
mal Eddine et al. (2021), where a pretrained mono-
lingual model is used in a different language from
English, following the techniques of BART (Lewis
et al., 2020) and mBART (Liu et al., 2020).

1https://openai.com/blog/chatgpt
thtps://github.com/iakovosevdaimon/
GreekBART

Corpus Size b_efore Size :afte_r
deduplication | deduplication

OSCAR 51.7 44.6

Greek Web Corpus 38.4 30.9

Wikipedia 0.9 0.9

EuroParl 0.5 0.5

Total 91.5 76.9

Table 1: Datasets which consists of the GreekBART
pretraining corpus (sizes in GB, before and after
cleaning and deduplication).

2.1.

The pretrained corpus for GreekBART consists of
the Greek part of Wikipedia®, the Greek part of Eu-
roParl (Koehn, 2005), the Greek part of OSCAR
(a clean version of CommonCrawl) (Abadji et al.,
2022), and the Greek Web Corpus (Outsios et al.,
2018). These corpora cover a wide range of text
types, including formal and informal text, news arti-
cles, encyclopedic information, and political conver-
sations. The corpora were deduplicated using the
runiq package*. The final corpus was tokenized us-
ing SentencePiece (Kudo and Richardson, 2018),
resulting in a vocabulary of 50K sub-words and a
character coverage of 99.95%. The corpus size
was 76.9GB before tokenization and 87.6GB after
tokenization.

Pretraining corpus

2.2. Training details

We followed the same pretraining process as BART
for GreekBART. We utilized text infilling and sen-
tence permutations. Pretraining was conducted on
a GPU cluster with a batch size of 768, 000 tokens
per GPU and an update frequency of 128. The
initial learning rate was 6.10~4, and it decreased
linearly during the training process. A warm-up
phase covering 6% of the total training steps was
implemented, while the dropout rate was set to 0.1
for the initial 12 epochs. From epochs 12 to 16, the
dropout rate was reduced to 0.05, and finally, it was
set to zero from epochs 16 to 20. The experiments
were conducted using the Fairseq library (Ott et al.,
2019).

3. GreekSUM

Transformer-based Seq2Seq models, including
BART, can perform not only extractive but abstrac-
tive summarization, as well. This type of summa-
rization is one of the most central and challenging
evaluation tasks in NLP. However, there is not any
available summarization dataset for the Greek lan-
guage. Therefore, we created the first dataset in

Shttps://dumps.wikimedia.org/elwiki/
4https ://github.com/whitfin/runiqg
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the Greek language, well-suited to the abstractive
summarization task. Our main goal was to cre-
ate a Greek version equivalent of the OrangeSum
dataset (Kamal Eddine et al., 2021) and XSum
dataset (Narayan et al., 2018).

3.1. Data collection & Processing

We scraped data from the "News24/7" website®, a
prominent news source in Greece, spanning from
October 2007 to June 2022. Our dataset included
articles in five major categories: politics, society,
economy, culture, and world, which were used for
two summarization tasks: GreekSUM Title and
GreekSUM Abstract.

To ensure data quality, we filtered out empty arti-
cles, those with very short titles or abstracts, and
eliminated duplicates based on content similarity.
We also removed articles with abstracts resembling
introductions rather than summaries, discarding
10% of articles with the highest proportion of novel
unigrams in the abstracts (threshold of 46.7% novel
unigrams). For testing and validation, 10k pairs
were reserved for each, with the remaining pairs
used for training. The released GreekSUM dataset
can be reproduced using our code®.

3.2. Analysis

Comparing GreekSUM with OrangeSum, XSum,
CNN, DailyMail, and NY Times datasets (Hermann
et al., 2015), we observe that GreekSUM and Or-
angeSum have similar average document and sum-
mary lengths. GreekSUM is also comparable in
scale to XSum. Extractive methods (i.e. LEAD
and EXT-ORACLE) show poor performance on
GreekSUM, indicating that the dataset is less bi-
ased towards extractive models. Thus, GreekSUM
appears to be more abstractive than traditional sum-
marization datasets (CNN, DailyMail, NY Times).
However, the summaries and titles of GreekSUM
exhibit less novelty compared to OrangeSum and
XSum, with 20.6% novel unigrams in abstracts and
26.7% in titles (compared to 30% and 26.5% in
OrangeSum and 35.7% in XSum). Therefore, the
summaries in GreekSUM are not as abstractive as
desired.

4. Experiments

In this section, we present the results of our exper-
iments in two types of tasks: discriminative and
summarization. For discriminative tasks, we com-
pare GreekBART with BART-random, Greek-BERT
(Koutsikakis et al., 2020), and XLM-R (Conneau

Shttps://www.news247.gr/
Shttps://github.com/iakovosevdaimon/
GreekSUM

et al., 2020) models. We fine-tuned all models on
the tasks and evaluated them against monolingual
and multilingual baselines.

In the summarization task, we compare Greek-
BART, BART-random, and two versions of mBART
(Liu et al., 2020; Tang et al., 2020): mBART25 and
mBART50. mBART models are pretrained on mul-
tiple languages excluding Greek. Therefore, we
performed zero-shot learning for the summariza-
tion task. On the other hand, the BART-random
model uses the same architecture and vocabulary
as GreekBART, however, it is trained from scratch
on the downstream tasks.

4.1.

Apart from generative tasks, the BART model also
demonstrates remarkable performance in discrim-
inative tasks (Lewis et al., 2020). We examine
the performance of the models (i.e. Greek-BERT,
XLM-R, BART-random, GreekBART) on four dis-
criminative tasks:

Discriminative tasks

+ 2 NCC tasks (News Category Classifica-
tion tasks): For the first classification task, we
used the novel summarization dataset, Greek-
SUM (see section 3). We considered the five
distinct subjects that an article may fall into
as its labels. Whereas, in the second clas-
sification task, we used the proposed Greek
classification dataset of Lioudakis et al. (2020),
which was created from articles from Makedo-
nia newspaper. The dataset contains 8005
articles from 18 different categories.

+ Natural Language Inference: Cross-lingual
Natural Language Inference Corpus (XNLI)
(Conneau et al., 2018) contains pairs of sen-
tences. The objective of this task is to deter-
mine whether the first sentence, also known as
the premise, entails, contradicts, or is neutral
in relation to the second sentence, referred to
as the hypothesis.

+ Sentiment Analysis task: We used a publicly
available sentiment analysis dataset” about
movies’ reviews in Greek. To distinguish be-
tween positive and negative reviews, we es-
tablished a threshold of 3 out of 5. Ratings
above this threshold were categorized as posi-
tive reviews, otherwise as negative reviews.

4.1.1. Results

Table 3 reports the test set accuracy on the four
different tasks. We compare our model with Greek-
BERT (Koutsikakis et al., 2020), XLM-R (Conneau

"https://www.kaggle.com/datasets/
nikosfragkis/greek-movies-dataset
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Dataset % of novel n-grams in gold summary LEAD EXT-ORACLE
unigrams bigrams trigrams 4-grams | R-1 R-2 R-L R-1 R-2 R-L
CNN 16.75 54.33 72.42 80.37 29.15 11.13 25.95 | 50.38 28.55 46.58
DailyMail 17.03 53.78 72.14 80.28 40.68 18.36 37.25 | 55.12 30.55 51.24
NY Times 22.64 55.59 71.93 80.16 31.85 15.86 23.75 | 52.08 31.59 46.72
XSum 35.76 83.45 95.50 98.49 16.30 01.61 11.95 | 29.79 08.81 22.65
OrangeSum Title 26.54 66.70 84.18 91.12 19.84 08.11 16.13 | 31.62 17.06 28.26
OrangeSum Abstract 30.03 67.15 81.94 88.3 22.21 07.00 15.48 | 38.36 20.87 31.08
GreekSUM Title 26.7 67.9 84.5 91.4 14.68 04.46 14.37 | 23.36 07.39 23.12
GreekSUM Abstract 20.6 50.8 65.3 73. 17.11 06.17 16.69 | 34.18 14.17 33.93

Table 2: Degree of abstractivity of GreekSUM compared with that of other datasets. It depicts that
GreekSUM follows XSum, and OrangeSum, being more abstractive than traditional summarization

datasets.

et al., 2020), and BART-random. For all mod-
els, their corresponding BASE architecture is used.
Among the models, we observe that GreekBART
is the best in almost all discriminative tasks, except
for the sentiment analysis task, where Greek-BERT
achieved the best performance. Generally, it is
common for BERT models to perform better than
BART models in that kind of tasks. The perfor-
mance of our model (i.e. GreekBART) verifies the
results of BART paper (Lewis et al., 2020) that mod-
els based on that architecture perform well on both
generative and discriminative tasks.

4.2. Summarization

We evaluate our model in two summarization tasks:
predicting article titles (GreekSUM Title) and ab-
stracts (GreekSUM Abstract) based on content. We
compare GreekBART with mBART25, mBART50,
and BART-random, alongside extractive baselines
EXT-ORACLE and LEAD (Narayan et al., 2018).
The LEAD technique generates a summary by ex-
tracting the first N sentences from the document,
with IV set to 1 in our case. On the other hand,
EXT-ORACLE selects the set of sentences from
the document that maximizes a specific score, with
ROUGE-L being the score used in our implementa-
tion. In particular, we extracted the one sentence of
the document with the highest ROUGE-L score. Ta-
ble 4 shows ROUGE (Lin, 2004) and BERTScores
(Zhang et al., 2019), calculated using M-BERT (De-
vlin et al., 2019) and Greek-BERT model.

4.2.1. Results & Human Evaluation

In Table 4 we compare the performance of our mod-
els fine-tuned on the summarization task. Even
though GreekBART is a BART-BASE model and it
is compared with BART-LARGE models, it is able
to achieve better performance than all other models
in the task of GreekSUM abstract. Only mBART50
achieves a slightly higher BERTScore than Greek-
BART when evaluated using the M-BERT model.
On the other hand, both mBART models surpass
our model in the GreekSUM title task. Although,

even in that task the performance of GreekBART
is comparable to one of the two mBART models,
both in terms of ROUGE and BERTScore. Our eval-
uation indicates that mBART50 and GreekBART
are the most promising models for the two summa-
rization tasks. It is remarkable the fact that both
mBART models, which are not pretrained on the
Greek language, are capable to achieve a good
performance due to the size of GreekSUM dataset,
which contains more than 100k training samples.
Interestingly, mBART50 outperforms mBART25 in
both ROUGE and BERTScore, possibly due to the
additional languages supported.

The human evaluation study was conducted using
Best-Worst Scaling (Louviere et al., 2015) to vali-
date the results. 11 native Greek speakers from di-
verse age groups and educational backgrounds par-
ticipated. Following Narayan et al. (2018) method,
14 documents were randomly selected from the
GreekSUM abstract test set, generating all possi-
ble pairs of human-authored (Gold), GreekBART,
BART-random, mBART25, and mBART50 sum-
maries, resulting in 140 pairs. Participants as-
sessed accuracy, informativeness, and fluency,
choosing the best and worst summaries. Each
summary pair was rated by three participants, and
scores were calculated based on the percentage of
times a summary was chosen as the best minus the
percentage chosen as the worst. Results in Table
5 showed Gold as the preferred summary, followed
by mBART50 and GreekBART. BART-random re-
ceived a significantly negative score, indicating in-
ferior performance.

5. Conclusion

We developed GreekBART, the first pretrained
Seq2Seq model for Greek, and introduced a new
summarization dataset. Our model showed to out-
perform former state-of-the-art models on 3 out of
4 discriminative tasks and to be on par with BART-
LARGE models on summarization tasks. More-
over, we presented the potential of zero-shot learn-
ing by training a multiingual BART model from
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Model NCC Sentimental XNLI
News24/7 (ours) | Makedonia (Lioudakis et al., 2020) | Analysis

Greek-BERT 92.61F0-19 89.45T0-8% 86.39FV0° 78.6%0-62

XLM-R 93.1i0451 89.6i0'29 85.43i0'05 78.2i0'59

BART-random 91.33%+017 80.17%0-09 80.87%0-12 60.1%943

GreekBART (ours) 93.2%0-29 91.1%043 85.43%01° | 78.6710%

Table 3: Results on discriminative tasks. We present the mean accuracy as well as the standard deviation.

GreekSUM Abstract GreekSUM Title

R-1 R-2 R-L BertScore R-1 R-2 R-L BertScore

LEAD 17.11  06.17 16.69 72.61/63.56 14.68 04.46 14.37 70/57.13
EXT-ORACLE 34.18 14.17 33.93 73.89/65.43 | 23.36 07.39 23.12 70.02/57.33

w BART-random 13.85 04.47 13.65 72.44/63.27 | 11.55 03.27 11.42 74.47/62.22
E GreekBART (ours) 16.5 06.13 16.21 73.03/64.46 | 15.35 05.02 15.18 75.78/63.98
o mBART25 15.07 05.8 14.82 72.75/64.08 16.09 05.58 15.93 76.81/65.38
< mBART50 15.53 06. 15.31 73.07/64.43 | 16.1 05.59 15.96 76.81/65.38

Table 4: Results on GreekSUM. Except for ROUGE, we provide also the BertScore. The left-hand
BERTScore has calculated using the M-BERT model (Devlin et al., 2019), while the right-hand uses the

Greek-BERT (Koutsikakis et al., 2020)

System Score

Gold 45.24
w | BART-random —172.62
& | GreekBART (ours) | 10.71
» | mBART25 —03.57
S | mBART50 20.24

Table 5: The results of human evaluation study

scratch on summarization tasks without being pre-
trained on Greek. As future work, we can consider
the creation of a more abstractive summarization
dataset, the exploration of potential correlations be-
tween Greek and the 25 additional languages in
mBART50, and the improvement of mBART50’s
performance on summarization tasks through af-
fordable language-adaptive pretraining for a limited
number of epochs. A demo of our work is openly
accessible®.
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7. Ethical Considerations

The GreekSUM dataset was collected using a
Python crawler that respected the robots.txt of
http://www.news247.gr. As the dataset is
used only for evaluation purposes the content fol-
lows the legal instructions listed on the webpage.

For the training of GreekBART we used a cluster of
2 NVIDIA V100 GPUs for 20 days. As with the ma-
jority of language models that are based on BART
architecture the energy resources required for pre-
training models currently are very high and need
to be tackled soon (Strubell et al., 2019).

8. Limitations

The proposed GreekSUM dataset that we used for
the evaluation of our model is limited to news ar-
ticles from one website only. Thus, the capability
of abstractive summarization of GreekBART is as-
sessed on one domain only. This is because there
is a lack of non-English benchmarks and tasks.
This is also applicable in the discriminative tasks,
where the only available ones for Greek are either
sentence classification or natural language infer-
ence. While other evaluation datasets do not exist
for the Greek language (i.e. Word Sense Disam-
biguation) or are not available to the public (i.e.
Named Entity Recognition dataset).

On the other hand, GreekBART is only compared
with extractive summarization methods or with large
multi-lingual language models for the summariza-
tion task. Since it is the first base model for this lan-
guage and since the base mBART model does not
exist publicly, a fair in-depth comparison of Greek-
BART with other summarization systems could not
be conducted.
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A. GreekSUM Abstract

In this appendix section, we present the reference and model summaries of 5 randomly selected documents
from the test set of the GreekSUM Abstract.

Document
«O nBoc eppipdn. O Apuv Adoet Va elvon o vrodrigroc Kayxehdplog yior tnv Xpto tiovixt

‘Evwony, dhhwoe ntptv and Aiyo o Apynydc tne Xewottavoxowvwvinic Evwone (CSU) xou Tpw-
Yumoupyde e Bavapiag Mdpxoug Zévtep, avayvwpeilovtag to anotélecua tng mepogoplag
tou mpoedpeiov Tou Xpotiavodnuoxpatixold Kéupoatoc (CDU), to onolo oe nocooctd 77,5%
ydnxe unép e vrnodnpiotnTag tou x. Adoet. Ilpw and v cuvedplaon tou mpoedpeiou
tou CDU, o x. Zévtep eiye dnhdoer 6t mopaywpeel oo CDU 1o mpoPddioya otnv emhoyn
Tou urodhglov Koyxehdpiou tne Xewotavinric Evewone (CDU/CSU) xon ofjuepa enavérafe o1t
BEyeTal TO AMOTEAECUA «YWpelg Unvioloxiony xou 6Tl TACoETOL UTER TNE EVOTNTAS TNE XELoTio-
viric ‘Evowonge.

Gold
O Apuwv Adoet B elvar o vrodhigioc Twv CDU xow CSU yio v xaryxehapio tne Teppoviog

6T exhoyég Tou Xentepfpiou.

BART-random
O Apuwv Adoet da elvon o unodrpioc mpwdurovpyde e Xewotavixic Evwone, petd and

oyeTx ouvedplaon.
mBART25

ABSTRACT

O mpwiunovpyde e Bavagiog Séydnxe to amotéheoua e Pnpogopiag tou mpoedpeiou tou
CDU, 7o onolo oe nocootd 77,5% téydnxe unép e unodmeiétntac tou Apuy Adoet.

mBART50
Ye nocootd 77,5% téydnxe unép tne urodnetétnToag Touv Apuy Adoet oto npoedpeio tou CDU,

o Hpwdumovpyde e Bavapiog Mdpxoug Zévtep.

GreekBART
Trép tou Apuv Adoet tdooetan 0 Mdpxoug Zévtep, avayvwpilovtoag to amotéieoya e §n-

@ogoplac Tou mpoedpelouv tou CDU.

Table 6: Example 1-GreekSUM Abstract

Document
Kiewoth elvon n Aewgdpoc Bao. Kwvotavtivou oto Oog tou Havadnveixod Stadlou, pe

anotéhecpa va €xel dnuiovpy Vel xuxhogoplaxd medBinua, xodng éxel yudel yeydin tocodTTa
hadLol amd YopTnyYo6, 0Ty cLUUBOAT Ue TNV Aewpdeo Bac. ‘Ohyac xau elvon emxivduvn 1 Siéheuon
v oynudtwy. H Teoyaio €xel dioaxddel tnv xuxhogopla oTo xatepyduevo pelua 6to Uog
e 0800 Puldpn xou oto avepyoduevo and v apyl) Tne Apdntol xou xdvel extponn, ahhd éyel
dnuovpeyniel urotihdpiopo. Xto ofuelo mou €youv yudel ta Al Bploxovton cuvepyeio Tou
Afjuou, mou plyvouv mEwovidL xar dhhot LAXE Yior Vo avTUETOTiooUY TNV ohocUnedTnTol TOU
0800 TEMOUOTOS Xa Vo amoxatactadel 1 xuxhogopia.

Gold
H Teoyaio éyet Siadher Ty xuxhogopla oto xotepyduevo pebua oto Ndoc e 0dol Pilden
X0l GTO AVEPYOUEVO o TNV aeyh TNe Apdntol xou xdvel extpony - Mrotihdpiopa oto onpeio.

BART-random
H Tpoyaia, mou €xel Snuovpynidel oto Ghog tou Iavodnvaixon, éxel dwxonel Tnv xuxhogopia

WV OYNUATWY 6TNV hewpdpo Bao.A.
mBART25

ABSTRACT

Kiewoth elvon n Aewgdpoc Bao. Kwvotavtivou oto Oog tou Havadnveixod Stadlou, pe
anotéhecpo Vo Eyel dnuioupy Vel xuxhogoptond TESBANUL.

mBART50
Kuxhogoptaxd npéfinua oto vdog tou Mavadnvaixod Ltadiov, xadog éyxel yudel ueydhn mo-

cétnTa Aadlol and QoptnYd oe Aewpopo Bao. Kwvotavtivou.

GreekBART
Kuxhogoptaxd npdBinua éxet Snuovpyniel otny Aewpogo Bao. Kwvotavtivou oto Goc tou

TMovadnvoixol Xtadiou, pe anotéheopo vo €xel dnuiovpyndel urotthdpiopo.

Table 7: Example 2-GreekSUM Abstract
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Document

H Kayxehdprog Avyxeha Mépxek dev Yo nopactel otny enionun de&ivon mou Yo nopadéoet tny
Iopaoxeun o Opoonovdiaxog Hpdedpog Ppavi-Bdhtep Ytoivudiep mpog tiury tou Ilpoédpou
¢ Touvpxiac Petlén Tayin Egvtoydy, obugwva ue xuBepvntinég nnyég Tic onoleg emxaieiton
10 mepodixd «Der Spiegel». H Seiwon odhhd xou oL otpatiwtxés Tée Ye Tic onolec Yo u-
nodeydel Tov mpooxexAnuévo tou o I'eppavoe Ipdedpoc tpoxaholy coPogés avtdpdoelc aTov
nohtuxd xbéouo e yweas. H Mépxel elvan ndvta mpooxexhnuévn tou Ouoonovdiaxot Ilpo-
€dpou oe deuboeig Y enlonua Selnva Tou napatidevtan tpog TRy LYNAGY Tpooxexinuévey. H
Bl wot6c0 cuvndilel vo topevploxeton povo oe edoupetnéc mepintoel. H teheutaio gopd
7oL TPET TN O XATL avdhoyo Ytav To entionuo delnvo mou elye tapatedel to 2015 npog TRy TG
Basihooag ENodBet, eved v nponyoluevn ypovid elye napevpedel oo deinvo ue tov Eulpn
tou Katdp. Avtdétnc, dev elye napeupedel oty deiwon npog ) tou Kivélou Ipoédpou i
TCwrivyx 1o 2017. H Kayxehdplog 6uwg dev Yo ebvor n povn mou Yo anopplder tny mpdorin-
o1 tou Xrdivpduep. O Ilpdedpoc twv Puhehevdépwy (FDP) Kelotiav Alvtvtep avoxolvwoe étu
dev oxomelel va mopaotel, xadde dev emrduyel «va cugpetdoyel oty mponaydvda tou Epvto-
yévy. Ty Bl otdon Vo TneRoeL xou 1 EXTEOCWTOE TOU XOUUATOS Yiot TNV EEWTEPLXTH TOATLXY,
Mmnitldv Ntlip-Xapdt, eved cloowun 1 nyetxr) opddo twv Ipastvev, ol cuunpdedpor Avo-
Aévo Mrépunox xou Pounept Xdunex xau ol emxeqporfic e KowoPouleutixig Ouddoac Kdrpw
I'xépwvyn-"Exapt xou ‘Avtov Xogpditep, dhhwooy dtu Yo anéyouv and tnv delivwon. To (Bo
Loy VEL X0 Yot TOUC eTxeorfc e Evohhatindc yia v Teppavio (AfD) ‘Aledvtep I'ndou-
Aovt xon Ahic Boivtél xau yio ty emxegorfic tne K. O. e Aplotepde XePiu Ntayxvteléyv.
Avudétwe, v mpddeor| tou va napactel oty delivon oto Ipoedpd Avdxtopo Bellevue
eZéppaoe o npdny Ilpdedpoc twv Hpaoivev Tleu Elvteuip, Sieuxpviovtag tautdypova 6t o
Tovexog Ipdedpoc «Bev eivon xavovinde Ipdedpog xou dev a&ilery va nopatedel de&ivon mpog
TRy tou. Me v napousia tou, dhhwoe o x. Elvtepp oty «Tagesspiegel», eknilel va
otellel éva uhvupa téco mpog Ty Toupxia 660 xou mpog TNV ToupxoYeppavixy xowdtnta: «H
avTinoiitevon oty Deppavia eivon uépog e moltixig authc Tne yweog, elpacte éva otadepd
xau anopaitnto cuoTatixd otoiyelo Tng dnpoxpatioc pog. O x. Epvtoydv Vo mpénel va pe
aveyely.

ABSTRACT

Gold

BART-random

mBART25

mBARTS50

GreekBART

H xoryxehdplog eivon mévto TpooxexAnuévn Tou olootovdiloxol Tpoédpou oe deludoels 1 delnva
TPOC TWHY UPNAGOY Tpooxex ANuévwy, wotdoo Bivel 1o Taptv Uévo oe eEUPETIXES TEPLTTAOTELS.

Aev Ya napactel otny enionun deiwon mov Yo napadéoet Ty Tovpxia npog TRy tou Petlén
Tayin Epvtoydv o exnpdéownoc tne Iepuavioe Avyxelo Mépxeh.

Avtidpdoeic and Tov TOATIXG %OoUO NG YWeds Teoxoholy 1 deliwon mou Va mapatécel o
Doavx-Béhtep Eroivudiep mpog v tou Ipoédpou e Tovpxiag - Aev Va ebvar n uévn mou
Yo amopplder Ty npdoxAnon Tou Xtdivudiep.

H Mépxeh elvon mdvto npooxexinuévn tou Ouoonovdiaxot IIpoédpou oe dedundoels 1 enfomnua
delmvo mou mapatidevton mpog TRV uPMAGY tpooxexinuévey. H Bia wotéco cuvndilel va
nopevploxeTal UOVO o€ EEMUPETINES TIEPLTTWOELS.

And tov nohtind xéopo g Teppaviac. H ‘Avyxeho Mépxel dev Vo napaotel otny enlonun
de&iwon mpog TRy tou Ieppavol Tpoédpou Ppav-Bdhtep Xroivuducp.

Table 8: Example 3-GreekSUM Abstract
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Document

Ané 7o 2011 xou petd apxetol exatoviddes dvipwnol €xouv nevdver otny npoonddeld Toug va
Bydhouv v téhewa selfie. Ou nepiocdtepot Bdvartor €xouv hdPet ydpa oty Ivdia. Axohouldel
Pwatla, ou Hvwpéveg ITohteleg xon Votepa to Ilaxiotéy pe Toug vexpols cuVOMXE Vo QTdvouy
Toug 259. BéPoua undpyouv xdmotor onueia, tor omolor clupemva pe épeuves, Tapouotdlouy Yeya-
NOotepn eUVBUVOTNTA, OIS TO VERPS ot oL YNAéc xuAibueveg oxdhes. O o «ouvnhouévecy
autieg Yavdtou ané selfie cupmepthopBdvouy Tov Tviyud, TNy TTOOT, TN GUYXEOUCT| UE XWVOUUE-
vo Gymua xou Tl puTiéc. ‘Ocov agopd ta otatioTixd ototyela ta 3/4 v Yupdtey etvon dvdpeg
xou xdtw and v nhxio v 30. Av xon ol yuvaixec Bydlouv tepiocdtepe selfie odugpwva pe
TG ueAETeg, oL dvdpeg elvan o emippenceic oTov xivduvo. Axdua, ol TouploTeg elvon owTtol Tou
TAATTOVTOL TIO GUYVE 6TV TpoaTdiela vou Bydhouy pla pwToypeapia Tou Yo EVIUTWGLECEL TOUG
axoholdoug toug. Ot apyés Pdyvouv TpdTouE TEoXeévou va omoTeéouv Toug Yavdrtous. T
TopddELYUa 1) pwotxY) acTuvoula polpace QUAREDLA, Ta omtola eumepielyay TROEWBOTOWOELS TYE-
x4 e TouC xVdVUVOUC Tou «xapadoxolvy miow and uia selfie. Yt Hvopévee TTohtelee, ta
e9vixd mdpxo €xouv exBHOOEL 08Nyl Yo To s va Bydlelc «aopaheicy selfies, evd otny Ivdia
urdipyouv enionua oyedlacuéves mvaxideg Tou mpoeomoloty Yia UYNAOL XVIVVoU TEPLOYES T
adde “No selfie zones” Av xau 1 eppovi) ue tig selfie dev gaiveton va nepvdet ot apyég xdvouy
6TL UTOPOLY Ylal VA TERLORICOUY TNV ETXVOUVOTNTA X0l ToUG VavETouS.

ABSTRACT

Gold

BART-random

mBART25

mBARTS50

GreekBART

Ou o «ouvndiouéveey autieg Yavdtou and celgie cuunepthauBdvouy Tviyud, TTdaon, xaL
o0OYXpoLsT) PE XVOUPEVD Oynua - AvBpeg xdtw twv 30 ta teplocdtepa HopoTa.

Ot Hvouévee Iohtetee, Ivdia, Av. xou Ioaotdy xou Av. Ivdio avalntodv avalntolv otouyeia
yio va Bydhouv v tédeta selfie toug oty tpoondield toue.

H Ivdio petpder toug 259 Yavdrtoug and selfie,to onola cuunepthopPdvouv tov Tviypd, v
TTWOT, TN CUYXEOUCT] UE XIVOUUEVO OyTua Xxou T puTiés. Ot apyéc ddyvouv tpdmouc mpoxet-
uévou va anoteédouy Toug VavaToug.

Yy Ivdia, ta edvixd mdpxa éyouv exdmoet 0dnyols yio to mde va Bydlec «aogparelc» self-
ies, eve oty Ivdia undpyouv enionuo oyedlaouéves mvaxidec mou mEoelomoloy yia LPNoL
%xwO0VOL TEPLOYES.

ITolhol Gvdpmnol éyouv neddvel otny Tpoonddeld Touc va Bydhouv wo selfie, ye tic «ouvn-
Houéveey autleg va ouumepthopfdvouy Tov VYRS, TNV TTGOT, T 00YXPOUST] UE XWVOUUEVO
OYMUOL XOUL TLS PWTLES.

Table 9: Example 4-GreekSUM Abstract
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Document

Yy anodheta tou Mixn Oeodwpednn avapépdnxe o tpwiunovpyos Kupidxog Mntootdxne otny
évopgn e ouvedpioong tou Trovpyixol LuyBoukiov, xnpvocovtag teuiuepo edvind mévdoq.
O npwiurovpyde eldixdtepa dihwaoe: “Tn onuepvi| pog cuvedpiaon oxtdlet Suotuy e o ToAD
IMBepn eldnon: O Mixng Ocodwpdxne mepvd ma oty awwvidtnte. H @wvh tou olynoe xou
pali tou alynoe xou ohéxAnpoc o EXAnvioude. ‘Onwg elye yeagptel xou yio tov Iohoud, «dhou
elyoue Zeydoer nwe elvar Yvnrécy. Ouwe, yag agphvel mapoxotodixn to Teayoddia Tou, Ty
ol Tou Bpdor, oAAG xou TNV €9V Tou Tpocopd ot xplowes otiypés. H Pwuocivn
ofuepa xhatet. Kou yi” autd xou ye andgpaomn e xuPépvnong ond ohuepo XxnpdooeTtal TpLAUERO
edvixd mévdoc. ‘Onwe Eépete, elya v TR vor Tov yvwplle yior TOAG Ypdvia oL GYETXE
npéopata udhiota tov elya emoxeptel. Ou cuyBouléc tou Mtay mdvia moAUTIMES Yo péva,
2VPLWE AUTEC TTOL APOPOVCAY GTNY EVOTATA TOU AoV HOC X0t OTHY UTERROOT TGV BLoY WELOTIXGY
yoaupdyv. Iiotedn nwe nxoliteen T Teog autdy Tov nayxdowo ‘Elinva Yo eivon epelc, pe to
xodINUEPVS UaS €pY0, VoL XEVOUUE TIRdEN auTo axplBe o whvuud tou. O Mixng ebvon 1 Iotopla
pog xon TeéneL v T cuveyiooupe omwe Ya Hdele xou exeivog.” IléGave o Mixne Ocodwpdnng -
Opgpdvede n Pouooivn Exeva Axpita - O ‘Hhog (mou xpigtnxe) xou o Xpdvog (mou yddnxe),
Mixn Mixne ©codwpdxne: Ta 5 tpayoldio Tou oToudaiou Youoxod Tou «WAoLYy oty Quyt
e EMGBac O mohtinde Mixng ©codwpdxne: IIdvia oto mheupd tov amhédv avipodnwy.

ABSTRACT

Gold

BART-random

mBART25

mBARTS50

GreekBART

H Pwpioclvn ofjuepa xhaiet Shwoe o npwdunoupyds otny évapén tne cuvedplaong Tou utoup-
Yol cuuBouliou avagepduevog oto Yavato tou Mixn Ocodwpedxn.

O npewdunovpyde xatd v évapln tng cuvedplaong tou Troupyixod XupfBoukiov xnelocovtag
v anoielo Tou Mixn Ozodwednm.

O mpwdumoupyds Kupidxog Mntootdxng ano 1o umoupyixd cuufBoviio yia tov Ydvato tou
Mixn O=0dwpdnm.

Teuiuepo edvixd méviog xnedydnxe otn cuvedplaoT TOL LTOUEYIXOU GUUBOUAOU, UE TOV TTpK-
YumoupyYd va onueldvel 6T o Mixng Ocodwpdxng meEpVE ol TNV UWVLOTNTOL.

To 86 Tou uhvuua Yo TNy anwieto Tov Mixn Oeodwpdxn éotethe o Tpwdunoupydc Kuptdxog
Mrntootdxng xatd ) cuvedpioon tTou Troupyixold Luyfouliou.

Table 10: Example 5-GreekSUM Abstract
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B. GreekSUM Title

In the second section of the appendices, we present the reference and model titles of 5 randomly
selected documents from the test set of the GreekSUM Title.

Document

‘Evag 33ypovog éyace tn Lo Tov, VoTepa amd alyxpoust) Vo autoxivitwy, é€w and tn Oto-
cohovixn. ‘Onwe €yve Yoo, 1o Javatngdeo tpoyoio cLVERN otig 2.15 Yetd o uecdvuy ta
oe napddpouo e Eyvatioc 0800, oto Uog tou Qpmoxdoteou. Liugwva ue v Actuvoplia,
0 33)p0ovog, 0dNYOS TOL EVOC OyHUaToE, dlaxouiotnxe oto voooxoueto Ilamayewpylou, dmou
ouwe Ayn opydtepa unéxule ota TEAlPUTE TOU, VG N 0dNYOE TOU GANOU OYAUATOC UTECTN
ehaped tpadpata. Ou axpBelc cuvifxeg utd Tic onoleg mpoxhfiinxe 1 clYXEOUOY EPELVHVTIL
and To oEUOBLO TURUA TPoY LS.

TITLE

Gold
BART-random
mBART25
mBART50
GreekBART

Teoyaio duotiynua otn Oscoalovinn e évav vexpd
Teoyolo é€w and tn Oeccurovinn - Ao tpavyatieg
Ocoocarovinn: Nexpde 33ypovoc Gotepa and clyxpoust dlUo autoxivntwy
Occoalovinn: Nexpdg 33ypovoc Gotepa and chyxpoust B0 autoxivnTwy

Teoyalo otn Occoahovixn: Nexpdc 33ypovog oe Topddpouo

Table 11: Example 1-GreekSUM Title

Document

Olec ot ypeg e Bupwndinic Evoone cuggwvoiy 6t dev Ya thnpddcouy tn Pwoio areudeiog
o€ PoUPBMAL VLo TG ELTAYWYES pwool QuUaLxol aepiov, dhhwoay LPNAGBaduol evprnaiol aflw-
HaTo0YOL, CNUELDVOVTUC OTL OL ETOUEVES TANPWUES elvan TpoypauuaTiouéveg yia Tic 20 Matou.
«Auto mou yvwplloupe, xou uTdpyel cuvaiveon enduTol LETAED OAOV TWY XPATOY UEAGDY, elval
ot xavelg dev elvan mpdduuog vo TAnewoetl o polfBlay, dHnoe o évag a&iwuaTolyog xatd
NV Bidpxela EVNUEPWONG TKV BNUOCLOYEdPwY Xa Tpoc¥étovtag 6t 1 Evpwnoiny Emtpony| dev
Yvwpllel tdool ayopaoTég €yxouv avolel Aoyaplaouols Yo TANewués tpopridelos Qualxol oe-
plou péow e Gazprombank. Xto petall, avdtepog aiwpatovyoc e Evpwndixfic Evwong
dfhwoe mwe xar pdvo To dvorypa tparelixol hoyaptacuol ot polPA oty Gazprombank
evdéyeton va anotehel napoflacn twv xuphoewy Tou éxel emBdiet n EE oe Bdpoc e Po-
olog, ouwe n EE dev éyel évdeln nwe xdmota etoupelar puotxol aeplou tne EE €yet xdver xdmt
€71010. O 0€lwpatolyog SHANCE TS «eX TEHOTNS OPEWTy TO dvolypo TEUmeliXMY AOYUPLICUMY
oe polPha and eloaywyeic puotxol aeplou gaiveton otL mapaPidler Tic xvphoeg. O ofuwuo-
toUyo¢ npdodece we 1 Evpwnoixy Emtpons dev éyer xdmowo enionun €vdeiln 6t etanpeleg
¢ EE éyouv dnuovpyroer otpvGazprombank hoyoplacuols oe polfha yiol ThY TAnpwut
Tou guaxol aeplou. Emiong Sieuxpivioe mwe 1 Hohwvia xan 1 Boukyopio yenowonoincoy tig
VPO TAPEVES PEYODOUE TANEWUNS Yiat TO pwowd apto, ey 1) Mooya avactellel ydec, Tetdp-
T, T¢ TEOUNIEIES TWV YWEMY AUTOY UE AEPL0, XL WS OEV YPMOUWOTONCAUY TOV UNYAVIGHO
mou mpotelvel 1 Mooy yia vou mAnpddaouy oe polfhla.  «XOUQWYA YE TIC TANEOYOoples W,
UUPOTERES OL YWPES ETEUEVOY OTNV opYixXT) LopPY) TANpwUncy, SRhwoe o aluwpoatolyog ot dn-
poaloypdpoug. Qatéco dlo mnyé elnay ofuepa oto Poitepe 61t Ayeg evpwnoinée etapeieg
€youv apyloet va mAnpdvouy o polfBhio T Pwatla yio to guoixd aéplo, av xon ueydhol meAdteg
e dev To €youv xdver oxoun. «Mepixée eunopinéc etaupeles, (Owe TEPICOOTEPES AN TEVTE,
éyouv opyloel Ti¢ Thnpwpécy, eine pla myy, {ndvtag vo unv xatovopactel, eneldn dev eiye
eZouotodotniel va wrioer oto péoa evNuépwong.

TITLE

Gold
BART-random
mBART25
mBART50
GreekBART

Duowd aéplo: ‘Ohec ol yodees e EE cuugwvoiv 6t dev Yo mAnpwaoouy ) Pwoia o oA
E.E.: «Aev 9o mhnpddaouvy ol yiees e EE yio 1o guowéd aéplo o potBha

EE: Ou ypeg 8ev minedvouy e potfBhia ) Pwola yia to guoixd oépio

EE: Ou ypec dev minpdvouv ot polfia t Pwola yia to guoixd oéplo

EE: Aev da minpwooupe tn Pwacla oe polPAa yia To guoixd aépio

Table 12: Example 2-GreekSUM Title
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Yt nuépeg tou Idoya €xel npocapuoctel To TEdypaupo hettoupylog Aew@opelwy, TEOAEL, -
hexteuol xou Yeted. Ebixdtepa, o Aewpopelo xau tar Tpokel onpepa, Meydin Iapacxeur|, Yo
xwolvton pe mpdypappo XaBBdtou. O cuppol 610 Yetpd Yo diépyovtan amd Toug oTaduolc
avd 7 hentd and Tic 09.00 €we tic 17.00 xou avd 10 Aentd g undhotnes dpec. Yreviupileton
nwe dev Yo woyloel 1 dlwen mapdtacn Aettoupyiog mou epapudleton Tic Hapaoxeuvéc. Xtov
nhextend oL ouppol Yo Siépyovtan and toug otaduole avd 10,5 Aentd. Ta hewpopela xon o
Teohel Vo xvndoiv ue mpdypauua Kuptonre, eved Yo anocupdoiv vwpeitepa, dote va Bploxovton
oo opoaootdota otig 23.00. Tao Aewpopeio Vo xivnoly ue npdypapua Kuptoxric xan o tpoel
ue ewid mpdypauua Kugloxrc. Téoco ota Spopohdyia tov Aewgopeiwy 600 xou 6 autd twv
Teohel Yo eqopuooTel ewdind medypauuo Lofpdtou. Axwvntomomuévol Yo peivouv v Tetdotn
1n Maiou oL cuppol Tou nhextewol (tpdny HEATIL), to hewpopeia, ta TpdAeL, ahhd xou 0 ot-
dnpddpopog, Aoyw 24wene anepylag twv epYalopévmy, Tou Vo CUUUETEOYOLY GTIC UMEPYLUXES
ouyxevtpwoelg yiot Ty Ipwtouayid. ‘Onwe avapépouv oe avaxolvwot| Toug oL epyalOUevoL GToV
nponv HYATI, «elvon pépar arydvar, TAS Xt PvAunG. OUUOUACTE XoL TUAUE TOUS TRWTOTOPOUG
AYWVIOTEG %o ToL GOPATA TWV ERYATIXWY ayOVWY Yo Bedtinon twy cuvinxmy BovAelds Yo
aZlompeneic apoBEC xaL TNV XATOYUEWOY TWV BIXUWUATLY Hac. AvacuyxpotoluacTte, Yétouue
TOUG GTOYOUC HOC X0 TEOYWESUE OE VEOUS ay®veS. ALexBxolUE xou TOAEDOUUE YLoL THY ovat-
TANAPWOT AMWAELDY A6 TIC UYNUOVIUXES TOMTIXES MTOTNTAC, YLol oY OTXéS AUENOELS OTOUG
poBoic xan oTic xowwvixée tapoyésy. Ko mpoolétouy «unepaomlbuacte Tov dnudoto yopo-
ATHRA TWV oLYXOWWWLGY. Alexdixolue v utoypapr véag Luhhoyuhc XouBaong Epyaoioag.
Ayowlouoaote yio acpahels, pUnvéEC cuyxovwvieg. Me aydveg XATUXTAUE TO SLXOUWUATS LTy

TITLE

Gold
BART-random
mBART25
mBART50
GreekBART

ITdoya 2019: IIie Yo xvndoldv Aewpopeio, TEOREL, NAEXTEXOC XU HETEO

Méoa Malxic Metagopdc: Ilag do xvndodv onfpepa o Méoa Metagopds
Méoa Idoya: e Yo xivndody ofuepa Aewpopela, TEOAET, nhextewd xo ueTEd
Méoa Idoya: TIde o xvnoldy ofuepa Aew@opela, TEOAEL, nhexTowd xou ueTEd

Idoya: e Yo xvndoly ofuepa Aewpopela, TEOAET, NAeEXTEXOU XU PETEO

Table 13: Example 3-GreekSUM Title
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Suvdvtnon pe owovouxols Topdyovies and to Litt Tou Aovdivou €yet auth TV Hpa 0 ANEENC
Tolnpoac oto xévipo g Peetovinic npwtedovoag. Tov EXknva npwdurovpyd urodéydnxe o
avtinpdedpoc e Entponic Iohtiie tou Xitt, Tou XAé (Tom Sleigh). Emonuoiveton 6t 1
Enitpons unéyet ¥éomn Awoixnong tou it tou Aovdivou. And v aiouoa tg «Iahdc Bifhio-
Iprney, o tpwiumovpyds Va aneuduviel oe €voy XOXAO TEPLOGOTERWY AN EXAUTO GNUAVOVTWY
GTEAEYOV NG EMEVOUTIXAC/ YPNUATOTUOTWTIXAC XOWOTNTOS Tou BTt xon, cOUPLVA UE TANEO-
popleg, oty cuvéyela Yo axorovdroel GUVAVTNOT O O GTEVS XUXAO CUUUETEYOVIWY. XTOV
anényo e andgaone tou Eurogroup yia v eldgpuvon tou ypeéoug, ol enagpéc tou ANEEN
Tolnpo ye oNuavTIX00 EXTEOCHOTOUS TS ETEVOUTIXAC/ YENUATOTUOTWTIXAC TNE XOWOTNTAS TOU
oxovouxol xévtpou e Eupdnng, onuoatodotoly éva euxptvés dledvég uivupa Yo Ti TpOOTTI-
%é¢ NS EMANVLXNAC OLxovoulog xon TNG «EMOUEVNC HEPUCY, OTNY TeploBo PETA TNV 0AoXATRwaoT
TV pvnuovioy. ‘Onwg avégepe xUBepvNTIXOC aZlwpatody0g, Ol GNUEPWVES GUVAVTACELS efvol
évag onuavtndg oTalpog oty «dAUcEBoy ETAPOY %ol CUVOUALDY Tou Jo GUVEXLOTOUY GTO
APECWE ETMOUEVO BIACTNUA TWV XAAOXAUEWVDY UNVEY xou To @hvonwpo. Evdewtinr tne uvo-

ehe ouyxuplog yio Ty ek owxovoulo xou to aTolynua e avéxodng, N yveotvoPBeodivi

avodduon, ond tov auepavind olxo aflohdynone Standard & Poor’s tng paxponpdieoung
TUOTOANTTIXNAG IXAVOTNTAC TNE Y WOPAS OF B+, yawpetiCovtag TNV OmOPACT] TOU Eurogroup . Yt
18:00 to amdyeupa dpo EXNESac, o tpwdunoupyde Yo nepdoet o xatdheh tne Downing Street
10 mpoxewévou vo cuvavtniel pe Ty tpwdunoveyd tne Beetaviag, Tepéla MéL. 3tn cuvéyeia
Yo éxel ouvdvnon pe tov apy Y6 tou Epyatxod Kéupartog, Tlépeu Kopumv.

Gold
Suvdvtnon ue owxovopxole tapdyovies ond to Xt tou Aovdivou éyxel o AhéEne Tolnpog
BART-random N
Mrvupa Totrnpa oto Aovdivo yio to ypéog
mBART25 ) , , , ,
w Suvévtnon Tolnpa ye owxovouxole mopdyovies oo it
E mBARTS50
= Yuvdvtnon Tolnpa ye owovouxole napdyoviee oto Litt
GreekBART
Bhéppata 610 Aovdivo yio TV eEAAVIXY oxovouio
Table 14: Example 4-GreekSUM Title
Document
EmBatixd tpévo extpoyidotnxe ofucpa mepinou 20 yAu. Bdeeia e Paundr, pe anotéieoua
vor oxotwdoly €€L dvlpwrot xou dhhot 86 Vo TPALUATIOTOUY, GUUPWYVYL YE ETHONUO amohoyiowd
70U avaxovInxe otov oo Tou duotuyfuatos. «O extpoylacudc Tpoxdieoe €€L YavdToug,
SUUPWVO UE TOV TEEYOVTa amohoyiowd, xou 86 Tpauuatiec oe cofaph xatdotacny, dHhwoe
o Moydpevt Pouri Poyi), yevixde devduvtic e etauploc odnpodpduwy ONCF, o onolog
LeTEPN entl TOTOU.  «Zexlvnoe €pEUVA YL TOV TEOCOLOPIOUO TWY OLTIWMY TOU SUGTUYHUITOCY,
npboiece, oe Pivieo mou avapthinxe ota Yéoo xovwvXAc dixtiwons. Ocauatixés emdveg
Tou BuoTLYAUATOE, Tou onuelddnxe YOpw otig 13:00 wpa EANGSag, tepinou 20 yAu. Bopewa
e mpwteboucos Poundt, oto Udog tne xowdtnrac Lwvtl Mrouxvavtéh, xdvouv tov yipo
TV PECLV xoVLVXS dTinong, mou eivor Tohd emxprtxd evavtiov e ONCF. Ou eidvec
delyvouv MO Bory Gviot EXTEOYIAOUEVA XOVTE OE Wla YEQUEOL GTOUG oYpoUC, EVE 1) UNy vy elvol
mpws xateotpaupévn. O 0dnyog e apagootolylag elvon vexpds, olU@wva Ye TohAG Tomxd
MME. O Boouhdc anogdoioe va avahdBel ta é€oda tng xndelag twv Yuudtwy xou oL tpaupoties
Yo BLocoUloToly 670 GTEATIWTIXG vosoxouelo Tng Paundt pe Bacihxéc odnyieg, avagpépeton oe
avoxolveaor tou ypogeiou Tou Bacid.
Gold
Extpoylaopog tpévou oto Mapdxo: Ltoug 6 ol vexpol - 86 tpauuatieg
BART-random
Popndz: 20 vexpol and extpoylocud teévou
mBART25 ~
w HITA: EmBatixd tpévo extpoyidotnxe - 'EEL vexpol xau 86 tpavyaties
E mBARTS50
= HITA: EmBatxd teévo extpoyidotnxe - "B vexpol xau 86 tpavuatieg
GreekBART

Extpoylacude tpévou otn Poundt: "E&u vexpol o 86 tpavyartieg

Table 15: Example 5-GreekSUM Title
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