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A B S T R A C T

The rapid growth of complex textual data in domains such as medicine, law, and science has heightened the rel-

evance of Long Document Summarization (LDS). Effective summarization not only requires advanced techniques 

but also robust evaluation metrics capable of capturing summary quality, coherence, and factual accuracy. We 

analyze 113 peer-reviewed studies from last two years, selected through comprehensive searches in SCOPUS, Web 

of Science, and PubMed, following PRISMA 2020 guidelines. We focus on LDS methods and the metrics used to 

evaluate them. Results indicate a rising adoption of hybrid models combining extractive and abstractive strate-

gies, frequently powered by deep learning and optimization. Concurrently, evaluation practices have shifted from 

traditional overlap-based metrics (e.g., ROUGE) toward semantic measures such as BERTScore and MoverScore. 

However, these metrics still face challenges related to interpretability, domain adaptation, and computational 

cost. We advocate for the development of holistic, explainable, and reference-free evaluation frameworks aligned 

with human judgment to enhance the reliability and applicability of LDS systems across domains.

1. Introduction

With the exponential growth of scientific literature, there is an in-

creasing demand for tools that can support the efficient synthesis of large 

volumes of textual information. Long Document Summarization (LDS) 

techniques have emerged as essential instruments for reducing time and 

effort in processes such as systematic literature reviews (SLR), where 

researchers must analyze and integrate knowledge from hundreds of 

documents. In domains such as medicine, law, and scientific publishing, 

LDS enables practitioners to extract relevant insights from lengthy and

often highly technical documents. Consequently, the development of ro-

bust summarization methods and reliable evaluation metrics has become 

a critical area of research.

Summarization techniques are particularly useful when applied to 

large-scale databases like Scopus, Web of Science, or PubMed, where 

thousands of potentially relevant studies must be reviewed. By gener-

ating coherent and concise summaries, these methods facilitate rapid 

screening, topic modeling, and content synthesis, tasks that would 

otherwise require extensive human effort.
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Several surveys have addressed various aspects of text summariza-

tion, particularly in the context of long documents and evaluation 

metrics. These surveys cover a wide range of approaches, from abstrac-

tive and extractive summarization to multi-document and query-focused 

summarization. For instance, Shakil et al. [1] provide an in-depth survey 

on abstractive summarization techniques, focusing on state-of-the-art 

methods and challenges, while also addressing long-document summa-

rization and evaluation metrics. Koh et al. [2] focus on long document 

summarization, evaluating datasets, models, and metrics. Wahab et al. 

[3] offer a comprehensive review of optimization-based methods in ex-

tractive summarization, focusing on performance metrics. Additionally, 

Elsaid et al. [4] review Arabic text summarization techniques, empha-

sizing challenges such as dialects and morphological structure, and 

evaluating methods like ROUGE (Recall-Oriented Understudy for Gisting 

Evaluation) for Arabic-specific summarization. Chaves et al. [5] analyze 

biomedical text summarization, highlighting specialized methods and 

metrics for this domain. Other surveys, such as those by Giarelis et al. 

[6] and Mishra et al. [7], review both extractive and abstractive summa-

rization approaches and compare them using well-known metrics, while 

Alanzi and Alballaa [8] focus on query-focused multi-document summa-

rization, offering insights into evaluation techniques for multi-document 

corpora.

The surveys by Meaney et al. [9] and Barbella et al. [10,11] investi-

gate the evaluation of summarization models using metrics like ROUGE, 

with a particular focus on topic modeling and medical imaging sum-

marization. Furthermore, Afsharizadeh et al. [12] and Aumiller et al. 

[13] provide critical reviews of multi-document summarization, with 

Aumiller’s survey also evaluating German abstractive summarization 

models using ROUGE.

Hewapathirana et al. [14] provide an extensive review of multi-

document summarization models, evaluate their performance on various 

datasets, and discuss future research directions. They use the ROUGE 

score for evaluation and contribute valuable insights for future MDS 

(Multi-Document Summarization) research. Similarly, Davoodijam et al. 

[15] categorize and analyze 42 metrics across dimensions such as intrin-

sic vs. extrinsic and manual vs. automatic, exploring challenges in their 

application.

By synthesizing these insights, this review not only maps the current 

landscape of multi-document summarization and evaluation metrics but 

also highlights key challenges and research gaps. Understanding how 

these methodologies and assessment frameworks evolve is crucial for 

advancing summarization techniques, particularly in evidence synthesis 

and large-scale document analysis. The following sections elaborate on 

the methodological approach taken in this study, the results obtained, 

and their broader implications for the field.

The remainder of this paper is organized as follows. In Section 2, 

we describe the methodology of this SLR, including the databases 

searched, inclusion and exclusion criteria, and data extraction proce-

dures. Section 3 presents the main results, detailing the categorization 

of summarization methods and evaluation metrics. Section 4 offers 

a discussion of the findings, highlighting emerging trends, research 

gaps, and the limitations of current evaluation frameworks. Finally, 

Section 5 summarizes the key contributions of the study and outlines 

potential directions for future research in the field of long document 

summarization.

Contribution and innovation

This review differs from previous surveys by offering:

• A unified framework that connects LDS techniques with the evalua-

tion metrics used to assess them.

• A focus on recent research trends (2022–2024), including deep

learning-based models, transformer architectures tailored for long se-

quences (e.g., Longformer, BigBird), and optimization-based hybrid 

models.

Fig. 1. PRISMA 2020 [16] Identification of studies via databases and registers.

• A comprehensive classification of evaluation metrics into lexi-

cal (e.g., ROUGE, BLEU), semantic (e.g., BERTScore, Moverscore), 

linguistic quality (e.g., readability, coherence), and human-based 

assessments.

• A forward-looking discussion on the limitations of current evaluation

practices and the potential for explainable, reference-free, and domain-

adapted metrics.

2. Methodology

This SLR was conducted following the PRISMA 2020 guidelines, as 

shown in Fig. 1. The methodology was designed to ensure transparency, 

reproducibility, and rigor throughout the study identification, selection, 

and synthesis processes.

2.1. Research questions

To further understand the progress and current trends in this domain, 

the following research questions were explored:

1. RQ1: What are the main techniques used in long document

summarization, and how are they categorized?

2. RQ2: What are the most commonly used evaluation metrics

for assessing the quality of long document summaries in recent 

studies?

3. RQ3: What advancements in deep learning have been incorpo-

rated into long document summarization?

4. RQ4: Are there any limitations identified in recent literature

regarding the metrics used to evaluate summary quality? 

2.2. Eligibility criteria

The SLR was conducted using predefined inclusion and exclusion cri-

teria to ensure the relevance and methodological robustness of selected 

studies.
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Inclusion criteria:

• Articles published between January 1, 2022, and October 31, 2024.

• Studies focusing on long document or multi-document summariza-

tion and their evaluation.

• Peer-reviewed journal articles, conference papers, or proceedings

written in English.

• Studies that explicitly discuss or apply evaluation metrics to assess

summarization quality. 

Exclusion criteria:

• Studies focusing exclusively on short or informal text summarization.

We define short text summarization as approaches that target inputs 

that are very brief and structurally simple, such as tweets, user re-

views, or isolated news headlines typically well under 750 tokens, 

and that often lack formal evaluation using established summariza-

tion metrics. These works are excluded due to their limited relevance 

to the methodological and evaluative scope of this study.

• Articles lacking explicit evaluation metrics or detailed methodologi-

cal descriptions.

• Studies for which full text was not available.

2.3. Information sources

Three academic databases were used to identify relevant literature:

• SCOPUS: 604 initial results.

• Web of Science (WOS): 270 initial results.

• PubMed: 58 initial results.

Backward reference searching was also conducted to identify addi-

tional relevant studies. The final search was completed on October 31, 

2024.

2.4. Search strategy

To ensure both the breadth and precision of the retrieved literature, 

the search strategy combined Boolean operators with domain-specific 

terminology. These resulted from a preliminary mapping of key concepts 

identified in recent high-impact publications on long document summa-

rization. The search focused on three main dimensions: the nature of the 

input, such as long or multi-source documents; the methodological ap-

proach, including automatic, supervised and unsupervised techniques; 

and the evaluation strategies most commonly reported. The terminol-

ogy was iteratively refined to reflect the prevailing discourse in the field 

and to align with the review’s analytical objectives. Although the query 

explicitly included evaluation-related terms and an English-language fil-

ter, database indexing inconsistencies produced records that either did 

not truly address evaluation practices or were not in English. These cases 

were resolved during screening using the conservative rule described in 

Section 2.5. The exact search string used was:

("document" OR "documents" OR "long documents" OR "large documents" 

OR "scientific documents" OR "medical documents" OR "multi-document" 

OR "multiple documents") AND (``summarization" OR "automatic summarization" 

OR "supervised summarization" OR "unsupervised summarization" OR "text 

summarization" OR "document summarization" OR "corpus summarization") 

AND ("evaluation metrics" OR "summarization evaluation" OR "performance 

metrics" OR "text quality metrics" OR ``ROUGE" OR "BLEU" OR ``BERTScore"
OR ``coherence" OR ``fidelity" OR ``relevance" OR "unsupervised evaluation" 

OR "supervised evaluation")

Filters were applied to restrict results to English-language publica-

tions and the specified publication window.

2.5. Selection process

Following PRISMA 2020 and the inclusion/exclusion criteria defined 

in Section 2.2, we processed 932 records (Scopus = 604, Web of Science 

= 270, PubMed = 58). After removing 391 duplicates and non-DOI 

entries, 541 unique records remained.

Two independent reviewers screened titles and abstracts. A record 

was excluded at this stage only when both reviewers agreed that it was 

not in English and that neither the title nor the abstract contained any 

explicit or implicit indication of evaluation practices (e.g., “metrics”, 

“assessment”, “performance evaluation”, “quality criteria”). Ambiguous 

cases were conservatively advanced to full-text review to minimize false 

negatives and selection bias. This step resulted in 80 exclusions and 461 

full-text retrieval attempts, of which 93 were unavailable due to access 

issues.

From the 368 full texts assessed, 255 were excluded because they 

focused on short-text summarization or lacked substantive treatment of 

evaluation metrics, leaving 113 studies for synthesis.

We piloted the screening criteria on a random subset to calibrate 

decisions. Disagreements were resolved by consensus, always favoring 

inclusion in doubtful cases. Although we did not compute an inter-rater 

statistic (e.g., Cohen’s kappa), the dual-review plus consensus procedure 

balanced feasibility and bias control.

2.6. Data collection process

We used a structured extraction form to ensure consistency. The 

following fields were captured:

• Bibliographic data: title, authors, year, publication type.

• Study context: summarization type (single/multi/hybrid), applica-

tion domain, and source dataset.

• Evaluation methodology: automatic metrics (e.g., ROUGE, BLEU,

BERTScore), interpretative dimensions (coverage, redundancy, co-

herence), rationale, and reported limitations.

All information was consolidated in a master spreadsheet to sup-

port qualitative coding and frequency-based analyses. Deduplication by 

DOI and data cleaning were automated with Python/Pandas scripts to 

guarantee traceability and exclude ambiguous or non–peer-reviewed 

records. Quality checks (e.g., controlled vocabularies and spot audits) 

were applied to reduce extraction errors.

2.7. Synthesis methods

Due to the heterogeneity in study types and reported outcomes, a 

narrative synthesis approach was adopted. This included:

• Grouping studies by summarization type (extractive, abstractive,

hybrid) and evaluation metrics.

• Mapping metric usage frequency and domain-specific applications.

• Highlighting challenges, such as reproducibility issues and over-

reliance on surface-level metrics.

Visualizations were used to illustrate metric distributions and emerg-

ing trends.

2.8. Certainty assessment

A qualitative certainty assessment was conducted, emphasizing:

• Methodological transparency and reproducibility of the studies.

• Consistency in findings across similar domains.

• Identified biases or gaps, such as domain underrepresentation and

limited diversification of evaluation metrics beyond lexical-overlap 

measures.

This assessment informed the interpretation of evidence strength and 

helped identify research gaps for future exploration.

3. Results

This section presents the main findings of our SLR on Long-Document 

Summarization (LDS). Through an extensive analysis of recent works, we 

structured the field into a set of interconnected components that reflect 

the current research landscape. These components include the types of
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Fig. 2. Structure of the systematic literature review on Long-Document Summarization, including datasets and their associated languages and applications, identified 

summarization approaches (single-document, multi-document, and hybrid), and their corresponding techniques and evaluation metrics. Optimization strategies in 

LDS are also included.

datasets employed, the languages and application domains addressed, 

the summarization methods applied, and the techniques and evaluation 

metrics used. Furthermore, optimization strategies aimed at improving 

LDS outcomes are also highlighted.

Fig. 2 provides a visual summary of the structure derived from 

our SLR on LDS. The diagram highlights key dimensions explored in 

the field, including the datasets used, along with the languages and 

applications they support.

We identify three primary types of summarization methods: single-

document summarization, multi-document summarization, and hybrid 

approaches that incorporate elements of both. Fig. 3 presents the dis-

tribution of methods across these summarization types. Most research 

focuses on single-document summarization, with a substantial portion 

employing purely extractive techniques. Multi-document summariza-

tion follows in volume, also predominantly extractive, while hybrid 

approaches (i.e., applicable to both single and multi-document set-

tings) remain comparatively less explored. Across all categories, purely 

extractive methods are more prevalent, though there is a noticeable

presence of abstractive and mixed-method approaches in single-

document tasks.

Each method is associated with specific techniques and evalua-

tion metrics. These metrics are categorized into four major groups: 

embedding-based and semantic, overlap-based, linguistic quality and 

coherence, and human/custom evaluation.

Additionally, the diagram includes a branch dedicated to optimiza-

tion strategies applied in LDS. This holistic overview provides insights 

into the current landscape and ongoing research directions in LDS.

3.1. Datasets

The datasets analyzed in this systematic literature review encom-

pass a wide range of text summarization applications, spanning var-

ious domains, languages, and years of publication in Table 1. These 

datasets serve as benchmarks for evaluating summarization mod-

els, allowing researchers to test and compare methodologies across 

different contexts. Below, we provide a chronological overview of
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Fig. 3. Distribution of Methods by Summarization Type.

the evolution of these datasets and their impact on summarization 

research.

The development of summarization datasets began in the early 2000s 

with the Document Understanding Conference (DUC) series, which 

established a foundational framework for news and general document 

summarization. Datasets such as DUC 2002, DUC 2003, and DUC 2004 

[17–22] introduced multi-document summarization tasks, enabling sys-

tematic evaluation of summarization models. These were followed by 

DUC 2005, DUC 2006, and DUC 2007 [23–29], which further refined 

the methodologies by incorporating more extensive documents and well-

defined summarization objectives. In 2008 and 2009, the Text Analysis 

Conference (TAC) expanded upon these efforts by introducing new 

evaluation tracks aimed at identifying key information across related 

document sets [30–32].

By 2015, the field witnessed a paradigm shift with the introduction 

of large-scale datasets, such as CNN/DAILYMAIL [22,33–36], which fa-

cilitated the transition to neural summarization models by providing 

millions of article-summary pairs. Simultaneously, the emergence of CL-

SCISUMM 2016 [37] marked the beginning of scientific summarization 

research, focusing on extracting relevant information from academic 

literature.

Between 2018 and 2021, summarization datasets diversified, reflect-

ing the increasing specialization of tasks. In the biomedical domain,

datasets such as PUBMED [38–40] and BioMedAC [17] became in-

strumental in summarizing medical literature, enhancing accessibility 

to critical diagnostic and treatment-related information. Legal summa-

rization also gained traction with datasets such as BILLSUM [41–44], 

CAIL-2020 [45–47], and GOVREPORT [41,48,49], which enabled the 

development of models capable of synthesizing complex legal and gov-

ernmental texts. Additionally, the introduction of MULTI-NEWS [22,36, 

50,51] advanced multi-document summarization, challenging models to 

aggregate and distill information from multiple sources.

During this period, new summarization challenges emerged across 

various text genres. WIKISUM [22,70,78] and WikiHow [46,83] ex-

plored summarization in encyclopedic and instructional content, requir-

ing models to adapt to different writing styles. Meanwhile, Debatepedia 

[80] and Opinosis [46] facilitated the summarization of user-generated 

content, debates, and opinions, while financial datasets such as 

FINDSum [84] and ECTSum [93] focused on extracting key insights from 

corporate reports and earnings call transcripts. The field also witnessed 

notable advancements in multilingual summarization, with datasets 

such as Mawdoo3 (Arabic) [44], Hindi Literature [28], and CAIL-

2020 (Chinese legal documents) [88], which highlight the complexity 

of adapting summarization techniques to varied linguistic structures 

and domain-specific conventions. These resources not only broaden the 

geographical and linguistic scope of LDS research, but also bring to 

light fundamental challenges in achieving robust cross-lingual perfor-

mance, challenges that recent datasets such as LoRaLay, CLSum, and 

MLSum further exemplify through empirical evidence. Building on this 

trend, recent datasets such as LoRaLay, CLSum, and MLSum demon-

strate that linguistic diversity impacts summarization models beyond 

syntactic variation [109], including differences in layout, rhetorical 

structure, and domain-specific terminology. Specifically, Shakil et al. 

[1] emphasize that cross-lingual summarization involves risks of seman-

tic loss and structural mismatches during translation. While common 

pipeline approaches that translate first then summarize may propagate 

errors, integrated neural machine translation and summarization models 

better preserve semantic integrity. CLSum reveals poor generalization 

across legal systems, and LoRaLay highlights performance drops on 

mixed-language documents, underscoring the necessity for multilingual 

encoders and alignment mechanisms sensitive to structural and semantic 

heterogeneity.

These challenges are compounded in low-resource languages and 

specialized domains like legal summarization, where annotated data is 

scarce and costly. Techniques such as transfer learning, back-translation, 

and knowledge-guided data augmentation help mitigate these 

limitations. For instance, Nguyen et al. [109] introduce a rephras-

ing method using legal constraints in LLM prompting to generate

Table 1

Summary of most common datasets used in text summarization tasks, including language, year, application domain, and relevant papers.

Dataset Language Year Application Papers

DUC 2002 English 2002 General, News [17,18,20,21,50,52–56]

DUC 2003 English 2003 General, News [18–20,53,57]

DUC 2004 English 2004 General, News [18–22,33,34,50,53,56,58–61]

DUC 2005 English 2005 General, News [20,23–25,57,62,63]

DUC 2006 English 2006 General, News [20,23,24,26,27,62–64]

DUC 2007 English 2007 General, News [20,23,24,26,28,29,62]

CNN/DAILYMAIL English 2015 News, Media [19,21,22,33–35,50,51,58,65–72]

PUBMED English 2018 Biomedical, Medical Research [38–40,48,73]. [49,67,74,75]

ARXIV English 2019 Scientific Articles [39,48,49,67,74,76,77]

CL-SCISUMM 2016 English 2016 Scientific Analysis [37]

BILLSUM English 2019 Legal, Government Documents [41–44]

TAC2008 English 2008 General, News [31]

TAC2009 English 2009 General, News [30–32]

CAIL-2020 Chinese 2020 Judicial Summarization, Legal [45–47]

WIKISUM English 2018 General Topics, Encyclopedic [22,70,78]

GOVREPORT English 2020 Government Reports [41,48],[49]

MULTI-NEWS English 2019 Multi-document, News [22,36,50,51]

ML-SUM English 2021 Machine Learning Research [44,46]

Other Various Various Miscellaneous [17,19,28,37,38,42,44–46,60,62,65,66,70,76,79–113]
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Fig. 4. Temporal Distribution of common Datasets.

synthetic data with improved domain fidelity, which is particularly 

beneficial in data-scarce settings. Evaluation remains a critical bot-

tleneck. Standard metrics like ROUGE often fail to capture semantic 

adequacy and domain relevance in multilingual outputs. To address 

this, LTScore [112] incorporates legal knowledge via fine-tuned models, 

emphasizing key terms and valid paraphrases. The lack of benchmarks 

in languages such as Urdu further reinforces the urgent need for 

multilingual, semantically-aware evaluation frameworks.

These datasets not only address language-specific nuances but also 

contribute to domain adaptation, ensuring the applicability of sum-

marization models in specialized fields. Additionally, several datasets 

cater to niche applications, including DailyMed for drug label summa-

rization [101], EDUVSUM for educational video summaries [94], and 

ClueWeb09 for webpage summarization [100]. Large-scale newswire 

datasets such as Robust04 [87] and GOV2 [87,100] further support re-

search in text retrieval and automatic summarization, broadening the 

scope of real-world applications.

Fig. 4 illustrates the evolution of the field, from early general-

purpose summarization benchmarks (e.g., DUC and TAC series) to 

more recent datasets focused on specialized domains such as biomed-

ical research (PUBMED), scientific literature (ARXIV), and legal doc-

uments (BILLSUM, CAIL-2020). This temporal progression highlights 

both methodological advancements and the growing diversification of 

application domains within summarization research.

A significant gap is observed between 2009 and 2015, reflecting a 

period with limited publicly released datasets. This may be attributed 

to a transitional phase in the field, marked by shifts from extractive to 

abstractive methods and the growing reliance on proprietary or private 

data sources during the emergence of neural approaches. The reactiva-

tion of dataset publication around 2015, starting with CNN/DAILYMAIL, 

coincides with the rise of neural sequence-to-sequence models and 

large-scale pretrained language models.

3.2. Extractive and abstractive summarization techniques for 

single-document texts

Automatic single-document summarization has been extensively 

studied, with approaches primarily categorized as extractive and ab-

stractive. Extractive methods select key sentences directly from the 

original text to compose a summary, whereas abstractive methods gen-

erate new sentences to express the information in a more concise and 

natural manner.

Extractive summarization methods aim to identify and retain key 

sentences from the original document while maintaining their structure. 

GETS (Graph-based Extractive Text Summarization Sentence Scoring 

Scheme) [79] employs graph-based sentence selection, where sentences 

are treated as nodes, and Jaccard similarity is used to establish re-

lationships between them. The method enhances coherence through 

graph clustering, ensuring that the extracted sentences maintain contex-

tual relevance. In legal text summarization, Bayesian Optimization [41] 

integrates Latent Dirichlet Allocation (LDA) and contextual sentence 

embeddings from LegalBERT to refine the selection of representative 

sentences. In the same domain, DCESumm [43], integrates supervised 

sentence prediction with deep clustering techniques to enhance ex-

tractive summarization. Other extractive techniques, such as SeburSum 

[65], leverage contrastive learning with BERT and RoBERTa, refram-

ing extractive summarization as a semantic text matching problem. 

Meanwhile, BERTSUM models [83] apply document partitioning and 

clustering to handle lengthy legal documents effectively, ensuring that 

key points are retained without loss of coherence.

In contrast, abstractive summarization reconstructs a document’s 

main ideas using newly generated text, requiring a deeper understand-

ing of semantic relationships and linguistic structures. EFAS (Entity-

Driven Fact-Aware Summarization) [38] integrates UMLS, ICD-10, and 

SNOMED-CT knowledge bases with BioBERT embeddings, enhancing 

biomedical text summarization while maintaining factual integrity. 

Extract-then-Assign (ETA) [42] improves abstractive summarization in 

legal texts by first generating an extractive summary, which is then 

refined using BART fine-tuning. In financial summarization, FINDSum 

[84] employs a structured approach that combines Generate-then-

Combine (GC) and Generate-Template-then-Fill (GTF) techniques to 

ensure numerical accuracy in generated summaries.

Hybrid summarization methods integrate extractive and abstractive 

elements to improve coherence and readability. CNN-GRU-based hybrid 

models [58] utilize reinforcement learning to optimize the extraction 

and generation processes while leveraging Word2Vec and BERT embed-

dings for improved word representations. In legal text summarization, 

Lawformer [88] combines BERTSUM-based extraction with a Pointer-

Generator Network, ensuring that summaries are both legally sound and 

contextually accurate.

Graph-based summarization techniques have also gained traction, 

particularly for improving structure and coherence. Multi-granularity 

heterogeneous graph models [66] establish hierarchical relationships 

between words, sentences, and topics, enhancing sentence selection.

Neurocomputing 655 (2025) 131287 

6 



B. Gana, H. Allende-Cid, S. Rüping et al.

Table 2 

Classification of summarization techniques.

Technique References

Graph-based and topic-aware summariza-

tion

[40,49,66,74,76,79]

Extractive and hybrid summarization [39,41,54,58,65,69,70,88]

Abstractive summarization and deep 

learning

[38,43,71–73,87,95,116]

Reinforcement learning and optimization [48,55,93,97]

Domain-specific summarization (legal, 

biomedical, financial)

[84,89,98,113]

Similarly, GoSum [74] integrates reinforcement learning with Graph 

Neural Networks to optimize scientific text summarization. Additionally, 

graph-based abstractive summarization models (GBAS) [76] employ 

SciBERT and Graph Transformer Networks (GTN) to construct struc-

tured knowledge representations, improving summary accuracy and 

contextual understanding.

Deep learning techniques continue to drive innovation in summa-

rization. SE-BERT [87] extends BERT’s capabilities by incorporating 

abstractive text generation with PEGASUS, while ODL-LTS (Optimal 

Deep Learning-Based Legal Text Summarization) [95] applies TF-

IDF, Rouge-L similarity measures, and a glowworm swarm-optimized 

BiGRNN model to refine legal text summarization. Additionally, 

multi-head self-attention mechanisms have been incorporated into 

pointer network-based summarization [71] to improve fluency and 

coherence. Other hybrid deep learning models, such as the two-

phase deep neural document summarization framework [72], com-

bine extractive intra-cosine attention similarity with BiLSTM-based 

abstractive summarization, demonstrating the effectiveness of hybrid 

models.

Optimization and reinforcement learning strategies further refine 

summarization methodologies. For example, UOTSumm [48] leverages 

Unbalanced Optimal Transport (UOT) to align document sections and 

summary sentences optimally. FLAN-FinBPS [93] integrates an unsuper-

vised question-based context generator with a supervised instruction-

tuned summarization model to improve financial document summa-

rization. In the energy sector, aspect-based extractive summarization 

models [97] utilize MapReduce and BERT, akin to the large-scale ap-

proach of Leiva-Araos et al. [114] with K-means clustering to enhance 

domain-specific summarization. Some models even incorporate game 

theory principles, where sentence selection is modeled as a strategic 

interaction between sentences, using replicator dynamics to optimize 

representation [55].

Domain-specific summarization methods continue to evolve, adapt-

ing to specialized needs. LegalSumm [98] generates multi-perspective 

legal case summaries, ensuring that different viewpoints are preserved. 

In biomedical contexts, MedicoVerse [73] employs SapBERT embed-

dings, hierarchical clustering such as [115], and abstractive summa-

rization to enhance medical text summarization. Similarly, hospital 

discharge summaries [89] incorporate metadata such as disease type, 

physician details, and patient length of stay, using Longformer-based 

architectures. In legal text processing, models based on Cross Latent 

Semantic Analysis (CLSA) with LSTM [113] extract key sentences from 

court decisions, demonstrating deep learning adaptability in judicial 

contexts.

These diverse methodologies illustrate the breadth of single-

document summarization techniques, which span extractive, abstrac-

tive, hybrid, and graph-based models. The growing integration of deep 

learning, reinforcement learning, and optimization continues to push 

the field forward, enhancing adaptability and robustness across vari-

ous domains. A structured overview of these methodologies, categorized 

based on their core techniques, is provided in Table 2, highlighting key 

references for each summarization approach.

3.2.1. Metrics

Evaluating single-document summarization requires assessing multi-

ple factors such as informativeness, coherence, and fluency. To achieve 

this, different types of metrics have been employed, broadly categorized 

into overlap-based metrics, embedding-based metrics, linguistic quality 

metrics, and human evaluation methods.

Overlap-based. The most commonly used overlap-based metric is 

ROUGE (ROUGE-1, ROUGE-2, ROUGE-L), which quantifies unigram, 

bigram, and longest common subsequence overlaps [19,68,70]. These 

methods provide a straightforward way to assess content similarity 

and have been extensively applied to both extractive and abstractive 

summarization models. A more flexible variant, ROUGE-SU4, evalu-

ates skip-bigram co-occurrences to capture looser word orderings and 

has also been used in several studies [59,63]. For a detailed formal 

description of these metrics, see Section 4.2.

Embedding-based and semantic. While overlap-based metrics provide

a basic assessment of content retention, they do not capture semantic 

meaning. To address this limitation, embedding-based metrics evalu-

ate how similar summaries are at a deeper linguistic level. BERTScore 

[38,42,48] measures similarity by comparing contextual word embed-

dings rather than exact word matches. MoverScore [41] expands on this 

by computing the semantic distance between words using pre-trained 

word embeddings, ensuring better alignment of meaning. Other com-

mon semantic evaluation methods include TF-IDF similarity and cosine 

similarity [19,95], which help assess sentence relevance. Additionally, 

LDA [41] has been applied within Bayesian Optimization frameworks to 

evaluate topic consistency in summarization.

Linguistic quality and coherence. Beyond textual similarity, assessing

the linguistic quality of a summary is essential for readability and co-

herence. Readability indices such as Flesch-Kincaid Grade Level (FKGL) 

and Dale-Chall Readability Score (DCRS) [110] measure the ease of un-

derstanding a text. In addition, Maximum Marginal Relevance (MMR) 

[37,100] is used to balance summary diversity and relevance, reduc-

ing redundancy while ensuring comprehensiveness. Some approaches 

employ graph-based embeddings like Node2Vec and DeepWalk to as-

sess text coherence, capturing relationships between sentences and 

paragraphs [91].

Human and custom evaluation. Despite advancements in automated

evaluation, human assessment remains a gold standard for evaluat-

ing summarization quality. Human evaluation typically includes ex-

pert ranking and manual assessment of summaries based on informa-

tiveness, fluency, conciseness, and coherence [52,53,59,63,78,80,81]. 

Likert-scale ratings and comparisons with gold-standard summaries 

offer quantitative assessments [31,32,34,44,50,52,53,59,63,64,81,85, 

99,106]. Some studies integrate domain-specific evaluations, such as 

physician-based assessments for medical summaries [89,116], legal 

expert evaluations for legal text summarization [98], and business-

oriented KPIs for summarization quality [73]. Additionally, question-

answering-based assessments have emerged as a novel method to 

determine how well summaries retain key information [78].

Fig. 5 presents the frequency of metric usage across three types of 

single-document summarization approaches: extractive, abstractive, and 

mixed. As shown, overlap-based metrics such as ROUGE-1, ROUGE-2, 

and ROUGE-L are by far the most commonly used across all summa-

rization types, especially in single extractive summaries, where each is 

employed in over 19 studies. In contrast, more semantically oriented 

metrics such as BERTScore are rarely used, appearing in only 4 abstrac-

tive and 3 mixed summarization studies. Similarly, precision, recall, and 

F-score are sporadically reported, and linguistic quality metrics such as 

ROUGE-SU4 and ROUGE-3 are scarcely mentioned.

These findings suggest a strong reliance on traditional lexical overlap 

metrics, particularly in extractive approaches, while more advanced or
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Fig. 5. Most frequent metrics for single documents summarization.

semantically nuanced metrics remain underutilized in single-document 

contexts. This pattern highlights a potential gap in evaluation practices, 

especially given that ROUGE metrics may not fully capture the semantic 

adequacy and factual consistency of abstractive summaries. The results 

reinforce the need for more diverse and semantically aware evalua-

tion frameworks tailored to the specific demands of single-document 

summarization.

3.3. Extractive and abstractive summarization techniques for 

multi-document texts

Summarizing multiple documents introduces complexities beyond 

those encountered in single-document summarization. The main chal-

lenge lies in integrating information from diverse sources while ensuring 

coherence, minimizing redundancy, and maintaining comprehensive 

topic coverage. Various techniques have been proposed to address these 

challenges, leveraging different strategies for selecting and generating 

content.

One effective approach to structuring extractive multi-document 

summaries involves rhetorical and graph-based methods. Grapharizer 

[59] integrates word graphs and topic modeling using LDA to cap-

ture relationships across documents. SGCSumm [33] employs graph 

convolutional networks (GCN) to build context-aware representations 

of document content, refining sentence selection through a struc-

tured ranking process. In addition to graph-based techniques, machine 

learning-driven extractive models, such as evolutionary sparse multi-

objective algorithms [52] and Firefly-based selection strategies [53], 

optimize sentence inclusion by balancing informativeness and diver-

sity. CohQFMDS-Sum [63] offers an unsupervised framework capable 

of summarizing text from varied sources without requiring predefined 

labeled datasets. This adaptability makes it particularly effective in han-

dling heterogeneous data, where training samples may not always be 

available. Similarly, clustering techniques, including hierarchical tree-

based models [18] and language-independent clustering approaches 

[44], further refine summary selection by grouping similar content and 

minimizing redundancy.

In the abstractive context EDITSum [81] enhances this process 

through hierarchical decoding and VAE, capturing nuanced relation-

ships between sentences. In cases where discourse plays a central

role, models like TOMDS [78] integrate topic-aware attention mecha-

nisms and discourse parsing, restructuring text to improve readability. 

Similarly, RSGen [80] enhances coherence by incorporating rhetorical 

structures into both encoding and decoding processes. It employs a graph 

transformer to encode relationships between text elements, followed by 

a structured rhetorical plan in the decoding stage to ensure logically 

ordered summaries. Hybrid frameworks merge the strengths of both 

extractive and abstractive paradigms. HMSumm [50] extracts salient 

content using deep submodular networks (DSN) and refines it with 

BART and T5 models, while PDSum [106] employs contrastive learning 

to iteratively enhance document representations, adapting summaries 

dynamically to evolving datasets.

Summarization can also be approached as an optimization chal-

lenge, where methods aim to maximize informativeness while con-

trolling redundancy. Multi-objective optimization strategies, such as 

Multi-Objective Shuffled Frog-Leaping Algorithm (MOSFLA) [30] and 

Multi-Objective Number-One-Selection Genetic Algorithm (MONOGA) 

[31], use evolutionary computing to refine sentence selection itera-

tively. In more targeted applications, Indicator-based Multi-Objective 

Variable Neighborhood Search (IMOVNS) [32] incorporates mutation 

and repair techniques to optimize summaries for query-focused re-

trieval. Similarly, Multi-Objective Ant Colony Optimization (MOACO) 

[24] applies Pareto Ant Colony Optimization (P-ACO) to explore di-

verse sentence combinations, prioritizing content based on multiple 

evaluation criteria.

Beyond traditional methodologies, emerging summarization tech-

niques introduce novel perspectives. Semantic-driven approaches, such 

as SDbQfSum [64], enhance topic-based summaries by leveraging 

Wikipedia commonsense knowledge, ensuring that generated content 

aligns with contextual meaning. Discourse-aware models [36] construct 

discourse trees to establish logical relationships between textual el-

ements, improving summary cohesion. Readability-focused methods, 

including K-means clustering with Flesch readability scoring [25], op-

timize summaries for accessibility, making them more digestible for 

broader audiences. Additionally, language-specific models like AraTSum 

[92] adapt summarization strategies to Arabic-language Twitter dis-

cussions, demonstrating the adaptability of these techniques across 

linguistic domains.
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Table 3 

Classification of multi-document summarization techniques.

Technique References

Graph-based and structural summarization [33,59,63,78,80]

Extractive and hybrid summarization [18,33,44,50,52,53,59,106]

Abstractive summarization and deep learning [36,64,78,80,81]

Optimization-based and evolutionary algorithms [20,24,30–32]

Domain-specific and query-focused summarization [25,26,92,107]

Other summarization strategies refine output quality through rank-

ing and user interaction. Maximal gSpan [60] applies directed co-

occurrence graphs to prioritize frequently referenced terms, facilitat-

ing structured summary generation. Position-based ranking models, 

such as those introduced in [26], weight sentences based on their 

placement within documents, ensuring that key information is high-

lighted. Interactive query-based summarization, as demonstrated by 

genetic algorithm-driven frameworks [107], incorporates user feedback 

to dynamically refine summaries, allowing for adaptive, user-guided 

results.

As research progresses, the integration of structured extraction, ab-

stractive synthesis, and optimization techniques continues to expand 

the scope of multi-document summarization (see Table 3). These ad-

vancements reflect an ongoing effort to develop methods that are not 

only accurate and coherent but also adaptable to diverse domains and 

evolving information needs.

3.3.1. Metrics

Evaluating multi-document summarization involves several key as-

pects, including informativeness, coherence, and redundancy reduction. 

Metrics are categorized into four main types: overlap-based metrics, 

embedding-based metrics, linguistic quality metrics, and human eval-

uation methods.

Overlap-based. These metrics assess how much textual content from 

a generated summary overlaps with reference summaries. The most 

widely used measures include ROUGE-1, ROUGE-2, and ROUGE-L, re-

spectively [32,76]. Some studies extend evaluation with ROUGE-SU4,

which accounts for skip-bigram matches to capture non-contiguous word 

relationships [59,63].

Embedding-based and semantic. To go beyond direct textual over-

laps, embedding-based metrics evaluate semantic similarities between 

system-generated and reference summaries. BERTScore and Sentence-

BERT [61,63,106] analyze contextual embeddings to measure similarity 

at a deeper linguistic level. Other semantic evaluation methods include 

TF-IDF similarity, explicit semantic analysis (ESA), and Jaccard Index, 

which help detect redundant or unrelated content [18,30,34,44,64,85].

Linguistic quality and coherence. Linguistic quality metrics focus on

the readability and coherence of summaries. Readability indices such 

as FKGL and Gunning Fog Score [25] measure how easy the text 

is to understand. Some studies use neural coherence models trained 

with contrastive learning [80] to evaluate how well sentences flow 

logically. Sentence reordering algorithms, such as chronological or-

dering and topic closeness ranking, further refine the organization of 

multi-document summaries [26,63].

Human and custom evaluation. Despite advancements in automated

evaluation, human assessment remains a crucial benchmark for sum-

marization quality. Expert annotators rank summaries based on in-

formativeness, fluency, and coherence [52,53,59,63,78,80,81]. Some 

studies utilize Likert-scale ratings and compare system-generated sum-

maries with gold-standard references [31,32,34,44,50,52,53,59,63,64, 

81,85,99,106]. Additionally, domain-specific evaluations, such as med-

ical expert reviews for clinical document summarization [89,116] and 

legal professional assessments for legal texts [98], provide more tailored 

insights into summarization effectiveness. Another emerging evalu-

ation method involves question-answering-based assessments, which 

measure how well key information is preserved in the generated 

summary [78].

Fig. 6 shows the frequency of metric usage across multi-document 

summarization approaches: extractive, abstractive, and mixed. Similar 

to single-document summarization, ROUGE-1, ROUGE-2, and ROUGE-L 

remain the most frequently used metrics, especially in extractive meth-

ods, where ROUGE-1 reaches a frequency of 22. However, compared to 

single-document summarization, the usage of alternative metrics such as

Fig. 6. Most frecuent metrics for multi documents summarization.
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BERTScore, Recall, and Precision is even more limited. Multi abstractive 

and mixed approaches display very low metric diversity and frequency. 

Notably, no semantic or embedding-based metrics were reported in these 

types, and most of the metric use is concentrated in extractive meth-

ods. ROUGE-SU4 appears with moderate frequency (12 times) only in 

extractive summaries, reinforcing the dominance of overlap-based eval-

uation strategies. Compared to the single-summary scenario (Fig. 5), 

where there is a slight increase in metric variety in mixed or abstrac-

tive approaches, the evaluation of multi-document summaries remains 

highly conservative. This suggests a lag in adopting more sophisticated 

or semantically-aware metrics in the multi-document context, despite 

the greater complexity and redundancy challenges posed by these sum-

marization tasks. Overall, the results highlight the need for improved 

evaluation practices that can better reflect the unique challenges of 

multi-document summarization, particularly for abstractive and hybrid 

models.

Overlap-based metrics, such as ROUGE, are predominantly utilized, 

often overshadowing semantic-based measures in both scenarios, i.e., 

single and multi-document. This prevalence can be attributed to their 

conceptual simplicity, computational efficiency, and historical prece-

dence in the field. Their low computational cost, for instance, permits 

researchers to perform numerous evaluations during model tuning with-

out significant resource constraints. Furthermore, and perhaps more 

critically, their historical precedence creates a strong inertia; new sum-

marization methods must be compared against a vast body of literature 

that uses these established metrics, making the adoption of novel 

evaluation techniques challenging.

3.4. Hybrid summarization approaches and new metrics for sentence 

selection

The field of automatic text summarization has witnessed signifi-

cant advancements by integrating single-document and multi-document 

summarization techniques into hybrid models. These approaches aim 

to leverage the strengths of both paradigms, ensuring that generated 

summaries are coherent, contextually relevant, and capable of handling 

diverse sources of information. These summarization techniques employ 

deep learning models, optimization algorithms, and linguistic analysis.

Pre-trained transformer models have played a crucial role in hy-

brid summarization. The model proposed in [62] utilizes BERTSUM, 

where BERT serves as the encoder, and a Transformer-based decoder 

generates abstractive summaries. The model employs domain adaptation 

techniques, including transfer learning and weakly supervised learning, 

to enhance summarization performance across different datasets, effec-

tively bridging the gap between single-document and multi-document 

summarization.

Document Vector Method: An alternative approach, introduced in 

[28], employs document embeddings to capture semantic relationships 

among sentences. By clustering similar sentences using K-means, this 

model enhances the relevance and coherence of summaries. Sentence 

ranking is determined based on redundancy rate, diversity, and com-

pression rate, ensuring that generated summaries retain key information 

without excessive repetition.

Unsupervised Extractive summarization model in [82] integrates 

concept maps with the RAKE (Rapid Automatic Keyword Extraction) 

method for single-document summarization, while applying Latent 

Semantic Analysis (LSA) for multi-document summarization. This un-

supervised technique emphasizes keyword extraction and semantic 

similarity to enhance summary informativeness and coherence.

Advancements in large language models (LLMs) have enabled more 

powerful summarization techniques. The system in [90] employs the 

Mistral7B model for privacy policy summarization, utilizing BASE anal-

ysis for single-document summaries and WRT and REV techniques 

for cross-document insights. By incorporating prompt chaining, the 

model ensures accurate extraction of essential content while preserving 

readability and explainability.

Topic Modeling with Latent Dirichlet Allocation The framework in 

[75] integrates topic modeling with LDA to extract key themes from 

medical research articles. By scoring sentences based on relevance, 

this model identifies commonalities across documents and produces 

structured summaries that preserve domain-specific terminology.

Heterogeneous Graph Neural Networks Graph-based approaches 

continue to gain traction in hybrid summarization. The multi-granularity 

adaptive summarization model in [51] employs a heterogeneous graph 

neural network, incorporating TF-IDF, LDA topic modeling, and GloVe 

embeddings to establish meaningful relationships between sentences 

and topics, thereby improving summary coherence.

SMATS Model with Optimization Algorithms has been widely 

adopted for hybrid summarization. The SMATS model in [57] uti-

lizes extractive summarization in combination with optimization algo-

rithms such as Ant Colony Optimization (ACO), Bat Algorithm (BA), 

Cuckoo Search Optimization (CSO), Firefly Algorithm (FA), and Flower 

Pollination Algorithm (FPA). This approach optimizes sentence selec-

tion, producing concise and informative summaries.

3.4.1. Metrics

Evaluating hybrid summarization models requires a combination of 

automated and human assessment methods, to ensure that the sum-

maries are accurate and coherent across different domains.

Overlap-based. Overlap-based metrics such as ROUGE remain a stan-

dard evaluation method for text summarization. Research in [28] 

reports Precision, Recall, and F-score, highlighting the effectiveness 

of ROUGE across different datasets, including MS-MARCO and DUC 

[62,82]. Additionally, ROUGE-3 and ROUGE-S are explored in [75] to 

provide more granular evaluations.

Embedding-based. To assess semantic similarity beyond n-gram over-

laps, models employ embedding-based metrics such as RoBERTa fine-

tuned for sentence similarity [62] and Doc2Vec [28] for capturing 

semantic relations. Cosine similarity between sentence embeddings is 

widely used [62,82], while LSA helps evaluate semantic consistency 

[75,82]. More advanced techniques include topic-based graph embed-

dings [51] and deep learning-based metrics, such as those implemented 

in the Mistral7B model [90].

Linguistic quality. Assessing linguistic quality and readability is crucial

for summarization effectiveness. Studies evaluate cohesion and fluency 

using readability metrics such as FKGL, Gunning Fog Score, and SMOG 

Index [57]. Redundancy removal techniques, such as n-gram overlap 

filtering [28,82], help ensure conciseness, while concept maps [82] 

enhance coherence. Prompt chaining, as used in [90], further refines 

summarization by improving decision-making and explainability.

Human evaluation. Human evaluation remains indispensable for val-

idating the quality of hybrid summarization models. Studies employ 

expert reviewers and domain specialists to assess summaries based on 

coherence, fluency, and informativeness. In [62], human judges pro-

vide scores on a 1-to-5 rating scale, while [82] collects evaluations from 

domain-specific experts. Other studies, such as [90], perform manual 

assessments of privacy policy summaries, comparing system-generated 

summaries with human-annotated references. Additionally, datasets like 

DUC-2003 and DUC-2005 [51,57] are used for benchmarking hybrid 

summarization models against expert-curated summaries.

These diverse methodologies illustrate the continuous advance-

ments in hybrid summarization, integrating extractive, abstractive, and 

optimization-based approaches to improve text summarization across 

multiple domains. The combination of structured evaluation techniques 

ensures that hybrid models produce summaries that are both infor-

mative and coherent, bridging the gap between single-document and 

multi-document summarization.
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3.5. Optimization approaches and user-based learning

As summarization techniques continue to evolve, optimization strate-

gies and user-based learning approaches have been explored to enhance 

summary quality, diversity, and readability. These methods leverage ad-

vanced metrics and algorithms to refine both extractive and abstractive 

summarization models.

One notable example is the PDSum method [106], which introduces 

N-RL and N-BS metrics to assess lexical and semantic novelty in gen-

erated summaries. These metrics compare newly produced summaries 

to prior ones within the same document set, ensuring that summaries 

maintain diversity and avoid excessive repetition. By quantifying the 

distinctiveness of information, PDSum enhances the variety of con-

tent included in a summarization model, ultimately leading to a richer 

representation of key ideas across multiple documents.

Another approach, the EMDS framework [27], places emphasis on 

improving the readability of extractive summaries. This method inte-

grates k-means clustering with the Flesch readability index to generate 

more comprehensible summaries. By segmenting sentences into seman-

tically coherent clusters, EMDS ensures that selected content aligns with 

readability standards, surpassing conventional summarization tech-

niques such as LSA and LDA. The integration of readability-focused 

evaluation metrics further enhances the accessibility and fluency of 

machine-generated summaries.

4. Discussion

In this section, we will discuss the answers to our research questions.

4.1. RQ1: What are the main techniques used in long document 

summarization, and how are they categorized?

Between 2022 and 2024, the landscape of long document summariza-

tion has experienced a notable shift toward hybrid models that integrate 

both extractive and abstractive techniques, frequently enhanced with 

deep learning and optimization strategies. These hybrid models are de-

signed to retain the factual accuracy of extractive approaches while 

benefiting from the linguistic flexibility of abstractive generation.

Among the most relevant techniques are: 

Hierarchical Transformers: Designed to handle long contexts through 

multi-level attention mechanisms. Models such as Longformer and 

Hierarchical BERT process documents in chunks and recombine infor-

mation hierarchically.

Graph-based Models: Approaches like TOMDS and others leverage 

Graph Neural Networks to capture inter-sentence and discourse-level 

dependencies, improving coherence and contextual fidelity.

Domain-specific Pretrained Models: Variants such as BioBART, 

PubMedBERT, LegalBERT, and Lawformer showcase the power of trans-

fer learning in specialized domains such as medicine and law, where 

maintaining domain-specific terminology and factual correctness is 

crucial.

Optimization-enhanced Summarizers: Models like PDSum incor-

porate optimization heuristics (e.g., Firefly Algorithm, Ant Colony 

Optimization) to guide the selection of content that maximizes coverage, 

diversity, and novelty (1).

Formally, many techniques define a multi-objective scoring function: 

Score = 𝜆 1 

⋅ Coverage(𝑆) + 𝜆 2 

⋅ Diversity(𝑆) + 𝜆 3 

⋅ Novelty(𝑆) (1)

where 𝑆 is the set of selected sentences, and the weights 𝜆 𝑖 

adjust the 

relative contribution of each component.

These hybrid approaches are especially successful in domains where 

summaries must be concise yet informative, such as biomedical litera-

ture reviews, legal case summaries, and educational material generation. 

Their flexibility in adapting to document structure, topic variety, and 

domain-specific language makes them highly promising for real-world 

deployment.

4.2. RQ2: What are the most commonly used evaluation metrics for 

assessing the quality of long document summaries in recent studies?

Evaluation metrics for long document summarization have evolved 

considerably, transitioning from surface-level comparisons to more se-

mantically grounded assessments. The most prevalent metrics can be 

grouped as follows:

4.2.1. Lexical overlap metrics

ROUGE: Still the most cited metric for benchmarking [117], despite 

its known limitations in capturing paraphrasing or semantic equiva-

lence. ROUGE metrics may fail to capture deeper semantic relationships 

such as paraphrasing or synonymy. As shown in Eq. (2), ROUGE-N 

evaluates the precision of matching n-grams, while Eq. (3) accounts 

for the longest common subsequence (LCS) between the generated and 

reference summaries.

For ROUGE-N, the formula is: 

ROUGE-N = 

∑ 

𝑛-gram match(𝑛-gram, 𝑅)
∑ 

𝑛-gram count(𝑛-gram, 𝐺)
(2)

where:

• 𝑛-gram is a sequence of 𝑛 words (e.g., unigrams, bigrams).

• match(𝑛-gram, 𝑅) counts the number of matching n-grams between

the generated summary and the reference.

• count(𝑛-gram, 𝐺) counts the number of n-grams in the generated

summary.

For ROUGE-L, which considers the longest common subsequence, the 

formula is:

ROUGE-L =
∑

𝑙 LCS(𝑙, 𝐺, 𝑅)
Length of 𝑅

(3)

where:

• LCS(𝑙, 𝐺, 𝑅) is the length of the longest common subsequence be-

tween the generated summary and the reference.

• Length of 𝑅 is the total length of the reference summary.

BLEU: The BLEU metric often used in machine translation, evaluates 

the overlap of n-grams while incorporating a brevity penalty to adjust for 

length discrepancies between the generated and reference summaries. 

This metric is defined in Eq. (4) as follows:

BLEU = BP ⋅ exp 

( 𝑁
∑

𝑛=1
𝑤 𝑛 

⋅ log 𝑃 𝑛

) 

(4)

where:

• BP is the Brevity Penalty, which penalizes short translations.

• 𝑃 𝑛 is the precision for each n-gram (how many n-grams in the 

generated text match the reference).

• 𝑤 𝑛 

is the weight assigned to each precision 𝑃 𝑛 

.

4.2.2. Semantic similarity metrics

BERTScore: calculates semantic similarity between token embed-

dings using a pre-trained BERT model [118]. It reports Precision (5), 

Recall (6), and F1 (7) scores as follows:

Precision = 

1
|𝑇 | 

∑ 

𝑖∈𝑇
max 

𝑗∈𝑅 

cosine(𝑒 𝑖, 𝑒 𝑗 

) (5)

Recall = 

1
|𝑅| 

∑

𝑗∈𝑅
max 

𝑖∈𝑇
cosine(𝑒 𝑗 , 𝑒 𝑖 

) (6)

F1 = 2 ⋅ Precision ⋅ Recall
Precision + Recall 

(7)

Here, 𝑒𝑖 and 𝑒 are𝑗  token embeddings from the generated summary 𝑇 

and the reference summary 𝑅, respectively.
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MoverScore: Measures the minimal cost to transform one distribu-

tion of embeddings into another (8) using Earth Mover’s Distance. It is 

useful for comparing summaries with significant word order variation.

MoverScore = EMD(𝑇 , 𝑅, 𝐂) (8)

where 𝑇 = {𝑡 1, 𝑡 2,… , 𝑡 𝑚} and 𝑅 = {𝑟 1, 𝑟 2,… , 𝑟 the tokens from the𝑛} are   

      

generated and reference texts, respectively, and 𝐂𝑖𝑗 = 1 − cosine(𝑒 𝑡  

 𝑖 

, 𝑒𝑟 

)
𝑗

is the cost matrix computed from cosine distances between token 

embeddings.

TF-IDF Cosine Similarity: Employed mainly in extractive systems 

to compare importance-weighted term vectors of source and summary.

4.2.3. Readability and fluency metrics

Metrics such as Flesch-Kincaid Grade Level (9), Gunning Fog 

Index (10), and SMOG Index (11) are used to assess the accessibility of 

generated summaries.

The Flesch-Kincaid Grade Level estimates the U.S. school grade level 

required to understand the text and is computed as:

FKGL = 0.39 ⋅
words

sentences
+ 11.8 ⋅ 

syllables
words

− 15.59 (9)

The Gunning Fog Index indicates the years of formal education needed 

to understand the text on the first reading:

GFI = 0.4 ⋅ 

(

words
sentences

+ 100 ⋅ 

complex words
words

) 

(10)

The SMOG Index (Simple Measure of Gobbledygook) estimates the 

years of education needed based on polysyllabic word count:

SMOG = 1.043 ⋅ 

√ 

30 ⋅ 

polysyllables
sentences

+ 3.1291 (11)

These metrics are often combined in multi-metric evaluations to 

capture different quality aspects, including lexical matching, semantic 

fidelity, and readability. To better understand how these different types 

of metrics are adopted in practice, we analyzed their usage frequency 

across recent studies.

As illustrated in Figs. 5 and 6, lexical metrics such as ROUGE-1, 

ROUGE-2, and ROUGE-L dominate both single- and multi-document 

summarization settings. In contrast, semantic-based metrics like 

BERTScore and MoverScore appear considerably less frequently. Several 

factors may contribute to this disparity. First, semantic metrics often 

demand higher computational resources and rely on large pretrained 

language models, which can be prohibitive for large-scale or resource-

constrained experiments. Second, the lack of standardized implementa-

tion and benchmark protocols may hinder their widespread adoption, 

as reproducibility becomes more challenging. The interpretability of 

semantic scores is often less intuitive compared to overlap-based met-

rics, limiting their practical appeal. These considerations partly explain 

the observed distribution in metric usage and underscore the need for 

more accessible, interpretable, and computationally efficient semantic 

evaluation tools.

4.3. RQ3: What advancements in deep learning have been incorporated 

into long document summarization?

Recent advancements in deep learning have played a pivotal role in 

expanding the capabilities of LDS systems. One of the key breakthroughs 

involves the ability to handle extended input sequences. Traditional 

transformer models are limited by token constraints, but newer ar-

chitectures like Longformer, BigBird, and LED introduce sparse and 

global attention mechanisms that allow for the processing of signifi-

cantly longer texts. This enhancement is crucial for preserving context 

and coherence in lengthy documents.

Another important development is the rise of retrieval-augmented 

generation (RAG) models, which integrate external information retrieval

with generative modeling. By referencing relevant external documents 

during summarization, these models can produce outputs that are not 

only more informative, but also factually grounded, which is particularly 

valuable in knowledge-intensive tasks.

Large language models that are prompt-based or instruction-tuned, 

such as GPT-3.5-turbo and FLAN-T5, have also become central to mod-

ern summarization strategies. These models can perform summarization 

tasks directly from natural language instructions, which reduce the re-

liance on task-specific fine-tuning and allow for greater adaptability 

across domains and user needs.

In parallel, the field has seen growing interest in multimodal sum-

marization, where textual input is enriched with non-textual data like 

images, tables, or videos. This is particularly relevant in areas such as ed-

ucation, journalism, and scientific communication, where visual context 

can enhance the informativeness of the summary.

Furthermore, the incorporation of human-in-the-loop strategies has 

introduced mechanisms for real-time feedback and correction. These 

approaches help mitigate issues such as hallucinations and improve 

the factual reliability of the output. Reinforcement learning with hu-

man feedback (RLHF) and self-supervised learning techniques are also 

being explored as ways to better align model behavior with human 

expectations, even in the absence of large labeled datasets.

4.4. RQ4: Are there any limitations identified in recent literature regarding 

the metrics used to evaluate summary quality?

Yes, recent literature identifies several important limitations in 

the metrics commonly used to evaluate summary quality. One of the 

most prominent issues is that traditional metrics such as ROUGE and 

BLEU often fail to capture semantic equivalence. They tend to pe-

nalize summaries that use synonyms or paraphrases, even when the 

intended meaning is preserved. This results in a semantic blind spot 

that limits their usefulness in evaluating more abstract or creative 

outputs.

These limitations are exacerbated in cross-lingual summarization, 

where lexical overlap is less indicative due to linguistic and cul-

tural variation. Standard metrics fail to capture model performance 

on multilingual datasets like LoRaLay or CAIL-2020, especially in 

low-resource languages, where true improvements may go undetected 

without semantically-informed, language-sensitive evaluation tools.

Another significant limitation is the lack of factual validation. 

Current metrics are generally unable to detect hallucinated content 

or factual inaccuracies in summaries, an especially critical flaw in 

high-stakes domains such as legal or medical texts. Additionally, these 

metrics often show low correlation with human judgments. Studies have 

found that automatic scores may not align well with human evalua-

tions of coherence, fluency, or relevance, raising concerns about their 

reliability.

Even newer, semantically informed metrics like BERTScore present 

challenges. While they offer better alignment with meaning, they rely 

on complex embeddings that reduce transparency and make their out-

puts harder to interpret. They also come with a high computational cost, 

which can hinder their use in large-scale or real-time applications.

In response to these limitations, recent research has begun to propose 

more holistic evaluation strategies. These include explainable metrics 

that offer interpretable scoring, tools for checking factual consistency 

against source documents, and models that incorporate user preferences 

or human feedback to better approximate human evaluation. Although 

these innovations represent meaningful progress, existing metrics are 

still insufficient for capturing the full range of qualities that define a 

good summary.

Thus, the literature clearly acknowledges that current evaluation 

methods fall short in several key areas, and there is an active move-

ment toward the development of more comprehensive, interpretable, 

and context-aware evaluation frameworks.
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4.5. Limitations of metrics and future directions

Despite their historical usefulness, traditional metrics such as ROUGE 

and BLEU exhibit significant limitations. They penalize linguistic 

reformulations, are insensitive to global meaning, and fail to detect 

factual inconsistencies. This restricts their effectiveness, particularly in 

domains where semantic fidelity and factual accuracy are critical, such 

as medicine, law, and public policy.

Meanwhile, more sophisticated metrics like BERTScore and 

MoverScore have advanced the evaluation of semantic similarity, but 

they still face key challenges. Their heavy reliance on pretrained lan-

guage models introduces potential biases, and their outputs are not 

always intuitively interpretable. Furthermore, these metrics often re-

quire significant computational resources, making large-scale or real-

time evaluations less feasible. This raises concerns about the trade-off 

between evaluation quality and efficiency, especially in production 

environments where rapid feedback is essential.

Looking ahead, we anticipate a shift towards hybrid evaluation 

frameworks that integrate lexical overlap, semantic understanding, and 

pragmatic elements (e.g., factual accuracy, coherence, and utility). 

These frameworks should aim for explainability, enabling developers 

and users to understand why a given summary is evaluated as good or 

poor. Additionally, there is increasing interest in self-supervised evalu-

ation metrics that do not require reference summaries and instead learn 

to model human preferences or factual correctness directly.

Recent developments also aim to overcome the context length lim-

itations of LLMs, which remain a bottleneck for long-document sum-

marization. Approaches such as LongLLMLingua [119] leverage prompt 

compression to accelerate and enhance LLMs in long-context scenarios, 

while RAG pipelines combine external document retrieval with gener-

ative models to improve both relevance and factual grounding. These 

innovations reflect the ongoing evolution of summarization systems and 

their growing adaptability to real-world constraints.

Beyond metric development, emerging trends in summarization 

point toward disruptive techniques such as instruction tuning and 

prompting, which allow LLMs like GPT-3.5-turbo to generate summaries 

with minimal fine-tuning. Similarly, multimodal summarization, which 

combines textual input with images, video, or audio, offers rich potential 

for domains like education and journalism. Another promising direc-

tion is the integration of human-in-the-loop systems, where users can 

guide or correct summaries during generation, enhancing both quality 

and trust.

While this review primarily focuses on textual long-document sum-

marization, we acknowledge the growing interest in multimodal LDS, 

especially in handling complex structured documents such as image-text 

layouts, web pages, and richly formatted PDFs. Although our system-

atic review identified limited coverage of this direction, most notably, 

the LoRaLay dataset, which introduces a multilingual and multimodal 

benchmark for layout-aware summarization, this remains an underex-

plored area in current literature. Summarization of structured content 

like tables and charts poses unique challenges related to spatial reason-

ing, information hierarchy, and modality fusion. We consider this an 

important avenue for future work and encourage more comprehensive 

reviews once the field matures further.

Future research must address the ethical and social dimensions of 

summarization. This includes developing metrics and techniques that 

are robust to bias, ensure factual reliability, and offer transparency in 

high-stakes contexts. Involving end-users in the evaluation process espe-

cially those impacted by automated decisions, can help center real-world 

utility, accessibility, and fairness in summarization research.

4.6. Integrated outlook and final remarks

The period between 2022 and 2024 has marked a turning point 

in the evolution of long-document summarization, with significant ad-

vancements in both modeling techniques and evaluation strategies. The 

emergence of hybrid summarization models, combining extractive and

abstractive approaches with optimization algorithms and deep learning 

architectures, has enabled the generation of more coherent, contextu-

ally aware, and semantically rich summaries. At the same time, the rise 

of semantic evaluation metrics, such as BERTScore and MoverScore, has 

provided a more nuanced assessment of summary quality, addressing 

some of the limitations of traditional n-gram overlap metrics.

However, these developments remain constrained by persistent chal-

lenges: the inability to process very long contexts efficiently, the preva-

lence of hallucinations, the lack of interpretability, and the misalignment 

between automatic metrics and human judgment. Addressing these 

issues requires not only technical innovation, but also a shift in evalua-

tion philosophy, one that prioritizes semantic fidelity, human-centered 

assessments, and domain adaptability.

Moving forward, we foresee a co-evolution between summarization 

models and evaluation metrics, where improvements in one domain ne-

cessitate advancements in the other. This includes the development of ef-

ficient and transparent models capable of handling complex documents, 

as well as metrics that better capture factual accuracy, coherence, and 

practical utility. Moreover, new paradigms, such as instruction-tuned 

LLMs, multimodal summarization, and human-in-the-loop frameworks, 

are expected to reshape the landscape, bringing summarization systems 

closer to real-world applicability.

Ultimately, the future of summarization lies in bridging the gap be-

tween algorithmic sophistication and human needs. Emphasizing ethical 

design, computational efficiency, and contextual relevance will be key 

to building robust summarization systems that are not only technically 

sound, but also socially responsible and truly useful in diverse domains.

5. Conclusion

The study highlights that hybrid models, which blend extractive 

and abstractive techniques, have emerged as the dominant approach in 

long document summarization. These models often leverage optimiza-

tion algorithms such as Firefly and Ant Colony Optimization alongside 

advanced deep learning architectures like BERT, Longformer, and Graph 

Neural Networks to enhance the informativeness, coherence, and diver-

sity of summaries. In domain-specific contexts like law and medicine, 

specialized models such as LegalBERT and BioBERT underscore the 

value of tailored solutions.

In terms of evaluation, there has been a noticeable shift from tradi-

tional surface-level n-gram metrics like ROUGE and BLEU toward more 

semantically aware measures, including BERTScore and MoverScore. 

While these newer metrics offer improved meaning alignment, they also 

introduce challenges related to interpretability, bias, and computational 

demands. Complementary tools such as Flesch-Kincaid scores and hu-

man evaluations continue to be essential for assessing readability and 

factual accuracy.

Recent advancements in deep learning have further shaped the field, 

with innovations such as models capable of handling longer contexts, 

instruction-tuned large language models like FLAN-T5 and GPT-3.5, and 

RAG frameworks. Reinforcement learning and human-in-the-loop strate-

gies have also played a critical role in boosting the reliability and factual 

grounding of generated summaries.

Nonetheless, persistent challenges remain, particularly in the evalua-

tion process. Traditional metrics often overlook issues like hallucinations 

or semantic drift, while more advanced approaches bring their own 

trade-offs in transparency and efficiency. As a result, there is grow-

ing interest in multi-dimensional evaluation frameworks that balance 

semantic similarity, readability, factual consistency, and user-centered 

perspectives.

While the field has made significant progress, this review is con-

strained by its focus on English-language and indexed sources. Future 

work should prioritize the development of interpretable, efficient evalu-

ation techniques, especially for specialized domains. Equally important 

is the integration of ethical safeguards, mechanisms for bias detection,
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and avenues for user participation to ensure that LDS systems are not 

only effective, but also fair and socially responsible.
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