Journal of the Brazilian Computer Society, 2025, 31:1, doi: 10.5753/jbcs.2025.5786

© This work is licensed under a Creative Commons Attribution 4.0 International License.

Long-Text Abstractive Summarization using Transformer

Models: A Systematic Review

Abubakar Salisu Bashir ® &9 [ Northwest University, Kano State | Aliko Dangote Universities of

Science and Technology, Wudil, Nigeria | bsalisu2016@gmail.com |
Abdulkadir Abubakar Bichi ® [ Northwest University, Kano State | engraabubakar@gmail.com ]
Usman Mahmud ® [ Northwest University, Kano State | usmanmahmud@auk.edu.ng |

Abdulrahman Mohammed Bello ® [ Aliko Dangote Universities of Science and Technology, Wudil,

Nigeria| dzabdul@gmail.com |

&4 Department of Computer Science, Northwest University, Kano State, Nigeria

Received: 30 March 2025 e Accepted: 08 August 2025 e Published: 29 October 2025

Abstract Transformer models have significantly advanced abstractive summarization, achieving near-human per-
formance. However, while effective for short texts, long-text summarization remains a challenge. This systematic
review analyzes 56 studies on transformer-based long-text abstractive summarization published between 2017 and
2024, following predefined inclusion criteria. Findings indicate that 69.64% of studies adopt a hybrid approach
while 30.36% focus on improving transformer attention mechanisms. News articles and scientific papers are the
most studied domains, with widely used datasets including CNN/Daily Mail, PubMed, arXiv, GovReport, QMSum,
and XSum. ROUGE is the dominant evaluation metric (61%), followed by BERTScore (20%), with others such as
BARTScore, human evaluation, METEOR, and BLEU-4 also used. Despite progress, challenges persist, including
contextual information loss, high computational costs, implementation complexity, lack of standardized evaluation
metrics, and limited model generalization. These findings highlight the need for more robust hybrid approaches,
efficient attention mechanisms, and standardized evaluation frameworks to enhance long-text abstractive summa-
rization. This review provides a comprehensive analysis of existing methods, datasets, and evaluation techniques,
identifying research gaps and offering insights for future advancements in transformer-based long-text abstractive

summarization.

Keywords: Long text summarization, Transformer models, Text summarization, Long documents, Systematic literature
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1 Introduction

The advent of transformer models [Vaswani ef al., 2017] has
revolutionized natural language processing (NLP), driving
significant advancements in machine translation [He, 2024],
question answering [Madan ef al., 2024], and text summa-
rization [Wang ef al., 2024b]. Among these, abstractive sum-
marization of long texts presents unique challenges due to
its requirement for semantic understanding, contextual coher-
ence, and fluency [Fikri ef al., 2024; Gokhan et al., 2024].
Unlike extractive summarization methods that merely select
key sentences, abstractive summarization paraphrases and
synthesizes information, demanding models that can generate
human-like summaries [Dai and He, 2024; Sun et al., 2024].
This review focuses on abstractive summarization because it
produces more coherent and informative summaries; partic-
ularly valuable for complex or technical documents. While
extractive methods are computationally efficient, they often
lead to redundancy and fragmented narratives. We also fo-
cus on long-text summarization due to its critical relevance
in domains such as legal, scientific, and financial writing,
where maintaining discourse structure and contextual integrity
across extended input is essential.

Transformer architectures, particularly self-attention mech-

anisms, have proven highly effective in handling long-range
dependencies and processing vast amounts of text [Bettayeb
et al., 2024; Chen et al., 2024; Chu et al., 2024]. How-
ever, summarizing long-text documents introduces challenges
such as handling extensive text length, preserving contextual
integrity, and mitigating redundancy [Gokhan et al., 2024;
Wang ef al., 2024b]. To address these, researchers have ex-
plored techniques like modifying attention mechanisms [Liu
etal.,2024; Pang et al., 2022], and employing hybrid methods
that combine extractive and abstractive approaches [Hardy
et al., 2022; Rahman et al., 2024]. While these strategies
improve summarization effectiveness, they also introduce
trade-offs, such as increased computational cost during modi-
fication of the attention mechanism [Zhao et al., 2020] and
potential information loss during segmentation or extraction
[Ulker and Ozer, 2024].

Several researchers have reviewed long-text abstractive
summarization within specific domains. Akter ef al. [2025]
conducted a survey on legal document summarization, iden-
tifying dataset limitations, domain-specific language chal-
lenges, and jurisdictional variations. Jain et al. [2021] also
analyzed legal text summarization techniques, highlighting
the dominance of extractive approaches and advocating for
reinforcement learning and hierarchical models to improve
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abstractive methods.

Similarly, Rennard et al. [2023] and Kirstein et al. [2025]
explore dialogue systems. Rennard et al. highlight chal-
lenges in meeting summarization, including speech disflu-
encies, overlapping dialogues, and dataset limitations, with
AMI and ICSI being the most used. Kirstein et al. analyze
1,262 papers, identifying key obstacles in abstractive dia-
logue summarization, such as long-range dependency han-
dling, entity resolution, and the lack of diverse, high-quality
datasets. Other studies were on scientific documents. Chaves
et al. [2022] highlight the growing use of transformer-based
models for biomedical literature summarization but note that
multi-document summarization and EHRs remain underex-
plored. Altmami and Menai [2022] discuss the dominance of
extractive techniques, citation-based summarization, and the
challenge of incorporating figures and tables.

Despite advancements in transformer-based long-text ab-
stractive summarization, existing reviews predominantly fo-
cus on domain-specific applications such as legal, biomedical,
and dialogue summarization. While these studies provide
valuable insights, their findings are often not generalizable to
broader long-text abstractive summarization tasks due to dif-
ferences in text structure, linguistic complexity, and summa-
rization objectives. Additionally, many prior surveys rely on
empirical evaluations rather than systematic methodologies,
making it difficult to reproduce results and identify overarch-
ing trends across domains.

Moreover, while hybrid techniques and attention modi-
fications have been explored, a systematic comparison of
these approaches remains scarce, particularly regarding their
trade-offs in computational efficiency, coherence, and factual
consistency. This study addresses these gaps by conducting
a systematic literature review (SLR) on transformer-based
long-text abstractive summarization, encompassing diverse
domains, methodologies, datasets, and evaluation metrics.
By adopting a structured review approach, this study aims
to provide a comprehensive synthesis of existing research,
highlighting key challenges, trends, and future directions.

To bridge these gaps, this study systematically reviews
transformer-based long-text abstractive summarization with
the following key contributions:

Mapping the Evolution of Techniques: Categorizing key
approaches, identifying research gaps, and formulating
research question.

Evaluating Datasets and Metrics: Assessing the effec-
tiveness of commonly used datasets and evaluation met-
rics.

Identifying Underexplored Areas: Highlighting less-
examined applications and research gaps.

Addressing Challenges and Future Directions: Analyz-
ing scalability and contextual understanding issues while
proposing solutions.

The paper is structured as follows: Section 2 details the
methodology, Section 3 presents the review findings and
discussion, and Section 4 concludes the study.
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2  Methodology

This research employs a Systematic Literature Review (SLR)
[Angioi and Hiller, 2023] as its foundational methodology to
investigate the use of transformer-based models in long-text
abstractive summarization. SLR is recognized for its rigorous
process of identifying, analyzing, and synthesizing scholarly
evidence to address specific research questions [Angioi and
Hiller, 2023]. As illustrated in Figure 1, the SLR framework
encompasses three core phases: conceptualization, implemen-
tation, and dissemination [Saleh ef al., 2024]. These phases
are iterative rather than strictly sequential, allowing for revis-
iting earlier steps to incorporate new insights and improve the
review’s comprehensiveness [Saleh et al., 2024]. This adapt-
ability ensures the SLR remains responsive to the evolving
body of knowledge in the field.

Planning

Define the need for a systematic |[ € = = = = = =
review I
Develop the review protocol 1

Review and refine the protocol 1
1

Protocol Adjustment

Conducting

Search for relevant studies

Select the most suitable studies
Extract key data from selected studies
Assess the quality of included studies
Synthesize the findings

Reporting

—

« Share and disseminate results

Figure 1. Systematic Literature Review Process Flowchart.

2.1 Research questions

Formulating research questions is a crucial step in conducting
a SLR [Angioi and Hiller, 2023], ensuring clarity and focus
[Saleh et al., 2024]. This study applies the PICOC frame-
work—Population, Intervention, Comparison, Outcome, and
Context [Petticrew and Roberts, 2008]—to structure its re-
search questions (Table 1), with Table 2 detailing the ques-
tions and their motivations. The questions explore advance-
ments in transformer-based long-text abstractive summariza-
tion, including model types, trends, datasets, evaluation met-
rics, application domains, limitations, and future research
directions. This approach aims to provide a comprehensive
overview and identify opportunities for innovation.

2.2 Search strategy and study selection

The search strategy in this study follows a systematic, multi-
step approach to ensure comprehensive and relevant data col-
lection. It involves identifying data sources, defining precise
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Table 1. PICOC Structure

PICOC Element Description

Population Transformer Model-based long-text Abstractive Summarization.

Intervention Techniques/Approaches, trends in long-text abstractive summarization, domains of application,
datasets, and evaluation metrics.

Comparison Comparing the performance of approaches used in long-text abstractive summarization.

Outcome Serves as a theoretical basis for researchers interested in improving the performance of long-text
abstractive summarization using transformer models. Also details the domains of application,
datasets used, and evaluation metrics employed.

Context Research conducted by researchers in the field of long-text abstractive summarization.

Table 2. Research Questions and Motivations

ID | Research Question

Motivation

text in abstractive summarization?

RQI | Is long-text abstractive summarization using transformer | To determine the relevance and importance of research

models an active research area? in long-text abstractive summarization using transformer
models.

RQ2 | What techniques are used to address the problem of long- | To identify techniques specifically designed to handle the

challenges of summarizing long texts.

RQ3

What are the most frequently used datasets for long-text
abstractive summarization using transformer models?

To identify widely used datasets that support research
in long-text abstractive summarization using transformer
models.

directions?

RQ4 | Which domains have benefited from transformer-based | To explore the application of transformer-based summa-
long-text abstractive summarization? rization across various domains and their impact.

RQS5 | What evaluation methods are commonly used in | To identify commonly used evaluation methods and un-
transformer-based long-text abstractive summarization, | derstand their limitations in assessing transformer-based
and what are their limitations? long-text abstractive summarization.

RQ6 | What are the limitations of the present studies and future | To uncover the gaps in existing research and propose po-

tential future directions for advancing long-text abstractive
summarization.

search strings, conducting an initial search, and iteratively re-
fining search terms for optimal results. Three leading digital
libraries were selected for their extensive coverage of arti-
ficial intelligence, natural language processing, and related
fields (see Table 3). These platforms were chosen for their re-
liability, accessibility, and high-quality indexed publications.

The search strings were initially developed using the
term “’long-text abstractive summarization” for exploratory
searches. Additional keywords, such as ”long document”,
“evaluation metric” and “transformer models” were incor-
porated to refine the focus. Boolean operators ("OR” and
”AND”) were applied strategically to retrieve studies specifi-
cally addressing transformer models in long-text summariza-
tion.

Through iterative refinements, the search terms were ad-
justed based on retrieved articles to eliminate gaps or redun-
dancies. The finalized search strings, tailored for each digital
library, are presented in Table 3. The study focused on publi-
cations from 2017 to 2024 to capture recent advancements,
starting from the introduction of the transformer models, a
pivotal moment in natural language processing.

The study selection process followed PRISMA-S guide-
lines [Rethlefsen et al., 2021] and is summarized in Figure 2.
The initial search across three digital libraries—Science Di-
rect, Google Scholar, and IEEEXplore—retrieved 147 records

Table 3. Search String from the Three Data Sources

Data Source Search String

ScienceDirect ("Long text” OR “long-text” OR ”long document”) AND (“abstractive

summarization” OR “abstractive text summarization”)

Google Scholar ("long text” OR “long-text” OR “long document™) AND (“abstractive
summarization” OR abstractive text summarization”) AND (“trans-
former” OR "BERT” OR "GPT” OR "T5” OR "Pegasus” OR “Long-

former” OR “BigBird” OR “Bart”) -survey -review

("long text” OR “long-text” OR “long document™) AND (“abstractive
text summarization” OR “abstractive summarization™)

IEEE Xplore

from Science Direct, 642 from Google Scholar, and 22 from
IEEEXplore. For Science Direct, filtering by the 2017-2024
year range reduced the records to 132, and further restrict-
ing the search to “research articles” resulted in 112 records.
Applying the same year range filter to Google Scholar re-
duced the records to 621, while the records from IEEEXplore
remained unchanged at 22. The retrieved records were con-
solidated into a single Excel file, yielding 755 entries. After
removing duplicates, 699 unique records remained. An eligi-
bility assessment, based on the inclusion/exclusion criteria in
Table 4, further excluded 313 records, leaving a final set of
386 records for analysis.

The titles and abstracts of the remaining 386 records un-
derwent detailed screening, resulting in the exclusion of 276
records due to irrelevance. This left 110 records for further
evaluation. The full texts of these 110 papers were then thor-
oughly reviewed, and 54 papers were excluded for insufficient
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Table 4. Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria

Studies on multimodal abstractive summa-
rization.

Research articles written in English.

Studies published between 2017 and 2024. | Studies written in languages other than En-

glish.

Complete journal articles, book chapters, or | Documents without full-text access.
conference proceedings.

Focused on long-text abstractive summa- | Studies on short-text abstractive summariza-
rization. tion.

Techniques involve transformer-based mod- | Studies that do not use transformer models.
els.

relevance, lack of methodological detail, or misalignment
with the study’s objectives. 56 papers were selected for the
final analysis.

2.3 Data extraction

During the data extraction phase, 56 articles were critically
appraised and analyzed, forming the basis for the thematic dis-
cussion. The discussion was systematically organized around
key aspects, including publication year, techniques for long-
text abstractive summarization, datasets, domain-specific ap-
plications, evaluation methods, and study limitations. This
structured approach ensured a thorough and coherent synthe-
sis of the reviewed literature.

2.4 Study quality assessment and data synthe-
sis

To ensure reliable findings, 56 selected articles underwent a
quality assessment using predefined criteria, focusing on re-
search clarity, appropriateness of methods, dataset suitability,
evaluation validity, and result transparency. The PRISMA
checklist [Page et al., 2021] was used for a systematic review,
and a double-review approach resolved any discrepancies to
reduce bias. Data synthesis was organized thematically, cov-
ering publication year, transformer advancements, datasets,
domain-specific applications (e.g., legal, scientific, or news),
evaluation metrics, and study limitations. Quantitative data,
like metric frequencies (e.g., ROUGE, BERTScore), were
tabulated, while qualitative analysis focused on interpreting
methodologies and findings. This thematic approach high-
lighted research progress, trends, and gaps, such as scalability,
and generalizability. The findings provide a foundation for
discussing advancements and future opportunities in long-text
abstractive summarization.

3 Results and Discussion

This section presents the key findings of the systematic review
on long-text abstractive summarization using transformer
models, structured around the predefined research questions.
An initial search yielded 755 articles related to long-text ab-
stractive summarization with transformer models. Following
a rigorous screening and eligibility assessment, 56 articles
(see Table 5) published between 2017 and 2024 were identi-
fied as relevant for this study. These selected articles provide
insights into the advancements, challenges, and methodolo-
gies employed in transformer-based abstractive summariza-
tion for long-text documents.

Bashir et al., 2025

RQ1 : Is long-text abstractive summarization us-
ing transformer models an active research area?

The findings confirm that long-text abstractive summarization
using transformer models has been an active and expanding
research area since its emergence in 2019 (Figure 3). The
increasing publication trend, rising from six studies in 2020
to 15 in 2024, underscores the growing scholarly interest in
this domain. This growth aligns with prior studies [Fu, 2024;
Steblianko et al., 2024], which identify transformer-based
summarization as a rapidly evolving field with increasing
applications in scientific document processing. This study
presents a quantitative assessment of methodological evolu-
tion, revealing a paradigm shift in modeling approaches over
time.

A key contribution of this study is the identification of a
clear transition from Improved Transformer (I.T.) models
to Hybrid models, signifying a fundamental shift in method-
ological preferences. Initially, in 2019, I.T. models—charac-
terized by architectural enhancements, fine-tuning strategies,
and optimized attention mechanisms—were the sole approach.
Hybrid models, which integrate a preprocessing stage (e.g.,
sentence ranking, content selection) with a transformer-based
summarizer, emerged in 2020 but remained marginal, with
only two occurrences compared to four for I.T. models. How-
ever, by 2021, Hybrid models surpassed I.T. models for the
first time, indicating a growing preference for hybridization.

This trend became more pronounced in subsequent years,
with Hybrid model usage peaking at 12 instances in 2022,
while I.T. models declined to only two occurrences. The grow-
ing preference for Hybrid models can be attributed to their
ability to address key limitations of improved transformers,
including:

* Factual consistency: By incorporating content selection
mechanisms, Hybrid models reduce hallucinations in
generated summaries.

» Computational efficiency: Hybrid approaches mitigate
the quadratic complexity of self-attention, improving
scalability for longer texts.

+ Content relevance: Preprocessing techniques enhance in-
formation retention, reducing the risk of critical content
being truncated.

An unexpected finding of this study is the resurgence of I.T.
models in 2024, increasing from two instances in 2023 to
five in 2024. This resurgence challenges the assumption that
Hybrid models represent the ultimate optimization strategy for
long-text summarization. Instead, it suggests a re-evaluation
of direct transformer enhancements as a viable alternative to
hybrid approaches.

This shift is likely driven by recent advancements in trans-
former architectures, including:

» Extended context windows (e.g., LongT5, Memorizing
Transformers) that significantly increase the input length
capacity of transformer models.

* Memory-efficient attention mechanisms (e.g., sparse
attention, recurrent memory augmentation) that reduce
computational overhead, allowing direct I.T. models to
handle longer texts without truncation.
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Figure 2. Systematic Literature Review Process Flowchart.

Unlike previous studies that primarily advocate for hy-
bridization [Fu, 2024], this study identifies a countertrend
where architectural refinements in transformers are revital-
izing the standalone I.T. approach. This presents a crucial
research question:

Under what conditions do direct architectural improve-
ments (I.T.) outperform hybrid approaches in long-text
abstractive summarization?

This question has significant implications for scalability,
factual consistency, and domain-specific applications. While
Hybrid models have proven effective in mitigating truncation-
based information loss, recent transformer improvements may
offer a more direct and efficient solution without requiring
additional preprocessing steps.

RQ2 : What techniques are used to address the
problem of long-text in abstractive summariza-
tion?

An analysis of 56 papers reveals that two primary approaches
dominate long-text abstractive summarization: hybrid meth-

ods and improved Transformer architectures (Figure 4). Hy-
brid methods, adopted in 69.6% of studies, involve extractive
or segmentation-based preprocessing before abstractive sum-
marization, while 30.4% focus on enhancing Transformer
architectures for better memory efficiency and extended con-
text processing. Within hybrid methods, extraction-based
preprocessing (28 studies) selects salient sentences to form an
intermediate summary, whereas segmentation-based prepro-
cessing (11 studies) divides text into smaller chunks before
feeding it into the Transformer model (Figure 5).

The evolution of hybrid approaches indicates a transition in
long-text abstractive summarization techniques. Early studies
(2020) employed neural networks, such as LSTMs, for ex-
tractive preprocessing, but limitations in handling long-range
dependencies led to a shift towards heuristic rule-based ap-
proaches. Six studies applied rule-based segmentation, and
two implemented rule-based extraction, but these methods
suffered from fixed-rule constraints that negatively impacted
summary quality. To address these limitations, Transformer-
based preprocessing emerged, with 12 studies utilizing Trans-
former models for extraction and 3 studies for segmentation.
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Abbreviation:

LT.: Improve Transformer

Table 5. Selected Articles for the Review
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S/N  Author Year Technique Dataset used Evaluation Metric

1 Liao et al. [2020] 2020 LT. CNN/Daily Mail ROUGE

2 Wang et al. [2024a] 2024 Hybrid Webis-TLDR-17,XSum ROUGE, BERTScore
3 Pang et al. [2022] 2022 LT. PubMed, arXiv, TVMegaSite, BookSum, ForeverDreaming, CNN/Daily Mail ROUGE

4 Kiruluta ez al. [2021] 2021 LT. PubMed ROUGE

5 Pilault ez al. [2020] 2020 Hybrid arXiv, PubMed, Newsroom, BigPatent ROUGE

6 Jeeson-Daniel ez al. [2021] 2021 LT. PubMed ROUGE

7 Karlbom and Clifton [2020] 2020 LT. Podcast ROUGE

8 Pu et al. [2024] 2024 L.T. BookSum, Multi-LexSum, eLife ROUGE, BERTScore, Meteor
9 Cao and Wang [2023] 2023 LT. GovReport, QMSum, SummScreen, arXiv, BookSum ROUGE

10 Rahman et al. [2024] 2024 Hybrid XLsum, SWAS ROUGE, BERTScore, BARTScore
11 Aksenov et al. [2020] 2020 LT. CNN/Daily Mail, SwissText ROUGE

12 Cao and Wang [2022] 2022 LT. GOVREPORT-QS, GovReport, WIKIBIOSUM ROUGE, BLEU-4

13 Datet al. [2024] 2024 LT. Gigaword, CNN/Daily Mail, arXiv ROUGE

14 Wueral [2024] 2024 IT. CNN/Daily Mail, Reddit, PubMed ROUGE, BARTScore
15 Yingetal. [2021] 2021 Hybrid Blog posts ROUGE

16 Lim and Song [2023] 2023 Hybrid AMLI, ICSI, QMSum, SummScreen-FD, GovReport, SummScreen-TMS ROUGE

17 Calizzano et al. [2022] 2022 Hybrid WikinewsSum ROUGE

18  Liuetal [2022b] 2022 Hybrid arXiv, PubMed, GovReport, Multi-News ROUGE

19 Pant and Chopra [2022] 2022 Hybrid Financial Report ROUGE

20 Wuetal. [2023] 2023 LT. eLife, PLOS ROUGE, BERTScore, BARTScore
21 Yuan et al. [2023] 2023 Hybrid arXiv, QMSum ROUGE

22 Zhanget al. [2022] 2022 Hybrid AMI, ICSI, QMSum, SummScreen, GovReport ROUGE, Human Evaluation
23 Zhang et al. [2019] 2019 LT. CNN/Daily Mail ROUGE

24 Hardy et al. [2022] 2022  Hybrid BOOKSUM ROUGE, BERTScore, Human Evaluation
25  Zhanget al. [2021] 2021 Hybrid CNN/Daily Mail, Gigaword ROUGE

26 Mei et al. [2022] 2022 Hybrid WikiHow, Reddity [ FU ROUGE

27  Liuand Chen [2022] 2022 Hybrid AMI ROUGE

28  Maand Zong [2020] 2020 Hybrid WikiSum ROUGE

29  Kumar et al. [2022] 2022 Hybrid MuP-2021, CNN/Daily Mail ROUGE

30  Kashyap [2022] 2022 Hybrid BOOKSUM ROUGE

31  Yuetal [2023] 2023 Hybrid QMSum ROUGE

32 Youetal [2024] 2024 Hybrid eLife, PLOS ROUGE, BERTScore
33 Liuand Xu[2023] 2023 Hybrid QMSum ROUGE

34  Huang et al. [2024] 2024 LT. CNN/Daily Mail, XSum, PubMed ROUGE, BERTScore
35  Benedetto ez al. [2024] 2024 Hybrid Facebook post ROUGE, BERTScore
36  Huang et al. [2021b] 2021 Hybrid LPO-News, CNN/Daily Mail ROUGE, BERTScore
37  Wilman et al. [2024] 2024 Hybrid CNN/Daily Mail, XSum, PubMed ROUGE

38  Ezzatet al. [2024] 2024 LT. Mukhtasar ROUGE

39 Moro and Ragazzi [2023] 2023  Hybrid BillSum, PubMed, GovReport ROUGE

40  Jain et al. [2024] 2024 Hybrid BillSum, Fire;egal ROUGE

41 Zhang et al. [2024] 2024 Hybrid Multi-News, WCEP-10 ROUGE

42 Bajajetal. [2021] 2021 Hybrid Amicus ROUGE

43 Chen and Iwaihara [2023] 2023 Hybrid arXiv, PubMed, GovReport ROUGE, BERTScore
44 Ranggianto et al. [2023] 2023 Hybrid TripAdvisor, Amazon, DUC2004 ROUGE, BERTScore
45 Huang et al. [2023] 2023 Hybrid CAIL2020, LCRD ROUGE

46 Liueral. [2022a] 2022 Hybrid Scriptbase ROUGE, BERTScore
47  Huang et al. [2021a] 2021 LT. GovReport, PubMed, arXiv ROUGE

48  Tretyak and Stepanov [2020] 2020 Hybrid arXiv ROUGE

49  Saxena and Keller [2024] 2024 Hybrid MENSA ROUGE, BERTScore
50 Luetal. [2023] 2023 Hybrid Articles, Books ROUGE, BERTScore
51  Obonyo et al. [2022] 2022  Hybrid Cochrane, MS? ROUGE, BERTScore
52 Zhao et al. [2020] 2020 LT. arXiv, PubMed, Search2Wiki ROUGE

53 Ulker and Ozer [2024] 2024 Hybrid ArXivComp, SciTLDR, SciSummNet ROUGE

54 Nguyen and Ding [2023] 2023 Hybrid LexisNexis ROUGE

55 Wuetal [2021] 2021 Hybrid CNN/Daily Mail, XSum, WikiHow ROUGE

56  Liuetal. [2024] 2023 Hybrid CLSum ROUGE

However, the computational cost of using multiple Trans-
formers posed challenges, especially in low-resource settings,
necessitating alternative solutions.

To mitigate computational overhead, recent studies have
explored graph-based techniques for both extraction and seg-
mentation. However, our analysis identifies a major limi-
tation: all graph-based approaches rely solely on a single-
objective function (similarity score) for sentence ranking or
segmentation. This fails to address redundancy and coverage,
two critical factors for generating high-quality summaries. A
contribution of this study is the identification of this limitation
and the proposal of a multi-objective optimization approach
that integrates coverage, coherence, relevance, and sentence
length as additional ranking criteria with particle swarm opti-
mization. This framework is expected to enhance summary
quality while reducing the computational burden associated
with Transformer-based preprocessing.

Unlike previous studies Fu [2024]; Koh et al. [2023], which

primarily list existing approaches, our study formulates a
research question:

How does a multi-objective approach (considering cov-
erage, coherence, relevance, and sentence length) in-
tegrated with particle swarm optimization compare to
single-objective methods (similarity score) in improving
the quality of long-text abstractive summarization?

Addressing this question will provide deeper insights into
the effectiveness of multi-objective ranking functions and
their potential to optimize long-text summarization perfor-
mance.

RQ3 : Which Domains Have Benefited
from Transformer-Based Long-Text Abstrac-
tive Summarization?

Transformer-based long-text abstractive summarization has
been applied across diverse domains, leveraging domain-
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Figure 3. Yearly Publications on Transformer-Based Long-Text Summa-
rization.

Techniques for Long text

Abstractive Summarization
using Transformer Model

Hybrid/Two Stage
Appraoches

Improve Transformer Model
(Attention Mechanism)

Figure 4. Techniques in Long-text Abstractive Summarization

specific datasets to enhance summarization quality (Table
6). Expanding on the classification framework by Wibawa
et al. [2024], this study identifies eight primary application
areas: news, scientific literature, legal documents, dialogues,
books/literature, social media, product reviews, and reports,
with biography-based summarization emerging as a distinct
yet underexplored category. The news domain remains the
most dominant, supported by well-established datasets such
as CNN/Daily Mail, XSum, and Multi-News, which facili-
tate structured summarization. Scientific literature follows,
with datasets like PubMed, arXiv, and GovReport presenting
challenges in summarizing multi-section documents without
compromising critical information. Legal and conversational
domains are also gaining attention, utilizing datasets such as
BillSum and QMSum, which require precision and coherence
in summarization.

Despite advancements, key research gaps remain. Social
media summarization, for instance, is constrained by the
brevity, noise, and informal nature of data from platforms
such as Reddit, Facebook Post, and Webis TLDR 17. Ad-
dressing these challenges requires context-aware filtering and
fine-tuned models optimized for short-form, high-variability
content. Similarly, biography summarization, though relevant
for digital identity generation and historical documentation,
has seen limited research, with WikiBioSum being one of the
few available datasets. Future studies should explore meth-
ods for ensuring factual accuracy and temporal consistency
in summarizing biographical data. Another underexplored
area is product review summarization, which primarily relies
on Amazon and TripAdvisor datasets. A promising direc-
tion involves leveraging vision-language models to enhance
summarization by incorporating textual sentiment alongside
image-based cues.
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This study refines domain classification, highlights emerg-
ing areas, and identifies research gaps. The findings suggest
that further investigation into social media, and biography
summarization could enhance the adaptability and real-world
applicability of transformer-based models. Addressing these
gaps will contribute to the development of more efficient and
context-aware summarization techniques.

RQ4 : What are the most frequently used
datasets for long-text abstractive summariza-
tion?

Our analysis identifies a diverse range of datasets employed
in long text abstractive summarization, reflecting the need for
models to generalize across multiple domains. A total of 61
unique datasets were examined, highlighting the extensive
benchmarking efforts in this field (Figure 6). Over the years,
the CNN/Daily Mail and PubMed datasets have remained
dominant, primarily due to their structured nature and accessi-
bility, making them standard benchmarks for summarization
models. The CNN/Daily Mail dataset is widely used for news
summarization, while PubMed serves as a critical resource
for summarizing scientific literature. However, recent trends
indicate a shift toward domain specific datasets, particularly
in legal (e.g., BillSum, Fire Legal, Amicus), scientific (e.g.,
arXiv, SciSummNet, eLife), and financial domains (e.g., Fi-
nancial Report, LexisNexis), driven by the increasing need
for specialized summarization models.

Top 10 Dataset Frequency in Summarization Studies

CNN/Daily Mail
PubMed

arXiv
GovReport

QMSum

Datasets

XSum

BookSum

elLife

AMI
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Figure 6. Top 10 Datasets for Long-Text Summarization

The timeline analysis further reveals an increasing adoption
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Table 6. Domain of Application

Domain Datasets

News CNN/Daily Mail, XSum, Newsroom, Multi-News, SwissText, WCEP-10,
LPO-News, WikinewsSum, DUC2004, Gigaword, WikiSum

Scientific/Research PubMed, arXiv, GovReport, Cochrane, SciSummNet, SCiTLDR, ArXiv-
Comp, MS?, Search2Wiki, eLife, PLOS, Multi-LexSum

Legal BillSum, Fire Legal, CAIL2020, Amicus, GOVREPORT-QS

Dialogue/Conversations | AMI, ICSI, SummScreen, QMSum, Scriptbase

Books/Literature BookSum, BOOKSUM, WikiHow, ForeverDreaming, TVMegaSite,
MENSA

Social Media Reddit, Facebook Post, Webis-TLDR-17

Product Reviews TripAdvisor, Amazon

Reports GovReport, Financial Report

Biography/Profiles WIKIBIOSUM

of hybrid approaches that integrate extractive and abstractive
techniques, particularly in recent years (2022 to 2024). Hy-
brid methods are frequently applied to datasets such as Webis
TLDR 17, Facebook Post, and Reddit, reflecting the growing
interest in social media and user-generated content summa-
rization. This shift highlights the evolving nature of summa-
rization tasks, which now encompass not only traditional news
and research articles but also conversational and informal text.
Despite their frequent usage, some widely adopted datasets
pose challenges. For example, CNN/Daily Mail exhibits ex-
tractive bias, which limits its effectiveness in truly abstractive
summarization. Similarly, while PubMed and arXiv provide
valuable domain-specific data, they present challenges related
to technical jargon and specialized discourse, necessitating
more sophisticated approaches to handle scientific text effec-
tively.

Despite these advancements, several critical gaps remain.
Low resource and multilingual datasets are significantly un-
derrepresented, with Mukhtasar and XLSum among the few
that cater to non English languages. This underrepresenta-
tion underscores the need for research efforts focused on
expanding dataset diversity and improving cross-lingual sum-
marization techniques. As the field progresses, future re-
search should prioritize the development of benchmarks for
conversational and user-generated content summarization, ex-
plore cross-domain datasets, and enhance domain adaptation
techniques to improve performance across specialized fields.
Addressing these gaps will be crucial in advancing the robust-
ness and applicability of long-text abstractive summarization
models.

RQS5 : What evaluation methods are commonly
used in transformer-based long-text abstractive
summarization, and what are their limitations?

Our analysis reveals that ROUGE remains the predominant
evaluation metric, used in 61% of studies (Figure 7), con-
sistent with prior findings [Sanchan, 2024]. Its widespread
adoption stems from its ability to measure content overlap be-
tween generated and reference summaries [Lin, 2004]. How-
ever, its reliance on lexical matching limits its applicability
to abstractive summarization, where paraphrasing and novel
sentence construction occurs.
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Figure 7. Distribution of Evaluation Metrics in Long-Text Abstractive
Summarization

To address these limitations, BERTScore, used in 20% of
studies, leverages contextual embeddings to assess semantic
similarity, offering a more effective measure for abstractive
summaries [Liao et al., 2020]. BARTScore, found in 5%
of studies, integrates generative modeling to evaluate flu-
ency and coherence, though its adoption is constrained by
computational costs. Human evaluation, despite being the
most reliable for assessing coherence, relevance, and read-
ability, appears in only 2% of studies due to time and resource
constraints. Other traditional lexical-based metrics, such as
BLEU-4 and METEOR, are increasingly being replaced by
semantic-aware methods.

Emerging approaches, including reinforcement learning-
based evaluation and learned reward models, seek to align
evaluation with human judgment more effectively. These
methods train models on human-annotated quality scores,
moving beyond conventional lexical and embedding-based
comparisons. However, their application remains limited,
highlighting a research opportunity.

Current metrics also struggle with assessing discourse co-
herence and long-range dependencies in long-text summa-
rization. Recent studies propose graph-based coherence met-
rics (e.g., Entity Graph Coherence) and knowledge-graph-
augmented BERTScore to capture logical flow and topic con-
tinuity in lengthy documents. These novel approaches require
further validation.

Given the limitations of fully automated evaluation, hybrid
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frameworks integrating human-in-the-loop feedback with au-
tomated metrics are gaining interest. Such approaches lever-
age active learning and limited human annotations to refine
automated evaluation models, balancing efficiency with reli-
ability.

While ROUGE and BERTScore continue to dominate sum-
marization evaluation, emerging research highlights the need
for reinforcement learning-based evaluation, discourse-aware
metrics, and hybrid evaluation models. Addressing these gaps
will be crucial for advancing transformer-based long-text ab-
stractive summarization.

RQ6 : What are the limitations of the present
studies and future direction

Limitations
Despite significant progress in long-text abstractive summa-
rization, several critical challenges remain:

* Loss of Context and Semantic Coherence: Hybrid ap-
proaches, such as segmentation and extractive prepro-
cessing, often disrupt the semantic flow of text, lead-
ing to incomplete or fragmented summaries. Current
methods lack mechanisms to preserve contextual depen-
dencies across segmented chunks, resulting in factual
inconsistencies.

» Computational Inefficiency of Transformer Models: Ad-
vanced transformer models like Longformer and Big-
Bird, despite their effectiveness, demand excessive mem-
ory and processing power, making them impractical for
large-scale applications and inaccessible to researchers
with constrained computational resources. The lack of
efficient low-resource implementations remains a signif-
icant barrier.

+ Dataset Limitations and Generalizability: Most summa-
rization models are trained on a limited set of benchmark
datasets (e.g., CNN/Daily Mail, PubMed), which do not
represent domain-specific requirements (e.g., legal, med-
ical, financial texts). This limits the models’ ability to
generalize across diverse real-world applications.

* Lack of Empirical Comparisons between Hybrid and
Transformer-Only Models: While hybrid approaches
enhance efficiency, recent advancements in transformer
optimizations (e.g., flash attention, token pruning, and
retrieval-augmented generation) suggest that pure trans-
former models may achieve comparable efficiency with-
out external preprocessing. However, comprehensive
empirical studies comparing both approaches remain
scarce.

Future Research Directions
To overcome these challenges, future research should focus
on the following key areas:

+ Context-Preserving Hybrid Approaches: Investigate
adaptive segmentation techniques that dynamically ad-
just chunk sizes based on discourse structure. Graph-
based models leveraging BERT-enhanced content selec-
tion and reinforcement learning-driven preprocessing
could significantly improve coherence in segmented text
summarization.
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* Development of Low-Resource and Efficient Trans-
former Models: Future studies should prioritize
lightweight transformer architectures that integrate
sparse attention mechanisms and memory-efficient train-
ing strategies to make long-text summarization more
accessible for resource-constrained environments.

* Expansion of Domain-Specific and Multilingual
Datasets: To improve generalization, future research
should focus on developing datasets that reflect
real-world document structures across legal, scientific,
and financial domains.  Additionally, expanding
low-resource language datasets will enhance inclusivity
in summarization research.

» Comparative Studies on Hybrid vs. Transformer-Only
Models: Future research should conduct large-scale com-
parative analyses to determine the optimal trade-offs
between hybrid approaches and improved transformer
architectures. Understanding when preprocessing-based
hybrid methods outperform end-to-end transformer mod-
els remains an open challenge.

In addition to these directions, we propose a theo-
retical framework for multi-objective sentence selec-
tion, detailed in Appendix A. This framework addresses
challenges such as redundancy, lack of coherence, and
poor topic coverage in current graph-based preprocess-
ing techniques by incorporating multiple objectives (se-
mantic relevance, discourse coherence, topical coverage,
and brevity) optimized via Particle Swarm Optimiza-
tion. Though not implemented in this study, it repre-
sents a structured roadmap for future research aimed at
improving the quality and efficiency of preprocessing
in long-text abstractive summarization.

4 Limitation of the study and Conclu-
sion

While this review focuses on transformer-based architec-
tures specifically designed or adapted for long-text process-
ing, it is important to acknowledge the growing influence of
Large Language Models (LLMs) such as GPT-4, Claude, and
Gemini. These models have demonstrated impressive perfor-
mance in zero-shot and few-shot summarization, including for
long documents. However, their proprietary nature, lack of
reproducibility, and substantial computational requirements
limit their integration in this study. Consequently, we prior-
itize open-source models and frameworks that support con-
trolled comparisons and are feasible for resource-constrained
research environments. Future work may incorporate LLMs
into empirical evaluations or benchmark them against more
efficient long-context transformers.

This systematic review provides a comprehensive anal-
ysis of long-text abstractive summarization using trans-
former models, highlighting key trends, methodologies,
and challenges. The findings indicate that hybrid ap-
proaches—combining extractive preprocessing with abstrac-
tive techniques—are the most widely explored strategy for
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long-text summarization. While transformer models have
significantly advanced the field, challenges remain in terms
of computational cost, information loss, and scalability. Ad-
dressing these limitations requires improved segmentation
and extraction techniques, more efficient transformer archi-
tectures, and standardized evaluation frameworks. Future re-
search should focus on enhancing model generalization across
diverse domains, integrating adaptive hybrid techniques, and
expanding applications to low-resource languages. By ad-
dressing these gaps, the field can move toward more scalable
and effective long-text summarization models.
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Appendix A

A Theoretical Framework for Multi-
Objective Preprocessing in Long-
Text Abstractive Summarization

Graph-based extractive preprocessing is a critical compo-
nent in hybrid summarization pipelines. Traditional methods
like TextRank and LexRank rely on single-objective similar-
ity measures (e.g., cosine similarity, ROUGE), which often
result in redundancy, poor coherence, and limited topic diver-
sity—especially in long documents.

To overcome these limitations, we propose a multi-
objective graph-based preprocessing framework that opti-
mizes sentence selection across multiple criteria: semantic
relevance, coherence, topical coverage, and brevity. Our
framework employs Particle Swarm Optimization (PSO), se-
lected for its fast convergence, low computational cost, and
proven effectiveness in multi-objective optimization tasks
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[Patel et al., 2025; Xue et al., 2015]. Compared to Genetic
Algorithms and Ant Colony Optimization, PSO avoids com-
plex operations such as crossover or path modeling and has

demonstrated superior performance in text-based applications
[Chandrashekar and Sahin, 2014].

A.1 Multi-Objective Graph-Based Preprocess-

ing Technique

The proposed framework enhances traditional graph-based
approaches by integrating a meta-heuristic optimizer to dy-
namically balance the competing objectives of redundancy
reduction, discourse coherence, and topic diversity. This
preprocessing step improves the quality of inputs to down-
stream abstractive summarizers, especially transformer-based
models.

» Relevance (R): Selecting sentences that contain core in-
formation aligned with the document’s primary content.

* Coherence (C): Prioritizing logically structured sen-
tences to enhance fluency and readability.

+ Coverage (V): Maximizing the inclusion of diverse top-
ics to ensure comprehensive summarization.

» Summary Length (L): Controlling the number of ex-
tracted sentences to maintain an optimal balance between
brevity and informativeness.

A.2 Problem Definition

Let D be a document containing a set of n sentences:

D ={51,52,...,5.}

The goal is to select a subset of sentences X C D that op-
timally preserves key information while minimizing redun-
dancy and ensuring coherence. This can be formulated as an
optimization problem where the objective function is defined
as:

| X|
max Z (w1 R(S;) + waC(S;) + w3V (S;) +waL(S;))

Where:

* R(S;): represents the relevance score of sentence S; to
the document.

» C(S;): represents the coherence score, ensuring logical
sentence transitions.

« V(S;): represents the coverage score, maximizing topic
diversity.

« L(S;): represents the summary length constraint, ensur-
ing brevity.

* wi,ws, ws, wy: are weight parameters controlling the
contribution of each factor.

This optimization problem is multi-objective and requires an
efficient search algorithm to identify the optimal subset X.
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A.3 Graph-Based Sentence Representation

We represent the document as a weighted undirected graph:
G=(V,E,W)
Where:

» V: is the set of nodes representing sentences.

+ E: isthe set of edges, where an edge exists between two
sentences if their similarity exceeds a given threshold.

» W : is the weight matrix, where w;; represents the simi-
larity score between sentences S; and \S;.

* The edge weights w;; are computed using semantic sim-
ilarity metrics, such as:

w;; = cosine(BERT(S;), BERT(S;))

where BERT embeddings are used to capture semantic
context rather than relying on traditional TF-IDF-based
approaches.

A.4 Multi-Objective Optimization Formula-

tion

* Objective 1: Relevance Maximization Relevance is com-
puted based on sentence-document similarity:

|D|

R(S;) > " cosine(BERT(S;), BERT(D))

Dl

Where: - D; represents document-level sentence embed-
dings.

* Objective 2: Coherence Score We ensure coherence by
maximizing adjacent sentence semantic alignment:

1

JEX,jF#1

where higher C(S;) values indicate better local sentence
transitions.

* Objective 3: Coverage Optimization Coverage is com-
puted by ensuring that selected sentences span multiple
topics using Latent Dirichlet Allocation (LDA) topic
distributions:

K

V(S;) = Zpk(si) log pi.(D)
k=1

where pi(S;) represents the probability of sentence
S; belonging to topic k, and pi(D) represents the
document-wide topic distribution.

Objective 4: Length Constraint Summary length L(X)
is controlled by penalizing excessive sentence selection:

L(X) = €Xp (—Oé |X - Ltarget|)

where Lirget is the desired summary length, and « con-
trols the penalty strength.
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A.5 Particle Swarm Optimization for Sentence
Selection

Given the multi-objective nature of the problem, we em-
ploy Particle Swarm Optimization (PSO) for sentence se-
lection. PSO is an iterative meta-heuristic algorithm inspired
by swarm intelligence. Each candidate solution (particle)
represents a ranked list of sentences.

A.6 PSO Algorithm for Sentence Selection

1. Initialization: Generate an initial population of sentence
subsets X (0).

2. Fitness Evaluation: Compute the fitness of each subset
using:

f(X) = wlR(X) + ’LUQC(X) + ’LU3V(X) + w4L(X)

3. Velocity Update: Each particle updates its velocity v;
as:

vEtH) = wvz(t“rcm (pbest,i_Xl‘(t))+C2T2 (gbest_Xi(t))

where:

* w is the inertia weight controlling exploration.

* (1, o are cognitive and social learning coefficients.
* 71,79 are random values in [0, 1].

* Doest,i 18 the best solution found by particle <.

* gbest 18 the best solution found by the swarm.

4. Position Update:

Xi(t+1) _ Xi(t) INCED

K2

5. Convergence Check: The algorithm stops when a con-
vergence criterion is met (e.g., no significant improve-
ment in fitness).

A.7 Implementation Strategy of the Proposed
Framework

The Multi-Objective Graph-Based Preprocessing Technique
is designed to improve sentence selection before feeding long-
text data into a transformer-based summarization model. This
framework enhances context retention, coherence, and diver-
sity while minimizing redundancy and computational over-
head.

To achieve this, the framework consists of the following
phases:

1. Graph-Based Sentence Representation — Each sen-
tence is represented as a node in a weighted graph, with
edge weights computed using semantic similarity met-
rics derived from BERT embeddings.

2. Multi-Objective Optimization with PSO — The sen-
tence selection process is optimized using Particle
Swarm Optimization (PSO), balancing four key objec-
tives: relevance, coherence, coverage, and length con-
straints.

3. Preprocessed Output for Summarization — The op-
timized subset of sentences is passed to a transformer-
based abstractive summarization model to generate the
final summary.
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Table 7. The following pseudo code outlines the structured steps of the proposed technique

Step Description

Step 1: Preprocessing

Tokenize document D into sentences {S1, S, ..., S }
Generate sentence embeddings E using a pre-trained BERT model
Normalize embeddings for consistency

Step 2: Graph Construc-

Initialize an empty graph G = (V, E)

A %

tion For each sentence S; in D:

- Add node V; to graph G

- Compute cosine similarity between V; and all other nodes

- If similarity > threshold, add edge E; ; with weight W;;
Step 3: Multi-Objective | Initialize a swarm of particles (candidate summaries)
Optimization (PSO) Define the multi-objective function:

- Relevance R(X) — Selects sentences with high document similarity
- Coherence C'(X') — Ensures logical sentence transitions

- Coverage V (X) — Maximizes inclusion of diverse topics

- Length Constraint L(X) — Penalizes overly long summaries

While termination criteria not met:

- Evaluate fitness of each particle based on the objective function

- Update particle velocities and positions using:

ol =

- Adjust particle positions (selected sentences) accordingly
- Store the best candidate summary found

+cir (pbest,i - Xz(f)) + CQTQ(gbest - X,(t))

Step 4: Abstractive Sum-

Select optimized set of sentences Xjet from the best particle

marization Concatenate selected sentences into an input sequence
Feed the sequence into a transformer-based summarization model (e.g., BART,
Pegasus)
Generate final abstractive summary S

Return Optimized Summary S

This pseudo code (Table 7) provides a structured imple-
mentation roadmap, ensuring reproducibility and clarity for
future research. While this study presents the framework as a
theoretical contribution, future work should focus on empiri-
cal validation, benchmarking against existing summarization
techniques, and optimizing computational efficiency.

While this framework is theoretical, it directly addresses the
shortcomings of existing graph-based preprocessing methods
by introducing a balanced, multi-faceted optimization process.
Future work will involve implementing and benchmarking
this approach against current baseline models to assess gains
in coherence, informativeness, and computational efficiency.
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