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ABSTRACT

The abstractive multi-document summarization (AMDS) of the Arabic language is a daunting task because
of the morphological richness of its language, the syntactic diversity, and the lack of task-specific
benchmarks. We present Ara25, a Modern Standard Arabic multi-document dataset, built upon more than a
hundred news sources, and divided into 700+ real-world events, in this work, wherein each event contains
several related articles, each with a single human-written abstractive description. Based on this resource, we
construct and comparatively analyze five transformer-based summarizers, mT5, Longformer
EncoderDecoders (LED), AraT5, AarBERT and multilingual BERT, within a common long-context fine-
tuning protocol that encodes and decodes multi-article inputs with explicit article-boundary markers. We
include Arabic conscious preprocessing and a full evaluation suite, consisting of ROUGE, BLEU, METEOR,
chrF, BERTScore, MoverScore and human judgments of fluency, coherence, faithfulness, and coverage.
According to experimental results, long-context abstractive models, especially those initialized with an
XLSum-tuned checkpoint, significantly outperform encoder-decoder models on short contexts with respect
to syntactic consistency and semantic adequacy, making them the best current baselines to date on Arabic
AMDS on Ara25. The combination of the dataset, modeling recipe and evaluation protocol gives a realistic
benchmark and a reproducible reference point to future study on the abstractive multi-document
summarization in low-resource languages.

Keywords: Arabic multi-document summarization, mT5, multilingual pretraining, SentencePiece,
subword tokenization, long-context inputs, Arabic news dataset, cross-document
summarization.

1. Introduction

The explosive nature of growth in the contents of digital texts has rendered the tracking of evolving stories in
the outlets more challenging to readers, analysts, and decision-makers, which has further intensified the need of
multi-document summarization (MDS) systems that can filter through a large number of sources and bring
forward the most important stories [1]. Abstractive MDS, in which fluent summaries are produced by
paraphrasing and reorganizing input instead of duplicating it, is useful in particular when stakeholders need one,
consistent account based on heterogeneous reports and high-speed news events, in responding to crises, in policy
briefs, or literature reviews where timeliness and synthesis are vital [2].

Although there has been significant advancements in English and other high-resource languages, Arabic
continues to be under-served, a phenomenon not only due to the lack of data but also due to the language
characteristics that make it harder to model, templatic morphology and cliticization, flexible word order,
diacritic optionality, orthographic variation, rich derivational patterns, and high levels of dialectal diversity and
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Modern Standard Arabic [3]. These properties render tokenization, sentence segmentation, and cross-document
coreference more susceptible, and increase the chance of error propagation in long-context generation. The
confrontation of abstractive summarization of Arabic is thus twofold; to handle the syntactic discrepancy and
discourse coherence across documents and retain the factual fidelity and stylistic naturalness.

This is further exacerbated by the fact that large, high-quality, task-specific annotations that encode cross-source
agreement, contradiction, and temporal ordering information, which are the focus of multi-document synthesis,
are seldom represented in current sources [4]. Architectures like BERT and T5 have revolutionized
summarization in other languages, and Arabic versions including AraBERT, mT5 and AraT5 have started to
bridge the divide. The majority of previous Arabic literature, however, focuses on single-document
environments or extractive regimes, with little comparatively known about full-abstractive, multi-document
generation [5, 6].

In this work, this gap is dealt with in three fronts. We start by presenting an Arabic abstractive multi-document
summarization (AMDS) dataset of news clusters, each containing several articles and a human-written summary
that is incentivized to reward grammatical well-formedness, cross-document coherence, and factual consistency.
The data set represents real-life issues such as redundancy, salience trade-offs, cross-source event and entity
coreferences, and inconsistencies that need to be addressed or cautiously worded in the final summary [7, 8].

Second, we leverage an adapted five transformer based pretrained models with Arabic-aware preprocessing:
Unicode normalization of common orthographic variants, light punctuation harmonization, optional clitic-
segmentation for more stable sub-word vocabularies, and document-level packing with explicit article boundary
markers to aid the model’s notion of discourse structure. We also explore long-context handling strategies to
better model cross-document dependencies [9, 10].

Third, we employ an evaluation protocol that combines automatic metrics with Arabic-sensitive tokenization
(e.g., ROUGE variants), complemented by targeted human evaluation for coherence, faithfulness, fluency, and
coverage. Beyond headline scores, we report qualitative analyses of typical failure modes in Arabic AMDS
hallucinated attributions, timeline drift, brittle handling of named entities and numerals, dialectal code-
switching, and study the impact of our preprocessing and input-structuring choices through ablations. Taken
together, these contributions advance the state of Arabic abstractive MDS by providing a realistic benchmark,
a practical modeling recipe grounded in Arabic linguistic considerations, and a transparent evaluation suite [11,
12].

To the best of our knowledge, this work represents the first systematic attempt to investigate long-context fine-
tuning for Arabic abstractive multi-document summarization (AMDS). While earlier studies have addressed
Arabic summarization either at the single-document level (e.g., AraSum, AraBART) or through extractive
multi-document pipelines (e.g., LDA- or TextRank-based methods), no prior research has directly explored
abstractive MDAS under extended input contexts. Our contribution therefore lies not only in providing an
abstractive model capable of handling heterogeneous multi-source Arabic news but also in empirically
demonstrating that long-context optimization mitigates harmful truncation and improves recall-oriented metrics.

2. Literature review

Natural Language Processing (NLP) is one of the most important and viral applications of artificial intelligence
in both industry and science. It, in short, uses computational techniques to automatically represent and process
human languages. There are several NLP applications and tasks such as information extraction, machine
translation, question answering, and text summarization. Nowadays, there are huge amounts of textual data,
including online documents, articles, news, and reviews. They contain long strings of text that must be
summarized to enable decision-makers to make decisions in a reasonable time. Text summarization, in general,
is the process of summarizing a single article or a set of related ones by summing up the most important ideas,
making sure the ideas sequence is coherent by ordering them chronologically [13, 14].
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Text summarization has been around for more than fifty years, and there is a thriving research community in
this field. To improve the quality of the output summary, researchers continue to enhance the performance of
existing text summarization approaches or suggest brand-new approaches. The output of the most recent text
summarization models (specially Arabic) is still only moderate level. Anyway, text summarization systems can
be classified in several ways Here we going to introduce the most common classifications of automatic text

(Figure 1)
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Figure 1. The most common summarization systems classification

Based on the output summary Approach, extractive, Abstractive, or Hybrid [13]. In The extractive text
summarization approach, the system selects the important sentences from the input document and rewrites them
in the same order as the original text [11][12]. The abstractive text summarization approach represents the input
document in an intermediate representation, and the output summary is generated from this representation
[10][11]. The hybrid text summarization approach merges both the extractive and abstractive approaches [16,
17].

Monolingual, Multilingual, or Cross-Lingual. A summarization system is monolingual when the language of
the source and target documents is the same [18, 19]. A summarization system is multi-lingual when the source
text is written in a number of languages (for example, English, Arabic, and French), and the summary is also
generated in these languages. A summarization system is cross-lingual when the source text is written in one
language (for example, English), and the summary is generated [9][11].

Based on the Input Type, single-document and multi-document [8]. Single-Document Summarization uses a
single text document to generate a summary, and the target is to shorten the input document while keeping the
important information [20, 21]. In Multi-Document Summarization, a set of input documents and the target is
to remove repetitive content in the input documents [22, 23]. Multi-document is more complex than Single-
document and has some prominent issues like redundancy, coverage, temporal relatedness, compression ratio,
etc. [7][11].

Arabic multi-document summarization (MDS) seeks to distill a coherent single summary from clusters of related
Arabic texts, most commonly news [24, 25], while balancing topical coverage, non-redundancy, and fluency
under rich morphology, clitics, and stylistic variation; early Arabic MDS established clustering-driven
extractive baselines that group sentences by topical similarity and prune duplicates on Arabic adaptations of
DUC-style corpora, demonstrating that simple cluster-then-select pipelines can yield competitive summaries
for this language family [1, 26]. Subsequent Arabic work extended those results to show that explicit
optimization of salience in addition to redundancy yields better coverage at minimal length inflation, and that
measures of recall improve when selection pressure is balanced with diversity [27, 28].

Hybrids that are topic-aware, e.g., fuzzy C-means + LDA, also assisted in aligning the sentence clusters with
the latent event structure in multi-article contexts, particularly where stories grow over time, and which share
named entities; cross-source consolidation was also achieved effectively by graph-based methods that combine
PageRank with distributed embeddings [29, 30]. In the abstractive space, Arabic modeling with Transformer
pretraining and Arabic-aware tokenization has achieved more progress on summarization tasks, and offers
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powerful decoders that can be combined with extractive preselection to combine evidence across documents
and paraphrase fluently in Modern Standard Arabic an increasingly popular design that uses extractive signals
to plan contents and Transformer generators to generate surfaces [31, 32].

In addition to Arabic-only work, coarse-to-fine, multi-granularity models based on the rest of the MDS literature
suggest initially encoding document-scale interactions and then refining to sentence- and phrase-scale relations;
these structures can be easily adapted to the case of Arabic using morphology-sensitive preprocessing, length
control, and decoding constraints (e.g., coverage penalty, repetition control) to cope with Together, the trend in
Arabic MDS is towards hybrid schemes that (i) cluster and rank to cover and de-duplicate [1,28], (ii) inject topic
and graph structure to handle cross-source agreement and contradiction [17,29], and (iii) use Transformer-based
abstraction to paraphrase reliably and faithfully [32], and (iv) apply multi-granularity reasoning

Arabic text summarization has received a long history of interest as Arabic text spreads into newsrooms,
platforms, and archives, and the methodological space has expanded correspondingly between the initial neural
baselines and hybrid pipelines and cross-lingual transfer, but still lacks significant gaps to fully abstractive,
multi-document scenarios. On the neural front, [9] author provided one of the first Arabic Single-document
abstractive summarization sequence-to-sequence systems, summarizing the formulation of the problem, and
revealing the issue of exposure bias, the lack of coverage of salient content, and the shortage of the long-input
resistance. Their data is constructed on the basis of single Arabic news stories along with their headlines. Their
task is more or less headline generation based on a single article.

Graph-based centrality algorithms that are central to Arabic offer simple, efficient baselines to sentence
selection, clustering with distributional semantics, extractive summarization of Arabic, where the key of the
approach is the cautious use of linguistic preprocessing and morphological decoders to enhance the ranking of
sentences. Their work is unique in that it uses noun-based ranking with cosine similarity to capture grammatical
significance and semantic similarity, and also tries alternative morphological analyzers to more effectively cope
with the Arabic complexities. Such a combination of more profound language characteristics demonstrates
evident extractive summarization advantages. The approach was found to be good in the single-document
summarization task, and it performed well on the EASC (Essex Arabic Summaries Corpus) which has 153
documents.

The researchers of [2] presented multi-document Arabic summarization, which is unsupervised, one step further

than those of a single text. They used Word2Vec embeddings and k-means clustering to fight redundancy
followed by the utilization of the Weighted Principal Component Analysis (W-PCA) to rank sentences more
sensibly. Their system performs a layered selection: first clustering related documents, then isolating key
sentences based on semantic similarity and weighted importance via W-PCA, no new sentences are generated,
80 it’s extractive text summarization. Analysis with the Essex Arabic Summaries Corpus (EASC) with ROUGE-
1 and ROUGE-2 showed encouraging progress in comparison with previous algorithms.

To close that rift, hybrid pipelines have incorporated structured semantics in systems that are learning-centric.
In [4], the authors suggested an innovative hybrid design of single-document Arabic summarization, which
integrates the advantages of both statistical-based and semantic-based methods in a graph-based design. Their
approach is notable due to its application of hierarchical graph based on ontology, which integrates classic
statistical properties with more profound semantic links, which are more effective in capturing interdependence
between words. The system scored well on the EASC (Essex Arabic Summaries Corpus), and there was
significant improvement in ROUGE-1 scores.

In [26], the authors explored the abstractive Arabic text summarization by fine-tuning two state-of-the-art
pretrained transformers, mT5 and AraBART. Both models were modified to produce consistent summaries of
Arabic texts, and the task was set as a single-document summarization. Article-headline pairs of the Arabic
Gigaword dataset were used to run the experiments and measure the performance in terms of the typical ROUGE
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metrics. The findings indicated mT5 and AraBART generated competitive summaries, indicating the power of
transformer-based pretraining to learn semantic and contextual subtleties over previous neural processes.

The authors of [32] published SumArabic, an abstractive Arabic news dataset, consisting of a single document,
constructed on Common Crawl pages of Emarat Al Youm and AlMamlaka TV, to assess Arabic abstractive
summarization using RNN-based and transformer-based models, comparing RNN and Transformer
configurations (including pretrained models) to Arabic abstractive summarization, and measure them on
ROUGE-.

In [30], the authors introduced GEATS, a single-document, extractive Arabic summarizer, which constructs a
sentence graph based on cosine similarity of Word2Vec embeddings and ranks sentences using PageRank; the
Farasa stemmer is used to preprocess.. The system is evaluated on the EASC corpus (153 docs; five human
summaries per document based on Wikipedia, Alwatan and Alrai) and evaluated in terms of precision, recall,
F-measure, and also reports ROUGE-N and BLEU formulations; the system obtains competitive scores at 40
percent compression and even scores above the nearest baseline by more than 7.5 percent F-measure. GEATS,
in general, exhibits a robust graph-plus-embeddings recipe to the Arabic extracted summarization.

The authors of [23] introduced AraTSum, a pipeline for Arabic Twitter trend summarization that treats each
trend as a multi-document (multi-tweet) extractive task: they first discover topics with LDA/NMF, classify
tweet sentiment with a modified AraBERT model, extract aspects via TF-IDF, then cluster by topic x sentiment
and select one representative tweet per cluster to form the final summary (typically 10 tweets). They evaluate
on five Arabic Twitter datasets spanning different dialects, using ROUGE against human (manual) summaries,
and report gains over baselines; code/data are linked in their repository.

An example of this work is Al-Taani and Al-Sayadi, who fuse fuzzy C-means clustering and Latent Dirichlet
Allocation (LDA) to sample the collection of related articles based on topic, and then ranking the sentences
within each topic cluster: experiments on TAC-2011 Arabic news demonstrate that the two-step
topic—selection pipeline is effective at surfacing

A second strand addresses social media MDS based on AraTSum in [23] summarises Arabic Twitter trends,
extracting topics/aspects and using AraBERT-based sentiment to create topicpolarity clusters, and then sample
representative posts; this study identifies the phenomenon of aspect- and stance-conscious selection as a means
to balance coverage in high-noise, high-velocity social streams.

The authors of [24] created thematically segmented documents with LDA-driven annotation, build per-topic
graphs, and use a PageRank-like centrality measure to eliminate redundancy and select high-value sentences,
which further supports the trend of segment-then-rank architecture in Arabic news.

Being an influential baseline on the boundary of the five-year window, the authors of [2] suggested a clustering-
and Word2Vec-led framework (with further dimensionality reduction/feature weighting) to regulate redundancy
and enhance ranking in Arabic multi-document context; though old, it is also actively used in later surveys on
Arabic MDS. Conversely, truly abstractive Arabic MDS is still uncommon: beyond isolated experiments (such
as a textual-graph based, so-called minimal language-dependent, model that fuses related sentences together
using graph traversal rules), most recent Arabic attempts do not go all the way to fuse-generation across
documents; modern abstractive work in Arabic is generally single-document as opposed to multi-document.

Studies shifted to longer sequence-to-sequence and graph extractor models and newer transformer models with
longer context, although we have yet to have a robust, fully abstractive Arabic MDAS that de-duplicates, orders
events, and maintains entities and numbers. It requires improved Arabic multi-doc data with multiple human
annotations, wider Arabic pretraining, effective fine-tuning, and tests that verify cross-source coherence and
factual grounding, not word overlap.

In order to have a closer look the accuracy of automatic text summarization depends on the data collection, the
size of the text and the number of sentences. The Arabic language, however, lacks benchmarks as the rest of the
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languages and the majority of the data sets that are available on Arabic are in an unfortunate state. Arabic
standard datasets) (summarized in Table 1) include text consisting of short sentences, inadequate to produce a
true summary.

Table 1. Comparative standard datasets for Arabic text summarization

Developer Year |  Dataset Name Number of Summary Type Summary
Documents Length
Our Dataset 2025 Ara25 Multi- Abstractive Multi-Sentence
Document
[3] 2023 SumArabic Single- Abstractive Single-Sentence
Document
[21] 2013 KALIMAT Single- Extractive Multi-sentence
Document
[27] 2010 EASC Single- Extractive Multi-sentence
Document

SumArabic [26] is a single-document abstractive dataset focused on generating single-sentence summaries from
news sources, files of the articles of the following two Arabic news websites: www.maratalyoum.com and
www.almamlakatv.com. KALIMAT [21] stands for extractive dataset for single or multiple documents. It

contains 20,291 single documents for texts with summaries and another 2,057 for multi-documents. The data is
news documents [34]. (EASC) [33] stands for popular dataset for single-document extractive summarization
research. It has 150 articles and 765 human-generated summaries of those articles. (DUC2004) [36] is a dataset
for abstractive single-document summarization. It contained 100 Arabic news articles with four human-written
summaries apiece. Each cluster has 10 documents on average. However, the summary is written in English,
whereas the text is written in Arabic. These datasets are usually used to evaluate the ATS systems, because they
don't have enough data to train neural network models. Other datasets, (OSAC) Popular dataset for single
document abstractive summarization. It contains 22,429 news documents. (SANAD) is a large collection of
Arabic news articles and can be used for single-document extractive summarization. (The RTAnews Dataset)
is a collection of multi-label Arabic texts, collected from Russia Today in the Arabic news for single-document
extractive summarization. (NADA) contains a set of newswire texts which are taken from two existing corpora,
OSAC, and DAA, for single-document abstractive summarization. (Multi-Document Summaries Corpora) It
can be used for generic extractive summarization of both Arabic and English multi-documents. They translated
the English gold-standard summary into Arabic by using Google translate [28]. (X1 _Sum) Single document
dataset for abstractive summarization. This dataset was created from the BBC website's news using a set of
well-designed algorithms. The dataset contains 44 languages. (WikiHow) Contains 18 languages. It includes
Arabic texts and a summary of a single abstractive document. (AHS) Dataset can be used for a single document
for abstractive summarization. It contains 300k texts and their titles without any summary. Consider the title as
a summary of it. (AMN) Dataset can be used for a single document for abstractive summarization. It contains
265 k news texts and their summaries [28].

2. Methodology

The present study is based on a methodology framework that merges the existing practices in terms of data
preparation, model adjustment, and evaluation with recent developments in long-context transformers.Our
initial design decision was to favor realism over excessive curation: we do not restrict our experiments to a few
newsrooms with homogenous style, but chose to sample a broadly with a corpus that reflects what real readers
see on the Arabic web, heterogeneous prose, and uneven structure of articles and multiple editorial voices
covering the same story with slightly different angles. The overall goal, then, was twofold; to build a high-
quality dataset with a rich enough linguistic and topical coverage to allow strong generalization, and to do so in
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a manner that is easy to reconstruct or expand by other researchers who may have an interest in stress-testing
their models under similar conditions.

At the instance level, we consider a multi-document event to be a collection of news stories, which give a clear
description of the same underlying real-world event (say, the same attack, election result, court ruling or
diplomatic move, over a short time frame). Beginning with the raw crawl, we sorted articles into candidate
events based on headline hints, publication dates, and topical similarity and analyzed ambiguous cases by hand
to eliminate articles where only shared background topics were present without reporting on the identical
concrete event. This cleaning gives 715 multi-article events and 2,266 source articles, which have a
mean/median of 3.17 / 3.00 articles per event. The complete article texts are stored in each event record, and
their headlines, thus retaining sufficient context to re-group them in the event that other researchers may re-
assemble or extend Ara25 (Our dataset name is Arabic language and year of implementation 2025).

In each event, a human annotator reads all the articles that make the event and then composes a single abstractive
summary in the Modern Standard Arabic which indicates the aggregated perception of the story. Summaries are
written with transparent in-house policies that place emphasis on (i) fluency in MSA, (ii) coherence and logical
flow of ideas across multiple points of view, (iii) faithfulness to the original reports (no hallucinated actors,
places or numbers) and (iv) moderate compression over telegraphy. The annotators are also asked to synthesize
shared information among the articles and also to de- duplicate duplicated sentences but not to verbatim copy
the information unless it is of vital named entity or brief quote. To act as annotators of our dataset, we selected
five native Arabic speakers, with different educational levels, including undergraduate studies up to a PhD in
Arabic language and literature. Their main responsibility was to write the reference human summaries on the
training set, and the test set. In each instance, they read all the source articles in the cluster, and they generated
one abstractive summary as a group that summarizes the main facts, the storyline, and the most important details
of the context, instead of simply copying or slightly modifying the sentences of the inputs. This process resulted
in that the reference summaries adhere to a logical editorial style and a similar degree of informative content
across splits, and are indicative of the knowledge base of the annotators in Arabic language, discourse
organization and news-writing standards. By so doing, every reference summary is the synthesis of multiple
documents, as opposed to the rewritings of one particular source article, and this gives it a suitable gold standard
to abstractive multi-document models.

In order to ensure quality, we conducted light weight systematic checks during construction. Random spot-
checks (around 10 percent of the events in each crawl window) were conducted to ensure that grouping,
normalization, and deduplication were functioning as desired and that the human summaries were accurate to
the articles being grouped. Clearly unsuccessful efforts, like broken markup, wire copy, or summaries that
strayed off the point, were either fixed or deleted. We used publicly available news websites as sources of all
content, and we stored canonical URLs and timestamps to allow downstream consumers to trace individual
items to their origin and abide by the terms of the publisher; where we were required to restrict distribution to
metadata and scripts that re-fetch the articles.

Altogether, these design decisions render Aar25 an intentional tough challenge to Arabic multi-document
abstractive summarization. Input is represented as a number of heterogeneous articles per event, authored by
different newsrooms with different styles, and joined with clear article-boundary hints, compelling models to
do cross-document aggregation as opposed to compressing documents individually. The tokenization statistics
indicate that merged inputs are usually multiple thousands of subword tokens and may even reach 6k tokens in
size, whereas reference summaries are typically more than 10 times shorter with an average compression ratio
of about 3-3.5x. Models should thus be able to deal with long-context reasoning, solve small contradictions
between sources, eliminate redundancy, and yet generate fluent, concise MSA, in a morphologically rich
language with flexible word order. It is this combination of long inputs, many viewpoints, and non-trivially
compressed that we wish modern transformer architectures to be tested on.
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The rich morphology and orthographic variability of Arabic pose familiar but non-trivial preprocessing
problems. We want to apply sufficient normalization to ensure that learning is consistent across models, but still
maintain the natural variability that systems will encounter at inference time. To this end, we use one, model-
agnostic preprocessing pipeline, the results of which are subsequently used by all five summarizers (mT5, LED,
AraT5, AraBERT, mBERT).

We delete non-linguistic artefacts first which include HTML scaffolding, boilerplate navigation text, ad
remnants, inline scripts, tracking fragments, hyperlinks, email addresses. We then regularize orthography,
eliminating diacritics (infrequently found in headlines and captions), tatweel and harmonizing common hamza
/ alif patterns (! — /)/l) to make sparsity less sparse without merging truly different forms. Multidigits are
normalized through a mapping of Arabic-indic digits to Western digits, making downstream tokenization easier
and preventing the sparsity of mixed headlines.

Dialectal material is approached conservatively. In cases where dialectal tokens can be found in otherwise MSA-
style reports and where the contrast is simply a matter of orthography (such as simple clitic spellings), we
normalise to an MSA-like form; in cases where the contrast bears lexical or stylistic content, we do not over-
edit the actual usage. This is especially necessary in opinion pieces and quotes within news articles, where
dialect may indicate voice or stance.

Importantly, we adhere to a principle of realism: we do not use aggressive content filters that would artificially
sterilize the input (e.g. exclamation marks, small sub-titles or emphasis marks are banned). Rather, we include
such phenomena in such a way that models can be subjected to the same edge cases that practitioners regularly
see at deployment time, noisy punctuation, sub-headings within the article body, and mixed-script named
entities.

The corpus keeps all the events after preprocessing (more than 700 multi-article events) to be used to model.
Aggregate input statistics, calculated with the mT5 SentencePiece tokenizer, are that the average input length is
in the range of hundreds of subword tokens (meaning around 270 on average, with a median a bit smaller), and
that the largest events go up to the low-thousands of tokens and create a small long tail of very detailed stories.
The average length of human-written summaries of references (one per event, written after reading all the
articles that form it) is about three times shorter, with an empirical compression ratio of the ~3.1-3.4x range.
We do some basic quality control: on a random sample of events per crawl window (approximately 10 percent),
we spot-check date extraction, paragraph delimitting, and deduplication, and in the few cases where problems
are found, we make corrections or drop the problem item.

Since our experimental design involves five transformers, we have to trade comparability with model-specific
tokenizers. To analyze data and make length-sensitive training choices, we use the canonical reference of the
SentencePiece tokenizer of mTS, as it operates with subword units that are compositional and trained to work
with multilingual news tasks. This is especially significant with the Arabic language, in which the cliticization,
active affixation and a high frequency of numeral, named entity and foreign string mixing (e.g. 19-28S, F-16,
etc.) would otherwise run the vocabulary out of hand.

Practically, mT5, LED, and AraT5 can use SentencePiece-style subword vocabularies that have the same
compositional benefits, whereas AraBERT and mBERT use WordPiece tokenizers that are trained on Arabic or
multilingual data. The reason is that we avoid adding an extra morphological segmenter (e.g. Farasa-style pre-
segmentation) to make preprocessing straightforward, model-neutral and similar among all five systems; rather,
we use the subword tokenizers as-is to deal with inflectional and clitic variation.

The tokenization under the mT5 tokenizer is to an average of approximately a few hundred subword tokens per
event with a tight central mass and a long-tail mass of events which stretches well over a thousand tokens.
Reference summaries are roughly 1/3 the length of the input, which is in line with the compression ratios in the
above. In addition to their descriptive utility, such statistics are used in a number of training decisions typically
shared by all models, including maximum input lengths, gradient accumulation options (to allow long sequences
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occasionally), and generation length limits optimally set to the observed compression range. Notably, we do not
artificially cut the sources to cause a specific length distribution rather we simply impose large limits on each
architecture (e.g., long-context windows in mT5/LED and larger hierarchical buffers in AraBERT/mBERT) and
have the natural variation in Ara25 push the learning signal.

After normalization and tokenization, the data was split into training and testing events at the event level: 90%
of the total events were used to build the training set, and 10% of the total events were used to build the test set,
which resulted in around 648 / 72 events in the training and test sets respectively. The lengths of the input
(number of characters and tokens) are distributed similarly in each split to the global corpus and the length
distribution summary is similarly stationary, which is favourable to tuning generation parameters on the
validation set without accidentally over-fitting to a non-representative subset. In contrast to some previous
literature that builds a special out-of-domain (OOD) split by clustering the sources by topic, we decided, since
we already have a wide range of sources covered, to maintain the topical heterogeneity within the standard splits
and leave the OOD analysis to later work; this choice allows the current research to remain targeted to the main
modeling question without further assumption about topic boundaries.

Transformer models have been demonstrated to be useful in single- and multi-document summarization (e.g.,
BART, PEGASUS, mTS5). As Reda et al. (2022) and Elsaid et al. (2023), we follow a sequence-to-sequence
design, namely fine-tuning mT?3, as it has an efficient SentencePiece vocabulary in the Arabic language and the
capability to work with multilingual environments. In order to overcome the input length constraint of previous
MDAS studies (Li et al., 2020; Wang et al., 2022), we explore long-context fine-tuning to a maximum of 6,144
tokens, enabling the model to learn more cross-document dependencies without being adversely truncated.

Though long-context models or Arabic-specialized models might, on the face of it, seem the correct solution to
multi-document abstractive summarization, our exploratory experiments indicated that a practical trade-off is
determined not so much by architectural slogans as by a delicate balance between (a) the nature of our data,
with its stylistic heterogeneity, topical diversity, and deliberately realistic textual noise, (b) the The use of LED
architecture in the context of long-term context shortly caused cognitive overload, with learning plateaus. As a
result, automatic measures did not significantly change and no credible indicators of meaningful change were
observed. Such stagnation seems to be a result of compound factors: that is, the need to have carefully designed
global-attention patterns and anchors in merged inputs to be able to successfully exploit the increased context
window. [1][2]; mismatch between the pretraining (which is mostly on texts/languages not reflective of Arabic
morphology or the noisiness of real-world news); and high computational cost that requires severe tradeoffs in
batch size and gradient accumulation, resulting in a insufficient number of effective updates to overcome the
initial stalling of the loss.

AarT5, which is Arabic-trained, acted in a similar way of non-learning in our environment. The most likely
reason is that, being linguistically compatible, it is not always tuned to multi-source abstractive summarization
(which requires a lot of evidence integration across temporally closely related reports); in combination with
context constraints imposed by memory, this forced us to extreme trade-offs between length of input and training
stability, flattening curves and loss of gain on reference measures.

In our case, with the Wavelet variant we tested, it appeared unsuited to the task, on two counts: its architecture,
in the form we tested it, was not particularly willing to demonstrate strong compositional paraphrasing across
multiple documents compared to existing sequence-to-sequence generators, and its sensitivity to fine-tuning
hyperparameters made the range of reliable operation very narrow, with results collapsing to near-zero
ROUGE/B By contrast, mT5 offered a practical blend of three decisive advantages: (1) broad multilingual
pretraining that includes Arabic within a SentencePiece framework without over-zealous normalization
assumptions, reducing distributional gaps when moving from stylistically varied news to representation space
without paying the cost of source-specific linguistic engineering [17][29]; (2) a robust subword scheme that
handles Arabic clitics and derivation well, shrinking vocabulary fragmentation and keeping semantic content
accessible to the model through compositional subunits, observed in practice as faster loss stabilization and
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reduced stalling relative to other models [17]; and (3) stable, fine-grained tunability under realistic compute
(Adafactor, bf16/FP16, gradient accumulation, checkpointing), allowing us to maintain input lengths suitable
for our case, where a merged event input can reach up to 6,144 tokens, without fully sacrificing batch size or
the number of effective update steps [31][32][20].

This in turn allowed the model to observe enough diversity at each epoch to be able to learn a uniform
compression policy at about 3x average. Besides, the fact that mT5 was paired with the properties of our dataset,
where we intentionally maintained the “real-world texture of news and did not over-sanitize it, was particularly
useful: models with the assumptions of clean and in-domain text are likely to trip on mixed numeral encodings,
minor dialectal differences, or other atypical editorial decisions, but mT5 showed more structural tolerance to
such subtle irregular

In practice, where other models had not even demonstrated any statistically significant improvement, near-zero
metrics, non-improving loss, and non-summarizing outputs, mT5 and LED had reached a consistent level of
learning and started generating concise, coherent summaries to track event timelines and project high-
information-density phrases across documents, which is exactly the kind of behavior desired in real-life MDAS.
Overall, the decision to use mT5 was an experiment-based, methodological choice, rather than a strictly
theoretical one: its multilingual pretraining, subword strength, and fine-tuning stability were both appropriate
based on our computational resources and the lengthy and mixed nature of our inputs, whereas AraBERT,
AraT5, and BERT, as implemented in our experiments, could not pass the initial learning bottleneck of this

In line with the tradition of finetuning with transformers, we use methods like Adafactor with warm-up
scheduling, label smoothing, and gradient accumulation. Gradient checkpointing and mixed-precision training
make training within constraints of GPU memory viable, akin to recent Arabic transformer work. Early
validation loss stopping avoids overtraining, and increases the generalizability of the model across a variety of
event clusters.

Similar to the previous Arabic summarization research (El-Gaaly et al., 2021; Elsaid et al., 2023), the assessment
is done using both automatic and human-centered metrics. ROUGE, BLEU, chrF, MOVER-Score, BERT-
Score, and METEOR are the automatic measures intended to be interpreted as indicative of success because of
the morphological variability of Arabic and the abstractive nature of the task. Human evaluation supplements
these metrics with an evaluation of fluency, coherence, faithfulness and coverage, which surface-level n-gram
matching commonly underrepresents.

This algorithm puts our work between earlier extractive Arabic multi-document systems and more modern
abstractive, transformer-based single-document (e.g. AraBART, AarT5) systems. The amalgamation of Arabic-
conscious preprocessing, long-context input structuring, and stringent multi-metric evaluation places the work
on the path towards a viable framework of abstractive Arabic MDAS that is linguistically and technically
scalable.

We will openly publish all the artifacts of this work,dataset, code and trained models under the copyright and
licensing terms of the news sources they were trained on, to maximize reproducibility and downstream reuse.
The release includes three parts (i) the Aar25 dataset, (ii) modeling and evaluation code, and (iii) trained
checkpoints and configuration files.

Ara25 dataset. We will make Aar25 available in the form of JSON/JSONL, with the entire train/test splits at the
event level, the packed multi-article inputs with article-boundary marks, and the human-written abstractive
summaries. In the case of the 72-event test split, we will have independent reference summaries done on each
event to facilitate multi-reference assessment. A brief data card will be included with the dataset that provides
information on coverage of the source, preprocessing choices, length statistics, and identified shortcomings.

Code and experimental pipeline. The entire preprocessing, training, and evaluation pipeline will be published
as a series of Python scripts and Jupyter notebooks, and these match the implementation on Google Colab that
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was used in this study. This repository will contain: (i) scripts to normalize and pack data, (ii) training scripts
of all five models (mT5, LED, AraT5, AraBERT, mBERT) with their hyperparameters, (iii) evaluation scripts
of ROUGE, BLEU, chrF, METEOR, BERTScore, and MoverScore, and (iv) the scripts to perform decoding
ablations and An environment setup (library version, required GPUs), stepwise instructions to reproduce the
main tables and figures, and instructions to add new events to Aar25 will be documented in a top-level
README.

Long-term access, models, and configurations. In the case of the most effective system (long-context mT5
starting with the XLSum checkpoint), we will release the fine-tuned model weights, tokenizer, and the exact
generation_config with which we report headline results. We will also offer LED checkpoints where possible
to complementary long-context baselines. Artifacts will be versioned, and stored on a stable public platform
(e.g., GitHub + a model/dataset hub with DOI-backed snapshots) to make them permanently accessible. In
anonymous review the reviewers will be given an anonymized repository link; when acceptance is received the
repository will be de-anonymized and the final DOIs and URLs will be inserted into the camera-ready version
of the paper.

3. Experiment

We construct a Modern Standard Arabic (MSA) multi-document summarization dataset (Ara25) by aggregating
news coverage of the same event from 100+ official Arabic news outlets, yielding 715 multi-article items
(events) and 2,266 source articles (mean/median 3.17/3.00 articles per event). Each item pairs a packed multi-
document input with a single human-written abstractive summary; 713 items contain both sources and
references. A light language-quality screen flags only 2 low-Arabic summaries, and we remove exact and near-
duplicate titles (63 exact groups; 92 near-duplicate clusters) to reduce topical leakage. Inputs are concatenated
with explicit markers <ARTICLE i> and a task prefix (“zs<ass Jbaidl g iy sadll 4y 2l adl: 7).

Tokenization analysis (SentencePiece) shows median/90th/95th/99th input lengths of 2,024/4,521/5,237/6,538
tokens, max 7,964; importantly, 97.76% of packed inputs fit within 6,144 tokens, which we adopt as our context
ceiling. Reference summaries are much shorter (median 246, 90th 365, max 611 tokens). Figure 2 shows words
distribution of input texts and output summary.

Distribution of Source Text Lengths (words) Distribution of Summary Lengths (words)
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Figure 2. Words distribution of input texts and output summary

We fine-tune five pretrained transformer-based summarizers that jointly cover Arabic-specific and long-context
architectures: (1) mT5, initialized from the XLSum-tuned checkpoint (csebuetnlp/mT5 multilingual XLSum),
(2) Longformer Encoder—Decoder (LED-base-16384) adapted for long-input summarization in Arabic, (3)
AraT5 as an Arabic encoder—decoder baseline, (4) AraBERTvO02 in a hierarchical encoder-only abstractive
configuration, and (5) multilingual BERT (mBERT) in an analogous hierarchical setup. All models are trained
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on Ara25, where each instance consists of several news articles describing the same event paired with a human-
written Arabic summary.

For the encoder—decoder systems (mT5, LED, AraT5), the concatenated multi-article input is provided directly
as a single long sequence. For AraBERT and mBERT, we employ a hierarchical encoder that first encodes
article segments and then aggregates their representations before decoding. Training across models follows a
shared protocol: a lightweight hyperparameter search over learning rate, batch size, and number of epochs;
AdamW optimization with mixed precision where beneficial; and early stopping on a held-out split using
ROUGE-Lsum as the selection criterion. At inference time we use beam search with length and repetition
controls, and we evaluate all models under a matched decoding configuration unless otherwise noted. The
overall multi-document abstractive pipeline is summarized procedurally in Algorithm 1 and depicted
schematically in Figure 3.

Algorithm 1: Arabic Multi-Document Abstractive Summarization

Require: A set of news documents (D = {di, dz, ..., dm}) related to the same event
Ensure: Abstractive summary (SD)

1: Collect multi-source documents D.

2: Preprocess each document: normalize Arabic text, remove noise, and tokenize.

3: Concatenate all documents into a single sequence M with segment markers

(ARTICLE:)...(/ARTICLE;).

4: Load long-context transformer model M.

5: Tokenize M with maximum context length L.

6: Encode input sequence: H=M6.encode(M)H =M _{0}.encode(M)H=M6.encode(M).

7: Apply long-context attention mechanism to capture cross-document relations.

8: Decode abstractive summary using fine-tuned decoder:
SD=M0.generate(H,decoding_params)SD =M _{0}.generate(H, decoding\ params)SD=M0

.generate(H,decoding_params).

9: Post-process output summary: detokenize, normalize Arabic script, remove repetitions.

10: Return SD.

Ara25 Dataset

Scrape — Extract — Parse - Normalize - Store

v

Preprocessing
Clean - Normalize - Tokenization - Chunk - Format

|
v

Dataset Split
90% Train / 10% Test

|
v

mT5 LED AraBERT AraT5 mBERT
L ! ! ]

v

Evaluation
BERTScore - MoverScore - ROUGE - BLEU - METEOR - chrF - Human

Figure 3. Schematic overview of the Ara25 training and evaluation pipeline
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The Ara25 dataset is preprocessed and split into train and test sets, then used to fine-tune five models (mT3,
LED, AraBERT, AraT5, mBERT), whose outputs are subsequently assessed with automatic and human
evaluation.

The first system we evaluated was a baseline built on top of the publicly available AraT5-base model. We fine-
tuned this model for eight full epochs without early stopping, using Adafactor with a 2e-5 learning rate and a
cosine scheduler, on Google Colab with a single GPU in mixed precision (bf16). The input to the model was a
long-merged document that concatenates multiple news articles about the same event, cleaned and standardized,
with an explicit Arabic instruction prefix (“summarize in Modern Standard Arabic with accuracy, brevity, and
clarity”). We allowed up to 6,144 tokens on the encoder side and 512 tokens on the decoder side, and
accumulated gradients (2 x 16) to compensate for Colab memory limits. During training, the model appeared
to converge in terms of loss, and validation loss decreased across epochs. However, when we evaluated the
model on the held-out test set, the actual summarization quality was extremely weak: ROUGE-1, ROUGE-2,
ROUGE-L, and BLEU were effectively zero, and METEOR was also close to zero. The produced summaries
were relatively long (about 168 words on average), but they did not reliably capture the factual content of the
reference summaries, and they exhibited very low lexical overlap with the human-written targets. In practice,
the model tended to generate generic high-level statements rather than event-specific content. We believe this
failure is caused by a combination of factors: (i) AraT5-base was not pre-trained for very long multi-document
inputs, yet we forced it to consume multi-thousand-token contexts; (ii) the model was asked to perform high-
level cross-article abstraction rather than sentence compression, which is outside its typical use; and (iii) the
decoder tended to drift into fluent but ungrounded Arabic text that does not align with the gold summaries. The
significance of this experiment was that it demonstrated a lower bound: naively fine-tuning a typical Arabic T5-
style model on long, merged multi-source inputs does not necessarily result in usable multi-document
summaries, even when the loss during training appears reasonable. The second one is multilingual BERT
encoder-decoder (nBERT Abstractive Hier). This architecture is not a native seq2seq architecture; we directly
constructed it by training bert-base-multilingual-cased as both encoder and decoder, and then make the decoder
architecture cross-attention whereby the decoder BERT is able to attend to the encoder BERT. Google Colab
was used to train in two steps. Phase A: We froze the encoder and only fine-tuned the decoder in two epochs,
and the practical encoder context was 448 tokens. Phase B: Phase B involved unfreezing the encoder and
training both sides an additional 6 epochs, with a maximum of 512 tokens as input to the encoder. When bf16
is available, we used gradient accumulation (2 % 16), cosine scheduling, label smoothing, and mixed precision.
The validation loss steadily decreased throughout the epochs in both phases, indicating that the model was not
going astray but was adapting to the task. The pipeline also had considerate Unicode-safe decoding, vocab-
specific clipping of the vocab, and constraints on generation, like no repeat ngram size=3, and an optional
hierarchical inference process, which breaks a long 6K-token event into windows, summarizes each window,
and summarizes the summaries. But this hierarchical step was not allowed in final validation scoring and
therefore, only single-pass generations were evaluated. Lexical overlap with the human summaries was
effectively zero when we tested on the held-out test set: ROUGE-1/2/L and BLEU both reduced to 0.0, and
METEOR was very low. The model generated outputs of approximately 129 words and in largely grammatical
Modern Standard Arabic, but they read like generic background paragraphs on the topic as opposed to a focused
event summary. However, semantic similarity scores like BERTScore (~7273 F1) or MoverScore (~0.95) had
higher scores than AraT3, indicating the model is at least discussing the appropriate general topic. We interpret
this to mean that this architecture can communicate about the story, yet it still can not generate an anchored,
factual event summary that matches the human-written gold summaries. The key bottleneck is structural:
mBERT has a natural max position embedding of only 512 tokens and thus, after unfreezing and joint training,
the model does not actually look at the entire multi-document context (=6K tokens). It only looks through a cut
window and then fantasizes that there is some connecting prose that it is unable to perceive. The third of our
variants substitutes multilingual BERT with an Arabic-specialized backbone: bert-base-arabertv02 as the
encoder and decoder, and linked by cross-attention in a BERT2BERT EncoderDecoder through an architecture.
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The training schedule is structurally identical to that of the multilingual model: the first two phases of training
are a freeze-thaw cycle in Colab, where we freeze the encoder (Phase A) and optimize the decoder to speak in
an abstractive, news-like voice, then thaw the encoder (Phase B) and train the entire stack together. We impose
the same generation constraints as in the previous case (no repeat ngram size=3, 4-beam decoding, label
smoothing, accumulation of gradients (2 x 16)) to live within memory constraints. The concept of AraBERT
was straightforward: perhaps a monolingual Arabic model is more likely to comprehend Arabic news discourse
and headlines, than a generic mBERT, and thus be able to generate more native-sounding, information-dense
summaries. In Phase A we had weak yet non-zero ROUGE and BLEU on validation (e.g., ROUGE-1 of 0.02-
0.03 in early epochs) which was an indication that the decoder, alone, was beginning to align with the target
summaries. Once the encoder was unfreezed in Phase B, though, the behavior proved to be unstable: validation
loss kept decreasing, but more often than not the lexical overlap metrics would revert to zero in subsequent
epochs, and the improvements we observed during early steps were not always maintained. The resulting final
AarBERT system had long outputs (approximately 285 words on average), written in grammatical Modern
Standard Arabic, and was marginally more lexical and structural aligned than mBERT: ROUGE-1 best over
refs was about 1.7 and METEOR and chrF were higher than pure mBERT, as well. Concurrently, BLEU and
ROUGE-2 were also very low and the summaries continued to be largely high-level narratives as opposed to
narrowly based event synopses. That is, the model sounds more like Arabic news than the multilingual baseline,
yet it also has a hard time summarizing multiple articles into a narrow, factually accurate, event summary. We
take this to indicate that monolingual Arabic pretraining assists stylistic fluency and register, but alone does not
address two fundamental issues (i) the 512-token maximum context of BERT, which does not allow the model
to effectively see a 6K-token multi-document input, and (ii) the challenge of learning to control abstraction in
the context of an encoderdecoder model that has never been pre The fourth is a long-context abstractive
summarizer that is based on allenai/led-base-16384 and modified to Arabic. Contrary to the BERT-style style
models, LED is a real encoder-decoder model with sparse attention on very long documents, and is thus
inherently multi-article in nature. We fine-tuned LED in Colab using a two-phase length curriculum. During
Phase A, we simply trained the model by only providing inputs that are truncated at around 2K tokens (2,048
tokens) once, primarily because we wanted the decoder to learn how to generate concise Arabic summaries
without depleting the attention budget at once.

In Phase B, we increased the maximum encoder length to 6,144 tokens and continued training for five epochs
with gradient accumulation (1 % 16 effective batch), mixed precision, and label smoothing. We also created a
world attention mask that literally indicates the beginning of each of the <ARTICLE i> segments such that the
model informs about which spots are structurally significant in the combined news articles. In training,
validation ROUGE-1 and ROUGE-L immediately jumped to the range of 0.16-0.20 after only one or two epochs
of Phase B, which is a big leap relative to AarBERT and mBERT. With the held-out test set, the fine-tuned LED
model had ROUGE-1 best over refs of approximately 11.4, ROUGE-L best over refs of approximately 11.1 and
BLEU of approximately 3.28. chrF reached ~22.8, and METEOR was around 11-12%. The summaries were
on average approximately 80 words, and this implies that LED was not merely copying the lengthy spans but
actually reducing the input of the multi-document into one short event-level paragraph. Qualitatively, the
outputs of LEDs begin to resemble actual news summaries: they refer to specific actors and actions related to a
particular incident, rather than fading into generic background. Nonetheless, the difference in faithfulness and
lexical overlap still remains present, particularly on ROUGE-2 (around 2.7%), indicating that the model
occasionally picks up on who/what but fails to provide finer relational information (who did what to whom
when). On the whole, this experiment is a significant milestone: as soon as we switched 512-token bottleneck
models to a long-context encoder-decoder explicit global attention across article boundaries, we finally got
recognizably on-topic, concise, and structurally similar summaries to our human-written multi-document
references. This preconditions the final system, which enhances the contents selection even more than only the
fluency.
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Figure 4. Loss curves showing optimization stability and convergence speed across epochs under the final
training configuration
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Figure 5. ROUGE curves viewing optimization across epochs

The last system is a sequence-to-sequence model, initialized with csebuetnlp/mT5_multilingual XLSum that is
already pre-trained to do abstractive news summarization in many languages. We then optimized it on our
Arabic multi-document dataset in a long-input regime. In practice, we fed the model concatenated multi-article
context (a maximum of 6,144 tokens fed on the encoder side) and requested it to generate a single event-level
summary that is limited to 512 tokens. Each input was preceded with a clear Arabic brief (summarize in Modern
Standard Arabic with accuracy, brevity, and clarity) such that the task form had a consistent format. As Figure
4 indicates, the training loss declines gradually over the epochs, which means that optimization is stable and
converts to the same point under the last configuration. In Colab, training was performed with gradient
accumulation (2 x 16 effective batch), with Adafactor and a 2e-5 learning rate and cosine decay, mixed
precision, and early stopping on ROUGE-Lsum to avoid overfitting. In contrast to the BERT-style encoder-
decoders, this model is inherently generative and resistant to abstractive long-form goals, thus it is conditioned
to generate in a summarization register rather than generating random background text. We also saw an apparent
jump in the validation quality after the third epoch (Figure 5) where ROUGE-1 and ROUGE-L increased
approximately twofold, and the model did not collapse. This system performed best on the held out test set, with
ROUGE-1 best over refs = -17.6%, ROUGE-L best over refs = -16.9%, ROUGE-2 best over refs =-2.97 and
BLEU =-6.37. chrF was ~41.8, METEOR reached ~21.3, and BERTScore F1 was ~84.9, with MoverScore
around 0.97. The model also generated terse summaries (one paragraph instead of several hundred words) and
the summaries were event-oriented: they specifically identified actors, actions, and consequences of a particular
event rather than wandering into the abstract history or politics.
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Relative to LED, mT5 also had better lexical alignment and semantic fidelity to the human-written targets,
particularly in METEOR and chrF, which measure adequacy on the surface n-gram overlap. We interpret this
as meaning that two things simultaneously make this model particularly helpful: (i) inductive bias provided by
pretraining on news-style summarization (XLSum) makes it sound more like a summary, and (ii) our long-
context fine-tuning helps to apply that capacity to multi-article Arabic input, which is structurally more
complicated than single-article summarization. Practically, this is the earliest system in our pipeline that
consistently delivers something that a human editor would conceivably would publish, with only a small amount
of editing.

We use mT5 as its SentencePiece unigram vocabulary is able to compress Arabic effectively to capture common
clitics and affixes (e.g., “s* ", “b”) and thus stores fewer subword tokens than a byte-level or English-based
BPE tokenizer. This compression is used to enlarge the context under a fixed token budget, which is critical in
multi-document inputs where truncation is detrimental to recall. Moreover, the relative position bias of mT5
levels off behavior at longer sequence lengths (>6k tokens), and this is where we take advantage of this in this
work.

All the experiments were run on Google Colab Pro+ with Nvidia A100 GPU (40GB VRAM), Intel Xeon CPU,
and 85GB of RAM. It was implemented using Python 3.12 and PyTorch (2.1.0+cul2l) deep learning
framework. In the case of sequence-to-sequence modeling, we used Hugging Face Transformers (v4.39) and
Datasets (v2.18) libraries. The packages used to evaluate were Evaluate (v0.4.1) along with sacreBLEU to
evaluate BLEU/chrF, as well as custom to evaluate ROUGE. Experimental Environment and Training
configuration sum up are shown in Table 2.

Table 2. Experimental Environment and Training Configuration

Category Specification
. Google Colab Pro+

Environment

Hardware NVIDIA A100 GPU (40GB VRAM), Intel Xeon CPU, 85GB RAM

Software Python 3.12, PyTorch 2.1.0+cul2l, Transformers v4.39, Datasets v2.18,
Evaluate v0.4.1, sacreBLEU, ROUGE

Optimizer Adafactor (learning rate = 2e-5, weight decay = 0.01)

Regularization Label smoothing = 0.1, Warm-up ratio = 0.2

Batching Per-device batch size = 2, Gradient accumulation = 16 (effective batch = 32)

Memory Handling Gradient checkpointing, mixed-precision (bf16/fp16)
MAX IN = 6144 tokens, MAX OUT = 512 tokens

Input/Output - -

Training Up to 8 epochs, Early stopping with patience = 2
10% split with fi =42

Validation % split with fixed seed

. Beam search (num_beams = 4, max_new_tokens = 512)
Decoding
Ablation Sweeps Beam size, length penalty, repetition penalty, minimum new tokens
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We fix random seed 42 for dataset split and training; preserve the best checkpoint, tokenizer, and the generation
configuration; and maintain a lightweight data audit (token histograms, duplicate reports). The
training/evaluation code paths are identical except for metrics logging. We release the decoding sweep script
used to save the generation_config.json alongside the best model to ensure future evaluations replicate the Strict
setting by default as seen by Figure 6.
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Figure 6. ROUGE-Lsum scores across different decoding configurations

We sweep num_beams € {4,5}, length penalty € {1.00, 1.05, 1.10}, no repeat ngram size € {3.4},
repetition_penalty € {off, 1.05}, and min_new_tokens € {off, 160}. Enforcing a minimum summary length
(e.g., min_new_tokens=160) tends to raise ROUGE-Lsum by improving coverage of salient content, for
instance, the setting [beams=4, Ip=1.0, nrep=3, rep=off, minNT=160] produced higher in-sweep ROUGE-
Lsum, at the cost of modest redundancy and occasional templated phrasing. On the other hand, applying a
repetition penalty reduces redundancy but can dampen legitimate lexical reuse in Arabic news discourse, slightly
lowering ROUGE. So, headline results under a strict cab be reported, length-agnostic setting and treat the
minimum-length control as a deployment-time knob for recall-oriented use cases.

5. Results and discussion
The model was evaluated with the help of several measures to give a detailed analysis:

Automated System Evaluation is a crucial role in assessing the performance and effectiveness of abstractive
multi-document Arabic text summarization systems. Measurements of evaluation are in the form of numbers.
They help to objectively evaluate the quality of the summaries generated against human-generated reference
summaries. The following are some of the commonly used evaluation metrics of automated summarization
systems:

To assess the performance of our Arabic multi-document abstractive summarization models, we employed a set
of widely used automatic evaluation metrics, including ROUGE, BLEU, chrF , BERTScore, MoverScore, and
METEOR. Each of these metrics is grounded in the comparison between automatically generated summaries
and human-written references, yet they differ in their underlying mechanisms.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) computes overlaps between system outputs and
reference summaries in terms of n-grams, longest common subsequences, or skip-bigrams. In particular,
ROUGE-1 and ROUGE-2 measure unigram and bigram overlap respectively, while ROUGE-L and ROUGE-
Lsum assess the longest common subsequence between candidate and reference. ROUGE measures the overlap
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of nnn-grams between the generated and reference summaries. It is typically reported as precision, recall, and
F1 scores:

|G_ref N G_gen|

Precision_ ROUGE =
|G_gen]|

|G_ref N G_gen|

|G_ref]
2 - Precision_ ROUGE - Recall ROUGE
Precision ROUGE + Recall ROUGE

Recall ROUGE =

F_1,ROUGE =

BLEU, by contrast, was originally designed for machine translation evaluation and focuses on precision of n-
gram matches, penalizing excessively short outputs through a brevity penalty. The formula is:

N
BLEU = BP - exp(z wn - Inpn)

n=1
with brevity penalty BP:
BP={1 (ifc>r), exp(l—r/c) (ifc<r)}
chrF: chrF computes the F-score based on character nnn-gram matches, making it more sensitive to
morphological variations, especially in morphologically rich languages:

_ (1 + B» - P_char - R_char

hrF
o f? - P_char + R_char

METEOR: Evaluates unigram matches by considering exact matches, stem matches, and synonyms, with an
additional fragmentation penalty to account for word order. Its components are defined as:

. . m
Precision M = —
w_t

m

Recall M = —
w_r

10 - Precision_M - Recall_ M
Recall M + 9 - Precision M

F_mean =

Penalty = 0.5 - (ch/m)?
METEOR = (1 — Penalty) - F_mean

BERTScore uses contextual embeddings to compute semantic similarity between tokens in the generated and
reference summaries.

1
Pggrr = m Z max cos(x;, y;)

JEGret
8 1€Ggen re
1
Rpgrr = max cos(y;, x;)
| Grefl . lEGgen

JEGrer
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2 PBERT ) RBERT

Fj BerT =
' Pggrt + RBgRT

BERTScore is well-suited for Arabic because contextual embeddings capture meaning beyond surface form,
handling paraphrasing and morphological variation. MoverScore builds upon embeddings by computing
semantic transport cost between summaries using Earth Mover’s Distance (EMD).

MoverScore = —EMD(x, y)
A smaller EMD (i.e., smaller semantic distance) yields a higher score.

MoverScore is particularly effective for abstractive and multi-document summarization because it tolerates
paraphrasing, sentence reordering, and content synthesis, all common in Arabic news narratives.

Despite their ubiquity, these metrics exhibit important limitations when applied to Arabic abstractive
summarization. They are surface-level and overlap-based, assuming lexical similarity with the reference as the
primary indicator of quality. This is problematic in abstractive settings where valid summaries may use entirely
different lexicalizations or structures from the reference while still being accurate, coherent, and faithful to the
source. Moreover, for Arabic specifically, the high degree of morphological richness, orthographic variation,
and flexible word order introduces mismatches that depress scores, even when the generated summary is
semantically sound.

In practice, BERTScore which relies on contextual embeddings from transformer encoders and judges similarity
at the level of meaning rather than exact word overlap. Earlier studies suggest that such embedding-based
metrics align better with human judgments in morphologically complex languages, which makes BERTScore a
reasonable fit for Arabic summarization. We further include MoverScore which combines these contextual
embeddings with Earth Mover’s Distance to estimate how much “semantic mass” has to be moved to align the
candidate summary with the reference. Intuitively, this allows MoverScore to reward summaries that
paraphrase, merge, or reorder information across documents while still staying close in meaning to the human-
written references.

In our experiments, we therefore treat these metrics as indicative signals rather than absolute judgments of
summarization quality. They serve as consistent benchmarks for model tuning and comparison across
experiments, but they cannot by themselves determine the true effectiveness of a summarizer. Human evaluation
remains indispensable, especially in abstractive multi-document summarization, where fluency, coherence, and
factual faithfulness are not adequately captured by surface-level n-gram matching. Accordingly, our reported
scores should be interpreted as relative indicators within the controlled setting of our experiments, rather than
definitive measures of the generated summaries’ quality.

We report ROUGE-1/2/L/Lsum, BLEU, and chrF on the validation set (n=72) using evaluate (HuggingFace).
For comparability, we use two settings: (i) Strict, the same decoding as during training (beams=4,
max new tokens=512, no extra constraints); and (ii) Decoding sweeps a small grid over decoding
hyperparameters to probe the extractive—abstractive trade-offs. Texts are lightly normalized (whitespace
compaction; punctuation tightening) prior to scoring.

Table 3. Overview of automatic evaluation metrics used in this study

Metric Basis of Computation Strengths Limitations (esp. for Arabic
abstractive summarization)
ROUGE Recall-oriented n-gram and Simple, widely Penalizes valid paraphrases;
subsequence overlap adopted; good for sensitive to word order and
(ROUGE-1, ROUGE-2, extractive summaries morphology

ROUGE-L, ROUGE-Lsum)
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Metric Basis of Computation Strengths Limitations (esp. for Arabic
abstractive summarization)
BLEU Precision of n-gram overlap Established in MT; Overly harsh for abstractive
with brevity penalty good for measuring summaries; poor correlation with
precision human judgments on long texts
chrF Character-level F-score based Robust to Still surface-based; ignores
on n-gram matches morphological semantic adequacy and discourse
variation; handles rich structure
morphology better
METEOR Alignment with stemming, Higher correlation with =~ Computationally heavier; limited
synonym, and paraphrase human evaluation; less Arabic resources for synonyms;
matching rigid than may misalign due to word order
ROUGE/BLEU flexibility
BERTScore Contextual embedding Captures semantic Dependent on quality of pretrained
similarity using transformer meaning beyond Arabic or multilingual encoders;
encoders (token-level cosine surface overlap; may inflate scores for fluent but
similarity) handles paraphrasing partially incorrect summaries;
and lexical variation; higher computational cost
well-suited to Arabic
due to contextual
embeddings
MoverScore Semantic alignment via Measures semantic Requires strong contextual

contextual embeddings +
Earth Mover’s Distance

“distance” between
candidate and
reference; robust to
paraphrasing,
reordering, and
summarization-style
compression; effective
for multi-document
synthesis

embeddings for Arabic;
computationally expensive; may
still struggle with hallucinations
that preserve semantic similarity
but distort factuality

Table 3 reports the performance of the five models, mT5, AraBERT, AraT5, mBERT, and LED, on the held-
out evaluation set under the multi-reference setup. We include ROUGE-1/2/L/Lsum (best over the two
references), SacreBLEU and chrF (multi-reference), as well as METEOR, BERTScore, and MoverScore (best
over references). Overall, mT5 is clearly the strongest system: it achieves the highest ROUGE-1, ROUGE-2,
and ROUGE-L/Lsum (=0.18/0.03/0.17), together with the best SacreBLEU (=6.4), chrF (=41.8), and METEOR
(=0.21), indicating that it captures more of the reference content and wording than the competing models.

Based on Table 4, LED is the best choice among the other systems. It has a ROUGE-1/L/Lsum score of about
0.11, a chrF score of more than 22, and a METEOR score of more than 0.11. Both mT5 and LED get very high
embedding-based scores, with BERTScore F1 over 0.83 and MoverScore close to 0.97. This means that their
summaries keep the meaning of the human references better than just n-gram overlap. The hierarchical
AraBERT, AraT5, and mBERT baselines, on the other hand, give very low ROUGE and SacreBLEU values.
However, their BERTScore and MoverScore are still fairly high (=0.71-0.73 F1 and ~0.95-0.96), which means
that the summaries are semantically related but not as well aligned. In Arabic multi-document, these results
show that long-context encoder—decoder architectures (mT5 and LED) are clearly better than encoder-only
baselines.
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Table 4. Automatic evaluation results on the validation Set (n = 72)

Metric / mT5 AraBERT AraT5 mBERT LED
Model
ROUGE-1 0.176 0.017 0.000 0.000 0.114
ROUGE-2 0.029 0.000 0.000 0.000 0.027
ROUGE-
Lsum 0.169 0.015 0.000 0.000 0.111
SacreBLEU 6.37 0.05 0.00 0.03 3.28
chrF 41.80 10.29 13.94 11.50 22.76
BERTScore 0.849 0.727 0.710 0.729 0.833
MoverScore 0.970 0.957 0.957 0.954 0.970

mT5 summaries usually include all the main facts about each event, put information from several articles into
a single, well-organized story, and keep the references to entities and numbers consistent throughout the text.
In contrast, LED often makes shorter, more compressed outputs that are still fluent but leave out important
details or break the story into loosely connected parts. To put it another way, LED's metrics show a good level
of semantic overlap, but they don't show how much better mT5 actually is at content selection, cross-document
aggregation, and discourse coherence. This shows that when comparing strong abstractive models, automatic
scores should be backed up by human inspection. Human evaluation means having people judge how good the
summaries are. Judges can give the summaries scores based on how well they are coherent, informative, and
fluent. This subjective evaluation offers significant insights into human perceptions of the summaries. We did
a manual check of the outputs from the five systems—mTS5, LED, AraBERT, mBERT, and AraT5—along four
standard dimensions: fluency and grammaticality, global coherence, informativeness/coverage, and faithfulness
to the source. This was in addition to the automatic metrics. In order to get accurate human judgments, we hired
five native Arabic speakers with different levels of education, from an undergraduate to a PhD holder (Dr.
Asmaa, asmaalazim@iku.edu.iq), to be the team leader (annotation/evaluation) and to work as annotators and
evaluators. For each document cluster, these annotators looked at both the gold human-written summary and
the system-generated summary together and judged how well the system-generated summary matched the
human-written one. They were specifically asked to evaluate how well each system-generated summary
maintained the essential information, overall structure, and natural flow of the human-written summary, as well
as to identify any missing content, nuanced shifts in meaning, or stylistic issues that could diminish its
readability or fidelity to the original. By doing this, our annotators not only made sure that the human summaries
were consistent and accurate, but they also gave us a detailed, expert-informed view of the model outputs that
speaks to both the formal linguistic quality and how proficient Arabic readers actually experience the
summaries. Overall, mT5 scored the highest on all counts: its summaries were always well-formed, logically
structured, and covered the main event information with only a few minor mistakes or drift, and there were no
systematic hallucinations. LED came in second place. Its outputs were mostly fluent and accurate, but they were
a little more extractive and less complete than mT5's, which made them seem a little less informative and
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coherent. On the other hand, the hierarchical AraBERT, mBERT, and AraT5 baselines often produced text that
was very bad, with sentences that were only partially broken and long strings of repeated or nonsensical tokens.
This led to very low scores for fluency, coherence, and coverage, and in some cases, the summaries were
completely unusable. In summary, the human evaluation backs up the automatic ranking: mT5 is the only model
that consistently gives high-quality abstractive summaries in practice. LED is a weaker but still useful option,
and the other models don't meet basic requirements for readability and faithfulness.
These three examples—mT5 with ROUGE-Lsum = 1.0, mT5 with ROUGE-Lsum = 0.0, and LED with
ROUGE-Lsum = 0.67—show that mT5 usually makes fluent and accurate summaries, even when there is no n-
gram overlap. LED, on the other hand, makes reasonable but less complete outputs. This shows the difference
between lexical overlap scores and true human-perceived quality.
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Table 5 summarizes how our work compares to the most closely related studies in Arabic summarization. Earlier
systems are almost exclusively single-document and either extractive or hybrid, typically built on pre-existing
corpora such as EASC, NADA, SumArabic, , or AraSum with the dataset creators and model designers being
distinct. By contrast, our study both creates a new multi-document, fully abstractive benchmark (Ara25) and
provides the first long-context transformer baselines for it, using mT5, LED, AraT5, AraBERT, and mBERT.
This joint contribution new event-centric dataset plus unified long-context baselines positions Ara25 as a more
realistic and challenging testbed for Arabic multi-document abstractive summarization than any of the prior
resources.

Table 5. Comparative summary of existing datasets and baseline models vs. our work

Dataset
Dataset(s) Method Type Main Difference vs.
Work Creator /  Input & Task Settin
Used P & /Models Our Work
Source
Custom Created by the @ _. Early neural Pioneers Arabic neural
. Single-document, i
[6] Arabic authors (news . . seq2seq abstractive
. . Arabic news; article — .
article— articles crawled encoder— summarization, but
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2]

[4]

[35]

This
work

(2025)

headline
pairs

Multi-
document
clusters
built from
EASC

EASC

EASC +
NADA

Ara25 -
new
Arabic
multi-
document
abstractive
MDAS
dataset

and paired with

their own
headlines)
Base corpus:
EASC by El-
Haj et al;
multi-
document
clusters

constructed by
Abdulateef et
al.

EASC (El-Haj
et al.), reused
by Alami et al.
for single-
document

summarization.

EASC by EI-
Haj et
NADA
introduced in

al.;

prior work and
reused by Reda
et al.

Dataset created
by the authors
of this paper:
715

2,266
from

Arabic
outlets.

events,
articles
100+
news

short headline (headline
generation).

Multi-document, Arabic

news; extractive
summaries from
clusters.

Single-document,
Arabic
extractive/hybrid.

news;

Single-document,
Arabic hybrid
extractive—abstractive.

news;

Multi-document, fully
Arabic
MDS: each instance =

2-5 full articles (~6k

abstractive

tokens) + multi-
sentence MSA
summary.

decoder; fully
abstractive but
only for short
inputs.

Unsupervised
Word2Vec +
k-means
clustering +
Weighted
PCA (W-
PCA) for
sentence
ranking.
Hybrid graph—
semantic

method with
an ontology-
driven
hierarchical
graph
combining
statistical and
semantic
features.
Two-stage
pipeline:
AraBERT for
extractive
sentence
selection, then
Arabic T5
(AraT5) for
abstractive
rewriting; plus
SVM
classifier.
Unified long-
context
abstractive
pipeline with
five
transformers:
mT5
(XLSum-
initialized),
LED-base-
16384, AraTs5,

only for single short
articles  and
sentence headlines; no
multi-document fusion
or long-context setting.
One of the first Arabic
multi-document

one-

systems, but
summaries are purely
extractive, with
shallow  embeddings

and no transformer or
long-context encoder—
decoder models.

Adds
structure to

semantic
single-
extractive
summarization, but
still no multi-document

document

input and no
abstractive generation
over long clusters.

Important hybrid
extractive+abstractive

system, but still single-
document, moderate-
length articles; does not
tackle
clusters or ~6k-token

contexts like Ara25.

multi-article

First realistic Arabic
multi-document

abstractive benchmark
with
transformers.

long-context
Unlike
previous works, we
both create the dataset
(Ara25) and provide
the first long-context
abstractive  baselines
plus a full reproducible
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AraBERT, pipeline (data, code,
mBERT in  metrics, and human
encoder— evaluation).

decoder /

hierarchical

setups.

6. Conclusion

In conclusion, this study aimed to tackle the significant challenge of generating abstractive summaries for
Arabic news articles sourced from multiple, often lengthy documents. To achieve this, we developed a new
dataset comprising event-based Arabic articles paired with human-written summaries and trained transformer
models capable of processing longer contexts than typically feasible. The findings demonstrated that allowing
the model to access more of the input data enables it to capture richer content, thereby minimizing the
information loss associated with truncation. Additionally, our experiments revealed that the quality of
summarization is highly sensitive to decoding choices, emphasizing the importance of ensuring alignment
between training and inference processes. Beyond the quantitative results, this research contributes a novel
resource and represents an initial step toward enhancing the reliability and practicality of Arabic multi-document
summarization. We believe that this work can serve as a foundation for future initiatives aimed at advancing
Arabic natural language processing (NLP). Key findings from our study include the feasibility of long-context
Arabic multi-document abstractive summarization (MDAS) despite the linguistic complexities of the language;
the positive impact of long-context fine-tuning on recall-oriented metrics such as ROUGE-L and ROUGE-
Lsum; the sensitivity of performance to decoding configurations, highlighting the need for consistent training
and inference strategies; the establishment of competitive baselines in Arabic MDAS compared to traditional
extractive methods, despite modest absolute ROUGE/BLEU values relative to English benchmarks; and the
introduction of a new dataset that serves as the first large-scale benchmark for Arabic abstractive MDAS,
facilitating future reproducibility and progress in this field.

7. Future work

Expanding the dataset to include a wider range of domains can significantly enhance model generalization, as
demonstrated in recent studies on low-resource languages. At the same time, exploring alternative model
architectures, such as hierarchical and graph-based approaches, offers promising improvements in handling
cross-document relations within multi-document summarization (MDS). Another important direction is cross-
lingual summarization, particularly extending to Arabic-English multi-document abstractive summarization
(MDAS), where leveraging multilingual resources could enrich performance and applicability. Finally, adopting
more Arabic-specific evaluation metrics, including tailored variations of BLEU and ROUGE-AR, would
provide deeper and more nuanced insights into model effectiveness, ensuring that performance assessments
align closely with linguistic and cultural characteristics of the language.
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	Table 2. Experimental Environment and Training Configuration


  P r e c i s i o n _ R O U G E   =     | G _ r e f   ∩   G _ g e n |  | G _ g e n |


  R e c a l l _ R O U G E   =     | G _ r e f   ∩   G _ g e n |  | G _ r e f |


  R e c a l l _ R O U G E   =     | G _ r e f   ∩   G _ g e n |  | G _ r e f |


  F _ 1 , R O U G E   =     2   ·   P r e c i s i o n _ R O U G E   ·   R e c a l l _ R O U G E  P r e c i s i o n _ R O U G E   +   R e c a l l _ R O U G E


  F _ 1 , R O U G E   =     2   ·   P r e c i s i o n _ R O U G E   ·   R e c a l l _ R O U G E  P r e c i s i o n _ R O U G E   +   R e c a l l _ R O U G E


  B L E U   =   B P   ·   e x p (   ∑  n = 1  N  w _ n   ·   l n   p _ n )


  c h r F   =     ( 1   +   𝛽 ² )   ·   P _ c h a r   ·   R _ c h a r  𝛽 ²   ·   P _ c h a r   +   R _ c h a r


  P r e c i s i o n _ M   =     m  w _ t


  R e c a l l _ M   =     m  w _ r


  R e c a l l _ M   =     m  w _ r


  F _ m e a n   =     10   ·   P r e c i s i o n _ M   ·   R e c a l l _ M  R e c a l l _ M   +   9   ·   P r e c i s i o n _ M


  F _ m e a n   =     10   ·   P r e c i s i o n _ M   ·   R e c a l l _ M  R e c a l l _ M   +   9   ·   P r e c i s i o n _ M


  M E T E O R   =   ( 1   −   P e n a l t y )   ·   F _ m e a n


    P  BERT =  1  ∣   G  gen ∣   ∑  i ∈   G  gen    max ⁡  j ∈   G  ref cos ⁡ (   x  i ,   y  j )


    R  BERT =  1  ∣   G  ref ∣   ∑  j ∈   G  ref     max ⁡  i ∈   G  gen cos ⁡ (   y  j ,   x  i )


    F  1 , BERT =   2 ⋅   P  BERT ⋅   R  BERT    P  BERT +   R  BERT


  MoverScore = − EMD ( x , y )

