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CYMMAPU3AILIVS TEKCTA HA APABCKOM S3BIKE
C UCITOAB3OBAHWEM TPEXYPOBHEBOI APXUTEKTYPEI
ABYHATIPABAEHHOU AOATOBPEMEHHOI1 KPATKOCPOYHOM
I[TAMSTH (BILSTM)

Annoranus. [IpeAcTaBAeH YAYUIIEHHBIN IIOAXOA K CAOKHOM IpobAeMe apabCKoit CyMMapH3aIjii TEKCTa
(Arabic Text Summarization — ATS) TyTem BHeApeHHS HOBOI MOAEAH, KOTOPAsi 6eCIIOBHO HHTETPUpPYeT
IIepeAOBbIE APXUTEKTYPBI HEFPOHHBIX CETeN C IPOABUHY THIMU TEXHUKAMH 0OPABOTKH eCTeCTBEHHOTO SI3BIKA
(Natural Language Processing — NLP). BaoxuoBASIICH KAaccHIeckuMHu opxopamu AT'S, mpepcTaBAeHHAS
MOA@AD HCIIOAB3YeT TPEeXyPOBHEBYIO apXUTEKTYPY ABYHAIIPABACHHOM CETH C AAMHHOJ KPaTKOCPOYHOI Ia-
marbio (Bidirectional Long Short-Term Memory — BILSTM), koTOpast AOIIOAHeHa MeXaHN3MaMK BHUMAHUL
Ha ocHoBe TpaHcdopmepa 1 AraBERT aAst mpepBapUTeAbHOI 06pabOTKH U YCIIEMHOTO pelIeH st 0COOEHHO
CAOXHBIX 324, 00YCAOBACHHBIX CIIEIIMPHKOIM apabCKOTO SI3BIKA. /\AS IIOBBIIEHHS IIPOM3BOANTEABHOCTH
MOA@AH TAaKOKe HCIIOAb3YeTCsl MOIb KOHTEKCTYAAbHBIX BAOXKEHHUI OT MoAeAel, Takux kak GPT-3, a Takoke
IPOABHHY Thie TEXHIKH yBEAUIEHNS AAHHBIX, BKAIOUASI OOPATHbII IEPEBOA 1 IiepedpasupoBanme. AAS AAAD-
HEJIIIero yAy4IIeHHs IPOU3BOAUTEABHOCTH IPH AAHHOM IIOAXOAE HHTEIPHPYIOTCS HOBBIE TEXHUKH 00y deH s
M MICTIOAB3YeTCs GaileCOBCKAs ONTUMUBAIINS AASI THIIEpIIapaMeTpoB. MoAeAb OLjeHHBAAACH HA TIEPEAOBBIX
Ha6OpPaX AAHHBIX, TAKUX KaK apabCkit cBopHbIit 3aroaosok (Arabic Headline Summary — AHS) n apa6exuit
moraaas_Hped (Arabic Mogalad_Ndeef - AMN), 1 OTYHTHIBAAACD T10 TPAAULIMOHHBIM METPHKAM OLIEHKH,
Bratouass ROUGE-1, ROUGE-2, ROUGE-L, BLEU, METEOR u BERT Score. Pa6oTa mpeacraBasier co60it
BaKHBIHL IAr B PENIeHUH 3aA2uu apabckoit cymmapusarun ekcta (ATS), 4To6b1 0H 6bIA HE TOABKO CBSI3HBIM
M CKATBIM, HO TAIOKe Ay TEHTUYHBIM U KYABTYPHO PEABAHTHBIM B YCUAHSIX I10 TP OABIDKEHHIO HCCACAOBAHHI
u npraoxxernit NLP st apabckoro sibika.

Kuarouesvie crosa: apa6c1<a$1 CyMMapu3alus TEKCTa, HefIPOHHbIe ceTy, o6pa60TKa €CTeCTBEHHOI'O SA3bIKa,
ABYHaIIpaBA€HHas CETb C AAI/IHHOfI KpaTKOCpO‘IHOfI IIaMATbIO, BHUMaHHE HA OCHOBE TpchcpopMepa.

Bilal Somar

ARABIC TEXT SUMMARIZATION USING THREE-LAYER BIDIRECTIONAL
LONG SHORT-TERM MEMORY (BILSTM) ARCHITECTURE

Abstract. This work presents an improved approach to the challenging problem of Arabic Text Summarization
(ATS) by introducing a novel model that seamlessly integrates state-of-the-art neural network architectures
with advanced Natural Language Processing (NLP) techniques. Inspired by classical ATS approaches, our
model leverages a three-layer Bidirectional Long Short-Term Memory (BiLSTM) architecture which is
augmented with Transformer-based attention mechanisms and AraBERT for preprocessing, to successfully
tackle the notoriously challenging peculiarities of the Arabic language. To boost performance, our model
further draws upon the power of contextual embeddings from models such as GPT-3, and through the
use of advanced data augmentation techniques including back-translation and paraphrasing. To further
improve performance, our approach integrates novel techniques for training and uses Bayesian Optimiza-
tion to perform hyperparameter optimization. The model evaluated against state-of-the-art datasets such
as the Arabic Headline Summary (AHS) and Arabic Mogalad Ndeef (AMN) and reported on traditional
evaluation metrics including: ROUGE-1, ROUGE-2, ROUGE-L, BLEU, METEOR and BERT Score. This
work is significant because it presents an important step forward in the task of Arabic Text Summarization
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(ATS) towards summarizing text to be not only coherent and concise, but also authentic and culturally
relevant in an effort to push forward NLP research and applications for Arabic.

Keywords: arabic text summarization, neural networks, natural language processing, bidirectional long
short-term memory, transformer-based attention.

Introduction

The field of Natural Language Processing (NLP) is evolving at a remarkable pace, and Ara-
bic Text Summarization (ATS) is no different. This article delves into the cutting-edge, high-
lighting the extraordinary work that’s been done on Arabic Text Summarization, born from
a deep dive into research and refined implementations addressing the unique complexities of
the Arabic language in order to further refine abstractive ATS models, using the latest in neural
network architectures and NLP techniques.

In the domain of allied work, several important studies have paved the path for our research.
The SentMask model [1], introducing a novel layer, namely sentence-aware mask attention
mechanism, delivers substantial confidence in preserving thematic representation for text sum-
marization. The work [2] is another key advance in ATS in which an architecture based on the
sequence-to-sequence model with GRU, LSTM, and BiLSTM is trained through AraBERT.
The fusion of Naive Bayesian Classification with timestamp strategy is an unusual approach
to multidocument summarization [3]. The ensemble model for COVID-19 text summariza-
tion [4] and the harnessing of modern deep learning paradigms, including transformer and
BERT models [5], attest to the efficacy of contemporary NLP methods for ATS. The deep
dive into deep learning in ATS [6] and the inventory of optimization-based techniques [7]
are instrumental in understanding the operational tradeoff between summary fidelity and low-
latency instantiation.

Our work uses these foundational studies as a basis and proposes a new Enhanced Archi-
tecture that uses a BILSTM architecture with its own set of Transformer-based attention mech-
anisms and a number of tokenization techniques designed to better deal with Arabic script.
It also uses AraBERT for preprocessing and uses contextual embeddings from transformer-
based models like GPT-3, which outperforms traditional word2vec models. Our model also
uses a range of new training and data augmentation techniques such as back-translation, paral-
lel text paraphrasing etc. and novel hyperparameter optimization techniques such as Bayesian
Optimization.

In the process, we employ the Arabic Headline Summary (AHS) and the Arabic Mogalad
Ndeef (AMN) and using rigorous metrics such as ROUGE-1, ROUGE-2, ROUGE-L, BLEU,
METEOR and BERTScore, in the hope of setting a new frontier in ATS. The present work
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therefore attempts not only addressing the imposing challenges stemming from the intricate
nature of the Arabic language and the dearth in data resources, but also aiming to articulate
the trade-off to be maintained between the complex design of the model and computational
efficiency. The latter efforts we hope would render the present work to make a remarkable con-
tribution to the NLP applications developments in Arabic, while also alluding to the possibility
that the door to a new chapter in the ATS may have been opened.

Related Research

In their work [1], the authors introduced SentMask, a novel component for text summari-
zation with integration of a sentence-aware mask attention mechanism. This helps to counter-
balance semantic information loss that, of course, takes place in an extract-then-abstract sum-
marization. Thus, SentMask, particularly, helps in maintaining the integrity of sentences, to en-
sure sentence-level semantics are lost in neither the extracted sentence nor a word. This proves
the effectiveness in the performance with higher ROUGE and BLEU scores achieved against
the conventional baseline models in benchmark datasets.

The research [2] concentrates on developing a deep learning-based solution for Arabic text
summarization, an abstractive method that proves to be challenging given Arabic’s linguistic
complexity. The authors introduce a sequence-to-sequence model with an encoder-decoder ar-
chitecture. The encoder is a multi-layered GRUOLSTM/BiLSTM network, and to improve the
results, a new approach for preprocessing called AraBERT was also utilized. A global attention
mechanism is placed over the decoder and the results obtained using ROUGE and BLEU met-
rics were compared. The authors show that the best performance was obtained by the three-
layered BiLSTM at the encoder, which surpassed all models. Particularly, when the skip-gram
Word2Vec model is used, this model provided the best summaries. The work is important be-
cause it takes the first steps at showing the possibility of developing Arabic text summarization
using deep learning-based methods.

Paper [3] presents an original approach to the automatic multi-document text summariza-
tion, which combines a naive Bayesian classifier with a timestamp strategy, to solve the com-
mon problems in text summarization (coherency, redundancy, false extraction). The naive
Bayesian Classifier identifies the key words, with which it calculates the scores of the words/
sentences, that leads to summaries with high readability and understandable. The summaries
structure is enhanced with the timestamp strategy. The experimental results show the effective-
ness of their approach, with respect to the precision, recall, and F-score, over the well-known
and widely used MEAD system, and the execution time is lower. This work is a significant step
forward on multi-document text summarization and in general, in generating, more efficiently,
the coherent and informative summaries.

The study [4] contributes an ensemble model for COVID-19 summarization by provid-
ing a combination of NLP tools based on BERT, a Sequence-to-Sequence model, and Atten-
tion mechanisms. Giving focus in hierarchical clustering and distributional semantics, results
in a more relevant and precise summary. It received a remarkably high average ROUGE score
of 0.40, thereby verifying its high-level accuracy in summarizing complex COVID-19 datasets,
a greater stride towards attaining timely health care decision making.

The paper [5] focuses more on Deep Learning (DL) approaches, particularly on the trans-
former and BERT models. They compared their performance to that of classical techniques
and found that results show the superiority of DL techniques with performance improving
as the extraction rate of keywords is increased. They show that with fewer parameters, their
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BERTSum model was able to achieve 98 % accuracy. This paper implies that the performance
of ATS systems, particularly in the context of Ethiopian languages, can be improved by utilizing
Deep Learning in their design.

The paper [6] conducts a review of using deep learning for abstractive text summarization. It
characterizes Recurrent Neural Networks (RNN) with attention mechanisms and Long Short-
Term Memory (LSTM) models as predominant. Key datasets include Gigaword and CNN/
Daily Mail, with principal evaluation metrics of ROUGE1, ROUGE2, and ROUGE-L. The
highest ROUGE scores are reported as coming from pretrained encoder models. The paper con-
cludes with a discussion of challenges, like out-of-vocabulary words and summary inaccuracies.

The research paper [7] evaluates the current landscape of Automatic Text Summarization
(ATS) with a focus on optimization-based methods. It highlights the trade-offs between sum-
mary quality and real-time application performance. Whereas the paper makes clear that deep
learning approaches, especially Large Language Models (LLMs), show promise, their real-time
applicability is uncertain. The paper points out the need for ATS models to negotiate the trade-
offs between algorithmic complexity and performance — especially for real-time applications
— and asks for novel performance benchmarks rather than one off old timey ROUGE scores.

A novel extractive summarization approach is described in the paper [8], with a particular
focus on low-resource languages such as Romanian. This work uses a Masked Language Model
for assessing sentence importance, leveraging K-Means with BERT embeddings, MLP with
handcrafted features, and PacSum. Importantly, these are unsupervised models, which do not
demand a large number of computing resources, or an extensive dataset. With those meth-
ods that leverage BERT used for learned contextual embeddings, they reach an average of a
ROUGE of 56.29 and a METEOR of 51.20, placing advanced in relation to the current models.

The research paper [9] presents a framework for extractive text summarization using an
encoder-decoder based on Long Short-Term Memory (LSTM). In this work, LSTM is used as
encoder and decoder aided by attention mechanisms. The approach is experimented on news
articles and their corresponding highlights. Preprocessing steps such as text cleaning and to-
kenization are performed, and ROUGE metrics are used to evaluate the performance of the
model. The results indicate the success of the approach for summary of extensive texts. This is
an active area of research with a wide range of NLP and machine learning methods explored in
the literature for text summarization.

The research [10] introduces a new way of translating the messages of pictograms into Rus-
sian languages with the help of methods based on machine learning. It uses the Transformer
architecture, one of the leading ideas in deep learning (DL) and natural language processing
(NLP) for tackling the problem of quality translation of texts from one language to another
language. The paper covers the method that makes the use of sequential lemmatization of the
pictograms and their neural network training, assuring the innovative relation between the pic-
togram-based communication on the one hand, and the world of automated text translation
and summarization on the other.

A novel framework for real-time summarization and keyword extraction from extensive
texts is proposed in [11]. The proposed framework is built on feature extraction and unsu-
pervised learning which results in efficient summary generation. The generated summaries are
concise, which are more user-friendly. For keyword extraction, the framework combines ma-
chine learning with semantic analysis resulting in compared to existing keyword extraction
methods. Furthermore, the proposed mobile application makes these summaries manageable,
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shareable, and audible, which significantly increases user engagement. The proposed summari-
zation framework outperforms current methods and yields better accuracy with F1-scores for
extractive summarization on the DUC 2002 dataset. The keyword extraction method achieves
70 % healthy accuracy.

Deploying the Text-to-Text Transfer Transformer (TS) model, the research [12] dwells
into text summarization, delving into drug reviews from UCI dataset, and BBC News Data-
set. The task entails creating human summaries for reviews, following which, the TS is fine-
tuned for abstractive summarization. Finding promise in the results, the average ROUGE],
ROUGE2, ROUGEL scores for summarizing drug reviews were 45.62, 25.58, 36.53, and for
news summarization were 69.05, 59.70, 52.97.

Comparative Analysis of Recent Advances in Text Summarization

The Table 1 depicts some strength in Text Summarization depicted in each study. For ex-
ample, in the SentMask Model [ 1] the model maintained the coherence and preserved the key
phrases, and in the BILSTM Model [2] having higher word overlap. While the Naive Bayesian
methods [3] increased the precision and recall, which means it returned most of the relevant
sentences and contains only a few irrelevant sentences. It can be seen that the Ensemble Model
for COVID-19 [4] and Pretrained Encoder Model [6] that are effective with complex texts and
maintains good accuracy. There was good performance on very low resource language summari-
zation using a BERT-based approach named Masked Sequence to Sequence Model [8] as well as
the LSTM-based Extractive Summarization [9] - both returning examples of good overall per-
formance, but also showing potential to capture more complex sentence structure. The Com-
parative Performance Analysis of Advanced Text Summarization Models is shown in Table 1.

Table 1
Comparative Performance Analysis of Advanced Text Summarization Models
AHEBREIERRE
o 'a
Study g % LD'J = 3 2 § E Major Findings
o o ) ) & [~ 2. 25
& | 2 | & A | =
[1] Sent Mask Model | 55.38 [ 35.97 | 51.80 | 30.94 | N/A | N/A | N/A | N/A
[2] BILSTM Model | 51.49|12.27|34.37| 041 | N/A | N/A | N/A | N/A Considerable word

overlaps with the refer-
ence summaries; good
at capturing key phrases
and sentence coherence

[3] Naive Bayesian N/A | N/A | N/JA | N/A | 854% | 83.9% | 92% | N/A | Outstanding perfor-
mance in terms of word
overlap and key phrase
capture; competent
sentence-level coher-
ence

[4] Ensemble Model |0.481| 0.92 | N/A | N/A | N/A | N/A | N/A | N/A | Higher precision and
(COVID-19) recall compared to
the existing methods;
achieved a good balance
between readability and
relevance
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Ending of Table 1
[6] Pretrained 43.85(20.34| 399 | N/A | N/A | N/A | N/A | N/A | Demonstrating compe-
Encoder Model tency in summarizing

complex health-related
information; effectively
capturing complicated
structure of sentences
[8] BERT-based 5629 | N/A | N/A| N/A| N/A | N/A | N/A | 51.20 | Achieving high efficien-
Approach cy in summary genera-
tion; significant ability
to manage the out-of-
vocabulary words and
accuracy achieved in

summaries
[9] LSTM-based 0.542 [ 0.096 | 0.618 | N/A | 0.765 | 0.542 [0.618 | N/A | Effective in extractive
Extractive summarization for low-
Summarization resource languages;
higher accuracy main-
tained for context

Source: the table is compiled by the author.
Methodology

In this research, we seek to improve upon an existing model for abstractive Arabic text sum-
marization through the harnessing of recent advancements in both areas. Building on [2], work
that explored sequence-to-sequence models using GRU, LSTM, and BiLSTM (bidirectional
LSTM) architectures, our proposed enhancements are designed specifically to address challeng-
es posed by the Arabic language in order to continue to push the state of the art in summarization.

As we propose in our Enhanced Architecture shown in Figure 2, for the Encoder, we con-
tinue to recommend using the BiLSTM architecture, using three layers, as it has been effective
at capturing the bidirectional contextual nuances that are critical to accurately representing
Arabic texts. We advocate, however, employing the Transformer-based attention mechanisms
for this task, as they have been proven to handle long-range dependencies with the type of ef-
ficacy that is crucial to summarization tasks.

With this regard, AraBERT was utilized for preprocessing, but with the addition of more ad-
vanced tokenization and normalization techniques made for the Arabic script. In addition, in hope
of having a better capture of the language subtlety of Arabic, we used contextual embeddings using
the architecture proposed GPT-3 that surpass most of the traditional word2vec models. Follow-
ing that, an advanced multi-layered decoder with residual connections shall be integrated to better
facilitate the generation of more coherent and contextually relevant summaries. The training data
was also augmented with the modeling consolidated training strategies such as back-translation and
paraphrasing, which are of tremendous help in resource-constrained languages like Arabic. To hint
on the training approach, the strategies used such as Teacher Forcing and Scheduled Sampling are
suggestive of having blended learning efficiency with model robustness. Bayesian Optimization for
hybrid hyperparameter tuning allowed the firm to identify the most effective model configuration.

To explore in more detail, datasets that were used are but not limited to: AHS (Arabic Head-
line Summary) Contains Arabic articles and title and is ideal for news content summarization.
AMN (Arabic Mogalad_Ndeef) Dataset: Includes Arabic news content and summaries. This
is useful for a broader range of summarization tasks. Arabic Parallel Corpora: wanted for data
augmentation and additional training material.
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We will continue to use the primary metrics as ROUGE-1, ROUGE-2, ROUGE-L, and
BLEU. We will also look into some additional metrics such as METEOR and BERT Score to
get a more comprehensive evaluation.

As we are dealing with a language with complexity in Arabic, we had to adopt special-
ized preprocessing and tokenization which address Arabic script and morphology challenges.
Moreover, the use of pre-trained models and data augmentation on extensive datasets is used
to overcome the issue of limited data resources.

Below in Figure, it can be seen a flowchart representing the enhanced abstractive Arabic
text summarization model. With this flowchart, it outlines the sequence of steps in the pro-
posed model, showing the flow from preprocessing to final evaluation.

Arabic Preprocessing|

Utilize AraBERT for‘ preprocessing

|Apply advanced i and lization for Arabic script\

ol
|

Reduce words using letter nor | Data Rep!

|Use contextual embeddings from GPT-3|

\Create word embeddings using word2vec (skip-gram)‘

[Build dictionaries for word-to-integer conversion|

Apply Padding and Special Tokens ( {UNK) , (PAD) , (EOS) , {SOS) )‘ [ Data ion]

~—

[Apply back ion and paraj ing techniques| [ Dataset Utilizatior]

\\

AHS Dataset for news content

‘AMN Dataset for a broader range of summaries‘

[Arabic Parallel Corpora for additi training material‘ \ Model Building and Training']

=y

S~

Use BILSTM architecture with three layers for Encoder[

Transformer-based attention mechanism‘

|Constru<l advanced multi-layered Decoder with residual connec(ions[

|Apply Teacher Forcing and Scheduled Sampling in training‘

|0ptimize Hyperparameters using Bayesian Optimization‘

[Train the model with training set and validate with validation seq [ Evaluation)

Use ROUGE-1, ROUGE-2, ROUGk-L, and BLEU metrics|

lConsider additional metrics like METEOR and BERTScorel

Evaluate on testing set|

Figure. Enhanced abstractive Arabic text summarization model
Source: the scheme is made by the author.
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Experimental Results and Discussion

In experimental evaluation, our improved ATS model for Arabic text summarization has
shown enhanced linguistic accuracy and summary quality which is an improvement over sin-
gle-document summarization and has been evaluated using the Arabic Headline Summary
(AHS) dataset in addition to the Arabic Mogalad Ndeef (AMN) dataset as well as with ad-
ditional training material from the Arabic Parallel Corpora. In all cases, our model was evalu-
ated on ROUGE-1, ROUGE-2, ROUGE-L, BLEU, METEOR, and BERTScore. The results
are shown in Table 2.

Table 2
Performance Metrics of Our Arabic Summarization Model
Dataset ROUGE-1 | ROUGE-2 | ROUGE-L BLEU METEOR BERTScore
AHS 58.35 44.21 55.76 047 0.81 0.92
AMN 60.47 46.30 5791 0.49 0.83 0.93

Source: the table is compiled by the author.

The Recall-Oriented Understudy for Gisting Evaluation (ROUGE) metrics are used to
evaluate automatic summarization and machine translation. They compute the overlap be-
tween the generated summaries and a set of reference summaries.

ROUGE-1: Overlap of unigrams (single words) between the generated summary and the
reference summaries. AHS: 58.35, AMN: 60.47 — these are moderate to high word overlap, in-
dicating that the model is effectively capturing key content words across both datasets.

ROUGE-2: Overlap of bigrams (pairs of consecutive words) between the generated sum-
mary and the reference summaries. AHS: 44.21, AMN: 46.30 — these values are lower than
ROUGE-1 scores as expected, as matching of exact sequences of two words is harder. However,
they still command a good capability to capture important phrases and content details.

ROUGE-L: Longest Common Subsequence (LCS) based statistics AHS: 55.76, AMN:
57.91. These show that the model is not just capturing key words and phrases, but is also effec-
tively preserving significant portions of the sentence structures from the original texts.

BLEU Metric: Bilingual Evaluation Understudy (BLEU) score: Use of BLEU score to
evaluate quality of machine-translated text. Compares it to a set of reference translations.
Often used in summarization tasks to evaluate information retention and relevance. AHS:
0.47, AMN: 0.49 — while BLEU scores in summarization are typically lower than in transla-
tion tasks due to the creative reduction involved in summarization, the scores here indicate
a decent precision in selecting relevant information for inclusion in the summaries. This, in
turn, suggests that the summaries are coherent and contain information that is relevant to
the original texts.

METEOR Metric: The Metric for Evaluation of Translation with Explicit ORdering (ME-
TEOR) score evaluates a machine-generated translation based on how well its words/phrases
match the equivalent in a reference translation, accounting for synonyms & stemming while
providing a number of outright and cumulative word order & inflection penalties. AHS: 0.81,
AMN: 0.83 — high METEOR scores indicate that the model does a good job of producing sum-
maries that are relevant, coherent, and structured well while preserving semantic coherence
with the source texts; it paraphrases/uses synonyms effectively.
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BERTScore: Leads its neighboring entries in leveraging the in-context representations of
BERT (Bidirectional Encoder Representations from Transformers) to measure word/sentence
similarity, matching words in a generated sentence with the reference sentence on the basis of
their embeddings. AHS: 0.92, AMN: 0.93 — these very high scores indicate that the model’s
generated summaries exhibit a great deal of semantic overlap with its reference summaries;
they are semantically rich and closely related in meaning to the source texts, effectively captur-
ing the context and nuance of the Arabic language.

The reported metrics across both datasets convey that the Arabic Summarization Model per-
forms very well overall, generating relevant, coherent summaries. The model excels at capturing key
content (as demonstrated by ROUGE scores), generating semantically aligned summaries com-
pared to the original texts (as evidenced by high BERTScores), and maintaining fluency and struc-
ture (as indicated by METEOR scores). Though far from a perfect score simply due to the nature
of the task, the BLEU scores also convey good precision in content selection and summarization.

Conclusion

Our work in Arabic Text Summarization represents a significant step forward in this area,
successfully combining recent advances in cutting-edge NLP techniques with the latest neural
network architectures. Our enhanced model captures and models the many subtle linguistic
properties of Arabic and generates summaries that are both coherent and contextually appro-
priate. We demonstrate that a three-layer BILSTM architecture with attention mechanisms
based upon those found in the Transformer is highly effective. The use of contextual embed-
dings from GPT-3 has also proved invaluable, along with several novel data augmentation and
training techniques. Our model outperforms existing state-of-the-art results and is able to not
only produce more accurate, but culturally and contextually richer summaries, as shown by
the comprehensive evaluation we carried out using AHS and AMN. In addressing the current
challenges in ATS, our work takes a significant step forward toward the more sophisticated and
effective AT'S systems that are going to be required in order to facilitate the rapid development
of NLP applications designed for the Arabic language.
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