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Text summarization research has undergone several significant transformations with the advent of deep
neural networks, pre-trained language models (PLMs), and recent large language models (LLMs). This survey
thus provides a comprehensive review of the research progress and evolution in text summarization through
the lens of these paradigm shifts. It is organized into two main parts: (1) a detailed overview of datasets,
evaluation metrics, and summarization methods before the LLM era, encompassing traditional statistical
methods, deep learning approaches, and PLM fine-tuning techniques, and (2) the first detailed examination
of recent advancements in benchmarking, modeling, and evaluating summarization in the LLM era. By
synthesizing existing literature and presenting a cohesive overview, this survey also discusses research trends,
open challenges, and proposes promising research directions in summarization, aiming to guide researchers
through the evolving landscape of summarization research.
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1 Introduction

Text summarization is one of the most critical and challenging tasks in Natural Language Pro-
cessing (NLP). It is defined as the process of distilling the most important information from a
source (or sources) to produce an abridged version for a particular user (or users) and task (or
tasks) [139]. With the explosion in the amount of textual information available online since the
advent of the Internet, summarization research has garnered significant attention.
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Fig. 1. The evolution of the four major paradigms in text summarization research.

Early efforts in building automatic text summarization (ATS) systems date back to the
1950s [134]. Subsequently, unsupervised feature-based systems emerged with advances in statis-
tical machine learning during the 1990s and early 2000s [20, 53, 143]. In the 2010s, the focus of
summarization research shifted toward training deep learning frameworks in a supervised man-
ner, leveraging the availability of large-scale training data [28, 150, 153, 181]. More recently, the
advent of self-supervised pre-trained language models (PLMs) such as Bidirectional Encoder
Representations from Transformers (BERT) [43] and T5 [170] has significantly enhanced
summarization performance through the ‘pre-train, then fine-tune’ pipeline [125, 131, 271]. This
progression culminates in the current era dominated by large language models (LLMs) [13, 157].
Looking back at the development history of summarization approaches, we can generally
categorize it into four stages based on the underlying paradigms: the statistical stage, the
deep learning stage, the PLM fine-tuning stage, and the current LLM stage, as illustrated in
Figure 1.

Recently, the emergence of LLMs has revolutionized both academic NLP research and industrial
products due to their remarkable ability to understand, analyze, and generate texts with vast
amounts of pre-trained knowledge. By leveraging extensive corpora of text data, LLMs can capture
complex linguistic patterns, semantic relationships, and contextual cues, enabling them to produce
high-quality summaries that rival those crafted by humans [261]. There is no doubt that LLMs have
propelled the field of summarization into a new era [157, 201, 203].

At the same time, many NLP researchers are experiencing an existential crisis triggered by the
astonishing success of LLM systems. Text summarization is definitely one of the most affected fields
in which researchers argue that summarization is (almost) dead [166]. After such a disruptive change
to our understanding of the summarization field, what is left to do? The ever-evolving landscape of
LLMs, characterized by the continual development of larger, more powerful models, poses both
opportunities and challenges for researchers and practitioners in the field of summarization.

This survey article aims to provide a comprehensive overview of the state-of-the-art summariza-
tion research endeavors in the new era of LLMs. We first categorize existing approaches and discuss
the problem formulation, evaluation metrics, and commonly used datasets. Next, we systematically
analyze representative text summarization methods prior to the LLM era, encompassing traditional
statistical methods, deep learning approaches, and PLM fine-tuning techniques. Furthermore, we
synthesize insights from recent summarization literature during the LLM era, discuss research
trends and open challenges, and propose promising research directions in summarization. This
survey seeks to foster a deeper understanding of the advancements, challenges, and future prospects
in leveraging LLMs for text summarization, ultimately contributing to the ongoing development
and refinement of NLP research.

1.1 Major Differences

Several surveys have been conducted to examine various aspects of summarization. Nevertheless,
existing surveys mostly focus on investigating traditional statistical approaches and deep learning-
based summarization approaches [15, 46, 52]. The scarcity of comprehensive up-to-date survey
studies and the lack of consensus continue to inhibit progress. With the significant paradigm shift
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initiated by PLMs and, more recently, LLMs, there is still a dearth of thorough investigations that
comprehensively encompass the continuous progress in the field of summarization in this new era.

For example, early survey papers [52, 146] provide a comprehensive survey of statistical and
deep learning-based ATS models, discussing their detailed taxonomy and applications. Following
this, Cajueiro et al. [15] and Wibawa et al. [218] provide literature reviews of the methods, data,
evaluation, and coding of ATS up to the advent of PLMs. In contrast to these surveys, our article
presents a more structured categorization of ATS methods based on paradigm shifts, offering a
clearer taxonomy that facilitates better organization, traceability, and understanding of the evolution
of summarization techniques.

Researchers have also produced surveys with a more specific focus. Survey paper [94] focuses
on the datasets, methods, and evaluation metrics of long documents such as academic articles and
business reports. Another work [175] focuses on graph neural network-based (GNN-based)
approaches to the task of ATS. Cao [16] conducts a survey on neural abstractive summarization
methods and explores the factual consistency of the abstractive summarization systems.

Considering the rapid advancement of summarization approaches and the disruptive change
introduced by LLMs, we believe it is imperative to review the details of representative methods
both before and during the LLM era, analyze the uniqueness of each method, and discuss open
challenges and prospective directions to facilitate the further advancement of the field.

1.2 Organization

This survey is organized as follows: Section 2 provides the background of text summarization,
including categorizations of approaches, problem formulation, evaluation metrics, and common
datasets. Section 3 reviews prominent summarization methods before the era of LLMs, encompassing
statistical approaches, deep learning-based approaches, and PLM fine-tuning approaches. Section 4
explores recent advancements in benchmarking LLMs for summarization (Section 4.1), developing
LLM-based summarization systems (Section 4.2), and evaluating summaries with LLMs (Section 4.3).
Finally, Section 5 discusses open problems and future research directions in summarization.

2 Background
2.1 Categorization

Text summarization is the task of creating a short, accurate, and fluent summary of a longer
text document. It finds applications across various domains such as news aggregation, document
summarization, social media analysis, and more. Its primary goal is to help users quickly grasp
the main points of a document or a piece of content without having to read through the entire
text. However, text summarization faces challenges such as maintaining coherence and preserving
important details, dealing with various types of content, and ensuring the summary is both accurate
and concise. As depicted in Figure 2, text summarization approaches can be classified into various
groups depending on the format of the input document, the style of the summary output, and the
underlying paradigm.

2.1.1 Input: Single-Document vs. Multi-Document vs. Query-Focused. Common text summa-
rization approaches can be categorized based on the format of the input source document into
single-document summarization (SDS), multi-document summarization (MDS), and query-
focused summarization (QFS). SDS summarizes a single article [131], while MDS takes a cluster
of documents, typically on the same topic, as input [54]. QFS, on the other hand, aims to generate a
summary that specifically addresses an input query, such as a topic, keywords, or an entity [6, 272].
Additionally, some summarization tasks involve multilingual inputs (e.g., translating from Chinese
to English) [72] and multimodal inputs (e.g., combining text and images) [83, 117].
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Fig. 2. Categorization of summarization approaches based on input formats and output styles.

2.1.2  Output: Extractive vs. Abstractive vs. Hybrid. Text summarization approaches can also be
classified into extractive, abstractive, and hybrid methods based on how the output summary is
generated. Extractive methods create summaries by extracting sentences from the original docu-
ments [131]. Abstractive methods generate the summary word by word with novel content [107].
Hybrid methods combine both extraction and abstraction techniques [49].

Specifically, extractive summarization systems aim to identify and select significant text spans
and sentences from the original document to form the summary. These summaries are inherently
faithful, fluent, and accurate, but they may suffer from issues such as redundancy and incoherence.
Statistical and deep learning-based summarization systems [53, 143, 150] are mostly extractive and
typically frame extractive summarization as a sequence labeling and ranking problem to identify
the most salient sentences.

Abstractive summarization systems, in contrast, generate summaries from scratch, similar to
how humans write summaries. These systems produce more flexible and concise summaries but
may encounter problems like hallucination and unfaithfulness. Abstractive summarization is
often formulated as a sequence-to-sequence (seq2seq) problem [195] and utilizes encoder-decoder
frameworks [107, 258] or autoregressive language models as in [13].

Hybrid summarization approaches attempt to combine the strengths of both extractive and
abstractive methods to achieve more balanced results [49, 254]. These systems typically extract key
information from the source document first and then use this extracted information to guide the
abstractive summary generation process.

2.1.3  Backbone Paradigm: Statistical vs. Deep Learning vs. PLM Fine-Tuning vs. LLM. As previously
mentioned, the development of text summarization can be categorized into four major stages based
on the underlying paradigms: the statistical stage, the deep learning stage, the PLM fine-tuning
stage, and the current LLM stage.

Statistical Stage features unsupervised methods for summarization, including heuristic-based
approaches [20], optimization-based approaches [116, 142], and graph-based approaches [53, 143].
Hand-crafted features and frequency-based features like the term frequency-inverse document
frequency (TF-IDF) are commonly used [51].

Deep Learning Stage approaches rely on domain-specific training data in the form of source
document-summary pairs to train neural networks in a supervised manner [28, 150, 153, 181].
Word embedding techniques [144, 161] are also commonly used. During this stage, researchers
introduced various training corpora to advance summarization development [73, 152, 176].

PLM Fine-tuning Stage: This stage relies on advances in large-scale, self-supervised PLMs [107,
123]. The introduction of BERT [43] marks the beginning of this stage, resulting in significant
performance improvements. Pre-training with large amounts of text data equips PLMs with language
patterns and parametric knowledge, which are important for document comprehension and text
generation, thus benefiting downstream tasks. This stage features a ‘pre-train, then fine-tune’
pipeline that fine-tunes PLMs on task-specific data to further improve performance on downstream
tasks [131].
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LLM Stage: Most recently, advances in LLMs have reshaped summarization research. The strong
understanding and instruction-following capabilities of these models have enabled the development
of zero-shot and few-shot summarization systems, bringing new opportunities in this emerging
era [13, 216]. The beginning of this stage is marked by the introduction of Generative Pre-trained
Transformer 3 (GPT-3) [13] by OpenAl, with a model size of 175 billion parameters and strong
few-shot capabilities.

2.2 Evaluation Metrics

Early research focuses on evaluating the quality of summaries using human judges [41, 139, 156].
Since manually evaluating generated summaries is both costly and impractical, researchers have
developed automatic metrics instead. Generally, the overall quality of a summary is evaluated along
four dimensions: coherence, consistency, fluency, and relevance [273]. Recently, Fabbri et al. [55]
conduct a comprehensive meta-evaluation of common automatic evaluation metrics, incorporating
crowd-sourced human annotations.

2.2.1 Similarity-Based Summary Evaluation. Existing summary evaluation metrics primarily rely
on the similarity between the generated summary and a reference gold summary (human-written)
as the main criterion.

ROUGE F-scores [115] have long been the standard way to evaluate summarization model
performance. They measure the n-gram lexical overlap between the reference and candidate
summaries. Specifically, ROUGE-1 and ROUGE-2 scores refer to unigram and bigram overlap,
respectively, indicating summary informativeness. The ROUGE-L score, which refers to the longest
common sequence, indicates summary fluency. However, since ROUGE is based on exact n-gram
matches, it ignores overlaps between synonymous phrases and penalizes models that generate
novel wordings and phrases.

Researchers have also explored contextualized embedding-based similarity metrics to evaluate
summary quality, such as BERTScore [260], MoverScore [268], and Sentence Mover’s Similarity [38].
These metrics heavily depend on the pre-trained encoder to vectorize the candidate and ground
truth summaries, potentially introducing inherent biases and suffering from low interpretability.

On the other hand, Belz and Gatt [9] argue that this similarity reflects human-likeness’ and may
be unrelated to the final performance on generation tasks. BartScore [248] then conceptualizes the
evaluation of generated text as a text generation problem. It argues that models trained to convert
the generated text to/from a reference output or the source text will achieve higher scores when
the generated text is better. Meanwhile, researchers are also exploring reference-free automatic
evaluation metrics such as SummaQA [179], BLANC [205], and SUPERT [62].

Despite these advances, evaluation methodologies still lack comprehensive assessments across
different domains. For example, news summarization relies on general coherence and informative-
ness, whereas clinical and scientific summarization requires factual precision and citation accuracy.
A recent study also proposed a new benchmark to study the domain generalization capability of
summarization systems [247]. Addressing these gaps, recent studies advocate for multi-dimensional
evaluation frameworks that combine lexical, semantic, and factuality assessments tailored to the
specific needs of different application areas.

2.2.2  Factual Consistency. The factual consistency of generated summaries is crucial for their
real-world applications [98, 141, 249]. Researchers have delved into metrics to automatically evaluate
summary faithfulness based on text entailment or question answering (QA).

The text entailment-based approach evaluates factual inconsistency by verifying the summary
against the original document. FactCC [98] is a weakly supervised BERT-based model metric that
uses rule-based transformations applied to source document sentences. DAE [68] decomposes
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entailment at the level of dependency arcs, examining the semantic relationships within the
generated output and input. SummaC [100] segments documents into sentence units and aggregates
scores between pairs of sentences.

QA-based metrics, on the other hand, employ a question-generation model to generate questions
from a given summary and evaluate factual consistency by the extent to which the summary
provides sufficient information to answer these questions. FEQA [50] and QAGS [210] measure
summary factual consistency by determining how well a summary answers questions posed on its
corresponding source document. Questeval [180] unifies precision and recall-based QA metrics,
measuring summary factual consistency by assessing how many generated questions can be
answered by the summary.

2.2.3 Coherence and Redundancy. SNaC [67] is a narrative coherence evaluation framework
rooted in fine-grained annotations, specifically designed for long summaries. Peyrard et al. [162]
propose measuring the redundancy extent of a summary using its unique n-gram ratio, which is
the percentage of unique n-grams. Xiao and Carenini [227] introduce another metric to measure
summary redundancy as the inverse of a diversity metric with length normalization, where diversity
is defined as the entropy of unigrams in the document. However, coherence and redundancy are
particularly challenging in LLM-generated summaries, as these models tend to introduce subtle
inconsistencies while maintaining high fluency.

Comparing all the evaluation metrics, ROUGE remains a widely used metric due to its simplicity,
interpretability, and alignment with traditional extractive summarization, but it struggles with
capturing paraphrases, semantic equivalence, and factual accuracy, making it less effective for
evaluating abstractive and LLM-based summarization. Embedding-based metrics such as BERTScore
and MoverScore address some of these limitations by leveraging contextual representations, yet
they introduce potential biases from pre-trained models and often lack transparency. Entailment-
based metrics like FactCC and SummaC provide a structured way to assess factual consistency,
but they are sensitive to noise in training data and may misclassify factually correct yet novel
information as incorrect. QA-based methods, including FEQA and Questeval, offer a more interactive
evaluation by verifying whether summaries contain sufficient information to answer generated
questions; however, their effectiveness depends on the quality of the QA models, which can
introduce propagation errors. Given these tradeoffs, recent research advocates for hybrid evaluation
frameworks that integrate lexical overlap, semantic similarity, factual consistency, and domain-
specific criteria to provide a more holistic assessment of summarization quality, particularly in the
era of LLMs.

2.3 Summarization Datasets

The availability of public datasets for text summarization has been a major driving force behind
the rapid advancement in recent years. These datasets vary across multiple dimensions, including
domain, formats, size, and the number of gold summaries they provide. Here, we summarize the
characteristics of these datasets and provide an overview in Table 1, which includes details such as
the standard train-validation-test split, language, domain, summary format, and URL links. Our
primary focus is on datasets containing summaries of texts written in English.

2.3.1 Short News Summarization Dataset. CNN/DM [73] is the most widely-used dataset
for summarization. It contains news articles and associated highlights as summaries written by
journalists from CNN and the DailyMail. The original dataset is created for machine comprehension
and adapted for summarization by [149]. XSum [152] is a dataset consisting of one-sentence
summaries derived from online articles published by BBC. However, it has been noted that some
summaries in the XSum dataset suffer from low faithfulness, and contain information that cannot
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Table 1. Overview of Common Text Summarization Datasets

Dataset Size Language Domain Format | Source | Link
CNN/DM 287,084/13,367/11, 489 English News SDS [73] url
XSum 203,028/11,273/11, 332 English News SDS [152] url
NYT 137,778/17,222/7,223 English News SDS [176] url
NEWSROOM | 995,041/108,837/108,862 | English News SDS | [69] | url
Gigaword 3,803,957/189,651/1,951 English News SDS [174] url
CCSUM 1,349,911/10,000/10, 000 English News SDS [85] url
WikiHow 168,126/6,000/6, 000 English | Knowledge Base | SDS [96] url
Reddit 41,675/645/645 English Social Media SDS [90] url
SAMSum 14,732/818/819 English Dialogue SDS [65] url
MediaSum 463,596 English Dialogue SDS [278] | wurl
AESLC 14,436/1,960/1, 906 English Email SDS | [259] | url
ArXiv 201,427/6,431/6,436 English | Scientific Paper SDS [39] url
PubMed 112,291/6,402/6, 449 English | Scientific Paper SDS [39] url
BIGPATENT 1,207,222/67,068/67,072 English Patent SDS [186] url
BillSum 18,949/1,237/3, 269 English Bill SDS [95] url
FINDSum 42,250 English Report SDS [122] | url
DUC 05/06/07 50 X 32/25/10 English News MDS | [159] | url
MultiNews 44,972/5,622/5, 622 English News MDS [54] url
WikiSum 1.5m/38k/38k English Wikipedia MDS [121] | wrl
WCEP 8,158/1,020/1,022 English Wikipedia MDS [64] url
Multi-XScience 30,369/5,066/5, 093 English | Scientific Paper | MDS [133] | wrl
Yelp 1,038,184/129,856/129,840 | English Review MDS [36] url
QMSum 1,257/272/279 English Meeting QFS [272] url
NewTS 4800/—-/1200 English News QFS [6] url
TD-QFS 3,400 English Medical QFS [7] url
XL-Sum 1,005, 292 Multiple News SDS [72] url

be directly inferred from the source document [141]. NYT [176] contains news articles with
abstractive summaries from the New York Times. Input documents are commonly truncated to
768 tokens following [263]. NEWSROOM [69] is a large dataset containing article-summary
pairs written by authors and editors in the newsrooms of 38 major publications between 1998
and 2017. Gigaword [174] contains around 4 million headline-article pairs extracted from news
articles (seven publishers) from the Gigaword corpus. CCSUM [85] is a more recent news
summary dataset that contains 1.3 million high-quality recent training news articles, filtered from
CommonCrawl News articles. XL-Sum [72] is a comprehensive and diverse dataset comprising 1
million professionally annotated article-summary pairs from BBC. The dataset covers 44 languages
and is highly abstractive, concise, and of high quality.

2.3.2  Other Domains Short Summarization Dataset. WikiHow [96] is a diverse dataset extracted
from online knowledge base. Each article consists of a number of steps, and the gold-standard
summary for each document is the concatenation of bold statements. Reddit [90] contains 120K
posts of informal stories from the TIFU online discussion forum subreddit. The summaries are
highly abstractive and informal. SAMSum [65] consists of approximately 16,000 single-document,
text message-like dialogues. These documents are created by linguists fluent in English and cover a
broad spectrum of formality levels and discussion topics. AESLC [259] is an email domain dataset
for the task of automatically generating an email subject line from the email body.

2.3.3 Long Document Summarization Dataset. PubMed and arXiv [39] are two widely-used
long document datasets of scientific publications from arXiv.org and PubMed. The task is to generate
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the abstract of the paper from the body content. BIGPATENT [186] consists of 1.3 million US
patents along with human summaries under nine patent classification categories. BillSum [95]
contains 23k US Congressional and California state bills and human-written reference summaries
from the 103rd-115th (1993-2018) sessions of Congress. FINDSum [122] is a new large-scale
dataset for long text and multi-table summarization built on 21, 125 annual reports from 3,794
companies.

2.3.4  Multi-Document Summarization Dataset. DUC [159] presents an overview of the datasets
provided by the Document Understanding Conferences (DUC). The DUC datasets from 2005
to 2007 include MDS datasets in the news domain, with 10-30 documents and 3-4 human-written
summaries per cluster. MultiNews [54] is a large-scale multi-document news summarization
dataset from the newser.com website with human-written summaries. Each summary is profes-
sionally written by editors, and the dataset covers diverse news sources. WikiSum [121] is a
MDS dataset where each summary is a Wikipedia article and the source documents are either
citations in the reference section or the web search results of section titles. WCEP [64] is built
based on news events from Wikipedia Current Events Portal (WCEP) and similar articles in
the CommonCrawl News dataset. It features high alignment with several real-world industrial use
cases and has 235 articles per cluster on average. Multi-XScience [133] is a MDS dataset created
from scientific articles. The summaries are paragraphs of the related work section, while source
documents include the abstracts of the query and referred papers. Yelp [36] is a customer review
dataset created from the Yelp Dataset Challenge. The task is to summarize multiple reviews of a
business.

2.3.5 Query-Focused Summarization Dataset. QMSum [272] is a meeting summarization dataset
that consists of 1,808 query-summary pairs over 232 meetings in multiple domains. The dataset also
contains the main topics of each meeting and the ranges of relevant text spans for the annotated
topics and each query. NewTS [6] is an aspect-focused summarization dataset derived from the
CNN/DM dataset and contains two summaries focusing on different topics for the same news. TD-
QFS [7] is centered on medical texts and comprises short keyword queries across 4 clusters, each
containing 185 documents. The clusters in TD-QFS exhibit lower topical concentration, featuring
larger quantities of query-irrelevant information.

3 Summarization Methods Prior to LLMs

Before delving into the new opportunities enabled by recent advancements in LLMs, this section
reviews the significant progress previously achieved in summarization by investigating represen-
tative summarization methods and algorithms, as outlined in the overview taxonomy shown in
Figure 3. This comprehensive discussion encompasses the three major summarization paradigms
prior to LLMs: statistical methods (Section 3.1), deep learning-based approaches (Section 3.2), and
PLM-based fine-tuning approaches (Section 3.3). The details, including method category, backbone,
and datasets of these representative methods, are summarized in Table 2.

3.1 Statistical Summarization Methods

In the early stages of text summarization systems, research primarily focuses on extractive summa-
rization and relies on traditional statistical approaches to automatically create summaries. These
systems mostly use frequency-based features such as TF-IDF and hand-crafted features [51] to model
text data. Representative methods from this stage include heuristic-based methods, optimization-
based methods, and graph-based ranking methods.
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Fig. 3. Taxonomy of representative summarization methods prior to LLMs.

3.1.1 Heuristic-Based Methods. One of the earliest summarization approaches is by Luhn [134].
This method hypothesizes that the importance of sentences can be measured by the frequency of
specific content words (keywords). It scores sentences based on importance and then extracts the
high-scoring ones to generate literature abstracts.

Edmundson [51] later proposes modeling sentences based on a combination of handcrafted
features, including word frequency within the article, sentence position, the number of words in
the article title or section headings, and the frequency of cue words (keywords). A simple linear
summation is then applied to score and rank the sentences.

Maximal Marginal Relevance (MMR) [20] strives to reduce redundancy while maintaining
query relevance in selecting sentences for extractive summarization. It employs a greedy approach
to combine sentence relevance with information novelty.

3.1.2 Optimization-Based Methods. The sentence selection problem in extractive summarization
has been formulated as a constrained optimization problem to obtain a globally optimal set of
sentences. Summary sentences are selected to maximize the coverage of important source content
while minimizing redundancy and adhering to a length constraint. Text summarization has been
formalized as various optimization problems, such as the maximum coverage problem [196] and
the tree knapsack problem [74], and addressed with optimization methods including integer
linear programming (ILP) [142], determinantal point process (DPP) [32, 99], and submodular
functions [116].

3.1.3 Graph-Based Methods. LexRank [53] and TextRank [143] are two seminal works that intro-
duce the concept of representing documents as graphs and formulating extractive summarization
as identifying the most central nodes in a graph, inspired by the PageRank algorithm [12]. The
underlying premise is that the centrality of a node in the graph can serve as an approximation of
the significance of its corresponding sentence within the document.

More recently, PACSUM [269] revisited the TextRank algorithm and proposed constructing
graphs with directed edges. They argue that the relative position of nodes in a document influences
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Table 2. Overview of Representative Summarization Methods before LLMs
Paradigm | Category Backbone Year Method Datasets
UnSup. Ext. Heuristic 1998 MMR [20] TIPSTER topic
UnSup. Ext. Graph 2004 TextRank [143] Inspec
UnSup. Ext. Graph 2004 LexRank [53] DUC 03/04
Statistical | UnSup. Ext. | Optimization | 2007 ILP [142] DUC 02/05
UnSup. Ext. | Optimization | 2011 | Submodular [116] | DUC 03-07
UnSup. Ext. | Optimization | 2012 DPP [99] DUC 03/04
UnSup. Ext. Graph 2019 PACSUM [269] CNNDM, NTY, TTNEWS
Sup. Ext. CNN,LSTM 2016 NN-SE [28] CNNDM, DUC2002
Sup. Ext. RNN 2017 | SummaRuNNer [150] | CNNDM, DUC2002
Sup. Abs. | Pointer network | 2017 PTGEN [181] CNNDM
Sup. Ext. GNN 2017 GCN [244] DUC
Sup. Abs. CNN 2018 | T-CONVS2S [152] | CNNDM, XSUM
DL Sup. Hybrid LSTM 2018 BottomUp [63] CNNDM, NYT
Sup. Ext. GRU 2018 NEUSUM [275] CNNDM
RL Ext. RL 2018 | REFRESH [153] | CNNDM
RL Ext. RL 2018 | Intra-attention [160] | CNNDM, NYT
Sup. Ext. LSTM 2019 |  ExtSum-LG [226] PubMed, ArXiv
Sup. Ext. GNN 2020 HSG [211] CNNDM, NYT, MultiNews
Sup. Ext. GNN 2022 HEGEL [251] arXiv, PubMed
Sup. Ext. Diffusion 2023 DiffuSum [253] CNNDM, XSUM, PubMed
Sup. Abs. Transformer | 2019 HT [130] WikiSum
Sup. Ext. Transformer 2019 HIBERT [263] CNNDM, NYT
Sup. Abs. Transformer | 2019 MASS [190] CNNDM, XSUM, Gigaword
Sup. Ext. BERT 2019 | BERTSUMEXT [131] | CNNDM, NTY, XSUM
Sup. Abs. BERT 2019 | BERTSUMABS [131] | CNNDM, NTY, XSUM
Sup. Abs. Transformer | 2019 UniLM [44] CNNDM, Gigaword
Sup. Abs. Transformer | 2019 BART [107] CNNDM, XSUM
Sup. Abs. Transformer 2019 T5 [170] CNNDM
PLM Sup. Ext. Graph, BERT | 2020 DiscoBERT [231] CNNDM, NYT
Sup. Ext. BERT 2020 | MATCHSUM [271] | CNNDM, XSUM, etc.
Sup. Abs. Transformer 2020 PEGASUS [258] CNNDM, XSUM, etc.
Sup. Abs. Transformer | 2020 ProphetNet [167] CNNDM, Gigaword
Sup. Abs. Transformer 2020 LED [38] arXiv
Sup. Abs. BART 2021 SimCLS [132] CNNDM, XSUM
Sup. Hybrid | BERT, BART | 2021 GSUM [49] CNNDM, XSUM, etc.
Sup. Abs. BART 2021 CLIFF [18] CNN/DM, XSUM
Sup. Abs. BART 2022 BRIO [125] CNNDM, XSUM, NYT
Sup. Abs. LED 2022 PRIMERA [225] WikiSum, arXiv, etc.

Unsup. stands for unsupervised, Sup. stands for supervised, Ext. stands for extractive,

Abs. stands for abstractive.

the contribution of any two nodes to their centrality. Additionally, PACSUM integrates neural
representations to improve sentence similarity computation.

3.2 Deep Learning Summarization 