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Abstract

Argument summarization seeks to generate
concise representations of argumentative con-
tent while preserving argumentative meaning,
yet the field remains conceptually fragmented.
In this survey, we provide a unified task defi-
nition of argument summarization that encom-
passes both argumentative text summarization
and key point analysis, and introduce a tax-
onomy along input structure, output represen-
tation, and the role of argumentative structure.
Using this framework, we analyze the evolution
of the field and systematically review existing
datasets, methods, and evaluation practices, re-
vealing misalignment that hinders comparabil-
ity and progress. We further situate argument
summarization within the broader context of
generic text summarization, identifying practi-
cal limitations and intrinsic challenges. Finally,
we outline promising future research directions.

1 Introduction

Argument summarization aims to generate concise
representations of argumentative content while pre-
serving its underlying argumentative meaning. Hu-
mans routinely summarize debates, legal opinions,
scientific controversies, and online discussions by
abstracting central claims, grouping supporting and
opposing reasons, and making relations between
viewpoints explicit. Replicating this ability com-
putationally has therefore attracted interest at the
intersection of text summarization, computational
argumentation, and natural language generation.

However, argument summarization has emerged
as a fragmented research area. The same term has
been used to describe different problem formula-
tions, input assumptions, output representations,
evaluation practices (Bar-Haim et al., 2020a; Li
et al., 2025; Tang et al., 2026). Thus, findings are
difficult to compare across studies, modeling deci-
sions are often insufficiently justified, and reported
improvements may reflect properties of particular

tasks or evaluation settings rather than genuine ad-
vances in summarizing argumentative structure.

A key source of fragmentation is that argument
summarization encompasses at least two tasks. The
first, which we refer to as Argumentative Text Sum-
marization (ATS) (Li et al., 2025), summarizes a
single argumentative or semi-argumentative doc-
ument (e.g. a legal decision, editorial, discussion
thread) into a coherent summary that captures both
content and argumentative flow. Here, the input is
an internally coherent discourse with an implicit
or explicit argument structure, and the output is
typically a free-form abstractive summary that re-
flects this structure. The second originates from
Key Point Analysis (KPA) (Bar-Haim et al., 2020a)
and takes as input multiple independent arguments,
often short user-generated statements, with the goal
to produce a set of key points representing the main
perspectives in the argument set, along with links
mapping arguments to the key points they support.
This setup is more closely aligned with compu-
tational argumentation, clustering, and semantic
matching than to traditional summarization.

We argue that many of the challenges in this
area stem from treating these different tasks as in-
terchangeable. Tasks with different assumptions
regarding inputs, outputs, and objectives are often
labeled as argument summarization (Li et al., 2025;
Altemeyer et al., 2025). Moreover, models are fre-
quently evaluated with metrics that are misaligned
with the task objectives, making results difficult to
interpret and giving a misleading view of progress.

However, at a broader level, these tasks share the
same goal: generating concise representations of
argumentative content while preserving argumen-
tative meaning. Building on this shared objective
while maintaining clear distinctions between task
formulations, we propose a unified definition of ar-
gument summarization and introduce a taxonomy
along three dimensions: input structure, output rep-
resentation, and the role of argumentative structure.

307



Under our unified definition and taxonomy,
we first examine the temporal evolution of the
field highlighting how task formulations, model-
ing paradigms, and research directions have de-
veloped over time. We then systematically review
methods, datasets, and evaluation metrics, show-
ing how their misalignments have led to fragmen-
tation, while also situating them within a unified
conceptual space. Finally, we position argument
summarization within the context of broader NLP
tasks, emphasizing its differences from generic text
summarization, the unique challenges posed by
argumentative structure, and future research oppor-
tunities.

Our contributions are: 1) We propose a unified
definition of argument summarization grounded
in the shared goal of producing concise represen-
tations of argumentative content, encompassing
ATS and KPA; 2) We introduce a three-dimensional
taxonomy of task formulations, covering input
structure, output representation, and the role of ar-
gumentative structure, that provides a principled
framework for analyzing and comparing existing
approaches for argument summarization; 3) We
trace the field’s temporal evolution across task
formulations and modeling paradigms; 4) We sys-
tematically analyze methods, data, and evalu-
ation metrics using the proposed taxonomy to
explain fragmentation and unify existing work;
5) We situate argument summarization within the
broader NLP landscape, highlighting key differ-
ences from generic text summarization, identifying
unique challenges, and outlining future directions.

2 Task Definition

Argumentative text summarization (ATS): ATS
aims to generate a concise and coherent summary
from a single argumentative or semi-argumentative
text, while preserving the argumentative structure.
The input is a continuous discourse with an internal
argument flow, and the output is a natural language
summary that preserves both the semantic content
and the argumentative structure of the input text.
Key point analysis (KPA): KPA frames argument
summarization as abstracting a set of independent
arguments into a small set of concise, representa-
tive key points, along with mappings from each ar-
gument to the supported key point(s). Unlike ATS,
which summarizes a single continuous argumen-
tative discourse, KPA operates on collections of
short, stand-alone arguments (e.g. user-generated

comments, debate posts, crowd-sourced opinions).
A unified definition: While the two definitions
differ, both aim to compress argumentative content
while preserving its argumentative meaning. There-
fore, in this paper, we provide a unified definition
for argument summarization: Argument summa-
rization refers to the task of generating concise
representations of argumentative content that pre-
serve its underlying argumentative meaning, where
the input may be a single argumentative discourse,
a set of independent arguments or other forms of
argumentative content, and the output may take the
form of a coherent textual summary, a set of key
points, or other structured representations.

Next, we introduce a taxonomy that highlights
the key dimensions along which existing argument
summarization approaches differ, providing a com-
mon framework for analyzing methods, datasets,
and evaluation practices.

3 A Unified Taxonomy for Argument
Summarization

Argument summarization research spans diverse
task formulations, modeling choices, output for-
mats, and evaluation practices, reflecting the vari-
ety of argumentative settings and applications, but
resulting in a fragmented research landscape. To
better understand and compare underlying assump-
tions about inputs, outputs, and evaluation, we pro-
pose a taxonomy that organizes argument summa-
rization along three orthogonal dimensions: input
structure, output representation, and the role of ar-
gumentative structure. These dimensions capture
the main design choices that distinguish task for-
mulations and help explain why methods, datasets,
and evaluation metrics are often misaligned.
Input Structure. Argument summarization sys-
tems vary in input type and coherence: Single ar-
gumentative documents (long texts, e.g., legal opin-
ions or editorials with internal argumentative flow),
Multi-turn discussions (online conversations, de-
bates where argumentation is distributed across
speakers); Independent short arguments (sets of
stand-alone comments or statements, typically in
KPA); Partially structured evidence sets (claim-
evidence pairs, annotated argument units). This
dimension captures the coherence, granularity, and
argument density of the input.
Output Representation. Systems vary in how they
represent summarized argumentative content: Ab-
stractive summaries (continuous natural-language
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summaries, common in ATS); Key points (short
propositions representing central perspectives, typ-
ically in KPA); Structured outputs (claim-reason
chains, issue-reason-conclusion frames, argument
graphs); Hybrid outputs (textual summaries with
argument roles or viewpoint structure). This dimen-
sion reflects how much argumentative information
is made explicit in the output, with direct implica-
tions for what aspects of argumentative meaning
are preserved and how summaries are evaluated.

Structure Role. Argumentative structure
may be incorporated differently during mod-
eling: Structure-agnostic (no argument infor-
mation is used, e.g., generic summarization);
Structure-aware (argument roles, stance, similarity,
or argument graphs are used as features or interme-
diate signals, but the final output does not encode
argument structure); Structure-preserving (systems
generate summaries that maintain the underlying
argumentative relations such as claim-reason links
and issue-reason-conclusion flow, and can be ex-
pressed in explicit structured form or as coherent
abstractive text). This dimension explains differ-
ences in methodology and the substantial variation
in evaluation across studies.

We use this taxonomy throughout the remainder
of the survey to organize methods, analyze datasets,
and examine evaluation practices, and to explain
how mismatches across these dimensions have con-
tributed to the perceived fragmentation of the field.

4 Survey Methodology

Literature was collected through searches in ACL
Anthology, Google Scholar, and Semantic Scholar,
supplemented by backward and forward citation
tracing from influential works in argument sum-
marization, key point analysis, argument mining,
and text summarization. We include studies whose
primary objective is the summarization of argu-
mentative content, including Argumentative Text
Summarization (ATS), Key Point Analysis (KPA),
and related datasets, methods, and evaluation ap-
proaches. We additionally include a limited num-
ber of representative text summarization studies
where necessary to contextualize argument sum-
marization within the broader NLP landscape and
to facilitate comparisons of datasets, methods, and
evaluation practices.

5 Temporal Evolution of Argument
Summarization

We trace the temporal evolution of argument sum-
marization research, highlighting shifts in task for-
mulations, modeling approaches, and evaluation
practices. Table 1 summarizes selected works, or-
ganized using our proposed taxonomy.

5.1 Key Point Analysis

KPA aims to condense a set of arguments into a
small set of concise summaries (i.e. key points).
Unlike document-centric summarization, KPA in-
puts are sets of independent arguments, an assump-
tion that has remained consistent across prior work.
Early work that later influenced KPA emerged from
research on argument similarity, clustering, and ab-
straction. These studies addressed related tasks
such as extracting salient elements from argumen-
tative discussions (Egan et al., 2016) and identi-
fying arguments expressing the same underlying
facet or perspective (Misra et al., 2016; Reimers
et al., 2019). Framing-based approaches further
organized arguments into non-overlapping frames
that capture shared viewpoints (Ajjour et al., 2019).
While these works did not define argument sum-
marization as a standalone task, they introduced
set-based representations and abstraction mecha-
nisms that later became central to KPA.

KPA was formally defined by Bar-Haim et al.
(2020a,b) and marked a conceptual shift by fixing
both the input structure (independent arguments)
and the output representation (a set of key points).
The KPA shared task at ArgMining 2021 (Friedman
et al., 2021) further standardized this formulation
by dividing it into two sub-tasks: key point gen-
eration (KPG) and key point matching (KPM). In
KPG, systems generate pro and con key points for
a given topic; in KPM, individual arguments are
matched to the key points they support. Building
on this formalization, a substantial body of work
emerged around the shared task. For KPG, both
extractive and abstractive methods were proposed:
Alshomary et al. (2021) developed an extractive
method to select the highest quality arguments as
key points candidates, followed by the computa-
tion of an importance score to select the final key
points, while Kapadnis et al. (2021) proposed an
abstractive method where key points candidates are
generated by a pre-trained language model (PLM)
from the concatenated arguments, and the final key
points are selected based on ROUGE scores. For
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Task Works Input Output Structure Role
multi-document abstrac-
tive summarization

Alshaina et al.
(2017)

multiple docu-
ments

abstractive summary based on
predicate argument structure

structure-aware

news editorials summa-
rization

Syed et al. (2020) news editorials extractive summary with sen-
tences from different evidence
types

structure-aware

text summarization using
formal argumentation

Sukprapa et al.
(2021)

argumentative text text summary based on argument
structure

structure-aware

abstractive conversation
summarization with argu-
ment mining

Fabbri et al.
(2021a)

online conversa-
tions

summary incorporating argument
graph

structure-aware

legal case summarization Xu et al. (2021) legal case deci-
sions

issue-reason-conclusion extrac-
tive summary

structure-
preserving

legal document summa-
rization

Elaraby and Lit-
man (2022)

legal documents summary that utilises argument
roles

structure-aware

extractive summary of on-
line discussions

Syed et al. (2023) online discussions extractive summaries grouped
into argumentative frames

structure-aware

abstractive summarization
of legal opinions

Elaraby et al.
(2023)

legal opinions argument-aware (issue, reason,
conclusion) abstractive summary

structure-
preserving

objective argument sum-
marization in search

Ziegenbein et al.
(2024)

website pages objective argument snippets structure-aware

argument summarization
using claim-evidence pairs

Li et al. (2025) claim-evidence
pairs

abstractive summary generated
from claim-evidence pairs

structure-
preserving

product review summa-
rization

Zhou et al. (2025) product reviews,
aspects, argumen-
tation schemes

aspect-based summary structure-aware

topic-level contrastive
opinion summarization

Shan and Lu
(2025)

online discussions contrastive opinion summary
based on argument relations

structure-aware

argument-aware conversa-
tion summarization

Tang et al. (2026) online conversa-
tions

claim-reason structured summary structure-
preserving

key point analysis (KPA) Bar-Haim et al.
(2020a); Gurjar
et al. (2025)

a set of arguments a set of key points structure-aware

Table 1: Representative works in argument summarization organized using the proposed taxonomy.

KPM, the task was formulated as a sentence-pair
classification problem (Reimer et al., 2021), a con-
trastive learning problem (Phan et al., 2021), and
an embedding space learning problem where the
matching argument-key points pairs are closer than
non-matching pairs (Alshomary et al., 2021). As
KPA was formalized in the pre-trained LM era,
most studies in this period used PLMs such as
RoBERTa (Liu et al., 2019).

With the success of large language models
(LLMs), KPA research has increasingly used them.
Tang et al. (2024a) used LLMs to review KPA to ex-
tract aspects and sentiments from comments, clus-
ter those with shared aspects and sentiments, and
generate key points for each cluster. Altemeyer
et al. (2025) provided a systematic analysis of
strategies for integrating LLMs into existing KPA
pipelines and examined their impact on evaluation.
While LLMs enable more flexible and abstractive
KPG, they do not fundamentally alter KPA’s core
assumptions: inputs remain independent arguments
and outputs remain sets of key points. Table 2 sum-
marizes representative KPA works.

5.2 Argumentative Text Summarization

ATS emerged within general text summarization.
Early works did not explicitly frame it as argument
summarization, but explored how argumentative
or discourse structure can improve summaries of
argumentative texts. Alshaina et al. (2017) used
predicate-argument structures for abstractive sum-
marization across multiple documents. Syed et al.
(2020) generated extractive summaries of news ed-
itorials using different evidential roles. In these
works, argumentative information acted as an aux-
iliary signal for general summarization.

Subsequent work shifted toward generating sum-
maries that more explicitly reflect the input’s ar-
gumentative content, though the term argument
summarization was not used. Fabbri et al. (2021a)
built graphs of issues, viewpoints, and assertions
to support abstractive conversation summarization.
Elaraby et al. (2023) proposed an argument-aware
abstractive summarization framework for legal
opinions structured around issues, reasons, and con-
clusions. These works move from structure-aware
modeling toward structure-preserving outputs, par-
ticularly in domain-specific settings.
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Work Category Method
Bar-Haim et al.
(2020b)

extractive KPG KP candidates are selected using heristics and a Quality Scorer, then a Match Scorer
and ranking algorithm are used to select the final KPs.

Alshomary et al.
(2021)

extractive KPG Arguments with high quality score are selected as KP candidate, then an important
score is computed to select the final KPs.

Kapadnis et al.
(2021)

abstractive KPG A pre-trained LM is used to generate KP candidates given the concatenated arguments,
ROUGE score is used to select the final KPs.

Li et al. (2023) abstractive KPG Arguments are clustered into different groups, and FLAN-T5 is then used to generate
KPs for each clusters.

Altemeyer et al.
(2025)

abstractive KPG LLM end-to-end summarization, an LLM is asked to generate KPs given the set of
arguments and topic.

Alshomary et al.
(2021)

KPM An embedding space is learnt where the matching argument-KP pairs are closer than
non-matching pairs.

Reimer et al. (2021) KPM Fine-tuned RoBERTa for sentence-pair classification for argument-KP pairs.
Phan et al. (2021) KPM Embeddings for argument and KP pairs are obtained using RoBERTa, then contrastive

learning is applied by grouping matching and non-matching arguments for the KP.
Tang et al. (2024a) KPA LLMs extract aspects and sentiment from comments, comments sharing same aspects

and sentiments are clustered, and KPs are generated for these clusters.

Table 2: Representative works for key point analysis.

More recently, ATS has been expanded through
dataset-driven task definitions. Li et al. (2024a)
proposed a dataset for end-to-end argument sum-
marization and evaluation, covering evidence de-
tection and ranking, argument summarization, and
summary quality evaluation, where summaries are
formed by selecting and organizing supporting evi-
dence into a narrative. Later, Li et al. (2025) framed
argument summarization as generating abstractive
summaries from claim-evidence pairs.

Unlike KPA, ATS lacks a single, stable task defi-
nition, with studies varying in input formats, output
representations, and interpretations of how argu-
mentative content should be preserved (see Table 1).
For instance, Li et al. (2025) framed argument
summarization as generating an abstractive sum-
mary from claim-evidence pairs, Ziegenbein et al.
(2024) produced objective argumentative snippets
for website pages, and Tang et al. (2026) generated
summaries that encode claim-reason structures in
online discussions. This heterogeneity has led to
diverse ATS formulations that are hard to compare
directly, contributing to the conceptual fragmenta-
tion of argument summarization research.

6 Datasets

Dataset development has been central in defining
and evaluating argument summarization. Without
a unified task formulation, existing datasets im-
plicitly encode different assumptions about inputs,
outputs, and argumentative content preservation.
Thus, examining these datasets helps explain the
divergence between ATS and KPA, and the sources
of fragmentation in the field. Table 3 shows repre-
sentative datasets for argument summarization.

Bar-Haim et al. (2020a) introduced ArgKP, the
first dataset for KPA, with arguments written by
crowdsource workers and key points by experts
given only the topic. Friedman et al. (2021) ex-
tended ArgKP and released ArgKP21 for the shared
task. Nearly all subsequent KPA works evaluate
their methods on ArgKP21. However, as noted
in Gurjar et al. (2025), ArgKP21 has several lim-
itations: the input arguments are short sentences,
independent from each other. To overcome these,
Gurjar et al. (2025) proposed ArgCMV where ar-
guments are multi-turn, long-context online de-
bates from Reddit ChangeMyView. Different from
ArgKP, ArgCMV used LLMs for annotation, fol-
lowed by human validation on a data subset. Other
datasets (e.g. Perspectrum (Chen et al., 2019)) can
be adapted for KPA, although not designed for it.
These datasets reflect the core KPA assumptions
of independent inputs and set-based abstraction,
corresponding to the input structure and output rep-
resentation dimensions of our taxonomy.

For ATS, the lack of a unified task definition led
to different input and output formats, making most
datasets domain- and format-specific. ConvoSumm
(Fabbri et al., 2021a) has four datasets of online
discussions across domains, with discussions as in-
puts and abstractive summaries as outputs created
using an issues-viewpoints-assertions framework.
WebisEditorialSum-2020 (Syed et al., 2020) has
extractive summaries with sentences from different
evidence types for news editorials. Li et al. (2024a)
proposed a multitask dataset for end-to-end argu-
ment summarization, with claim-evidence pairs as
inputs and abstractive summaries as outputs.

Many works rely on existing text summarization
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Dataset Domain Size Notes
DebateSum (Roush and
Balaji, 2020)

debate evidence 187,386 Each row contains an evidence, an extractive
summary of it, and an argument made with it.

OpenDebateEvidence
(Roush et al., 2024)

debate evidence 3.5M Contains evidence, extractive and abstractive
summary for them and metadata.

ConvoSumm (Fabbri
et al., 2021a)

online discussions contains 4 datasets abstractive summary created using issues-
viewpoints-assertions framework.

WebisEditorialSum-2020
(Syed et al., 2020)

news editorials 266 editorials (each has
5 summaries)

extractive summary that contains sentences from
different evidence types.

ArgKP (Bar-Haim et al.,
2020a)

controversial topics 28 topics, 378 key
points, 7000 arguments

foundation dataset for KPA, includes arguments,
key points and stance labels for each topic.

ArgKP21 (Friedman
et al., 2021)

same as ArgKP extend ArgKP by 3 top-
ics as test set

Used in 2021 KPA shared task.

ArgCMV (Gurjar et al.,
2025)

Reddit Change-
MyView

12K argument key point
pairs

a key point extraction dataset created using real
conversational threads.

Li et al. (2024a) controversial topics
from ArgKP

14K A multitask dataset for end-to-end argument
summarization and evaluation.

Table 3: Representative datasets for argument summarization.

Metric Category What it measures Used in
ROUGE textual over-

lap
N-gram overlap and longest common subsequence
similarity between model output and human sum-
maries.

DebateSum (Roush and Bal-
aji, 2020), ConvoSumm
(Fabbri et al., 2021a)

soft-precision, soft-
recall, soft-F1 (Li et al.,
2023)

semantic
similarity

Soft-Precision measures how many predicted key
points or argument units semantically match gold la-
bels; Soft-Recall measures how many gold units are
covered by predictions; Soft-F1 is the harmonic mean.

Altemeyer et al. (2025); Gur-
jar et al. (2025)

coverage score (Khosra-
vani et al., 2024)

semantic
similarity

The percentage of ground truth key points captured by
the model predictions.

Altemeyer et al. (2025)

LLM-based cover-
age and redundancy
(Altemeyer et al., 2025)

LLM as a
judge

Prompting an LLM to evaluate the coverage and re-
dundancy of the generated key points.

Altemeyer et al. (2025)

Table 4: Representative evaluation metrics for KPA.

or argument mining datasets, where argumentative
structures are only used to improve the summary.
Sukprapa et al. (2021) used the micro-text dataset
(Peldszus, 2015) to test whether formal argumenta-
tion can improve text summarization. Furthermore,
some datasets claim to support argument summa-
rization, but in our view, they do not meet the strict
definition of argument summarization we adopted
in this paper. For instance, DebateSum (Roush and
Balaji, 2020) is a dataset of debate evidence, where
each instance contains an evidence, its extractive
summary, and an associated argument. Although it
contains an input text (evidence) and a correspond-
ing summary, the evidence does not contain rich
argumentative structures and the extractive sum-
mary does not explicitly preserve the argumenta-
tive structure. OpenDebateEvidence (Roush et al.,
2024) suffers from the same limitation, although
the dataset contains evidence alongside extractive
and abstractive summaries, the evidence is not in-
herently argumentative and neither type of sum-
mary explicitly preserves argumentative structure.

Overall, argument summarization datasets are
narrow and inconsistently designed, limiting reuse

and hindering systematic comparison across works.

7 Evaluation Metrics

When evaluating argument summarization, KPA
and ATS have different goals. In KPA, generated
key points are compared with reference key points,
with evaluation focusing on two complementary
aspects: coverage, which measures how well the
generated key points capture the meaning of the ref-
erence key points, and redundancy, which measures
overlap among the generated key points. Generated
key points can be evaluated with ROUGE either
by concatenating generated key points and com-
paring them against concatenated reference key
points (Li et al., 2023) or by aligning each gen-
erated key point with its best-matching reference
key point and averaging the scores (van der Meer
et al., 2024). However, purely textual overlap met-
rics fail to capture semantic equivalence between
differently worded but equivalent key points, as
highlighted by Li et al. (2023). To address this
limitation, Li et al. (2023) introduced soft evalua-
tion metrics, including soft-precision, soft-recall,
and soft-F1. These metrics assess semantic simi-
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larity between predicted and reference key points,
typically using pre-trained scoring functions such
as BLEURT (Sellam et al., 2020) or BARTScore
(Yuan et al., 2021). Soft-precision measures the
proportion of generated key points that semanti-
cally match references, soft-recall measures how
much of the reference set is covered, and soft-F1
combines the two. Similarly, the coverage score
proposed by Khosravani et al. (2024) computes
the proportion of reference key points captured by
model predictions using semantic similarity match-
ing. More recently, Altemeyer et al. (2025) used
LLMs as judges to assess coverage and redundancy
directly. Overall, KPA evaluation has evolved from
surface-level overlap to semantic similarity and,
more recently, to LLM-based assessment, closely
mirroring trends in generic NLP evaluation. Table
4 shows representative evaluation metrics for KPA.

For ATS, as the summary aims to preserve both
semantic content and argumentative structure, the
evaluation metrics need to measure both semantic
and structural aspects. For example, Syed et al.
(2020) measured model’s summary by its adher-
ence to the editorial’s structure coverage of unique
summary segments. Tang et al. (2026) measured
the generated claim-reason structure of online con-
versations from multiple dimensions, including in-
formation quality, semantic quality, correctness,
coverage and convincingness. Their methods com-
bined automatic metrics, LLM and human evalua-
tion. However, many ATS studies continue to rely
primarily on textual overlap based metrics such
as ROUGE and semantic similarity metrics such
as BERTScore. For instance, although Elaraby
et al. (2023) proposed generating argument-aware
summaries structured around issues, reasons, and
conclusions, evaluation was limited to surface-level
semantic metrics, without explicitly measuring the
preservation of argumentative structure. As a re-
sult, systems that differ substantially in how well
they retain argumentative content may receive sim-
ilar evaluation scores. Overall, the evaluation of
ATS outputs, especially from the structural aspect,
remains challenging.

8 Argument Summarization in the
Broader NLP Landscape

Argument summarization lies at the intersection
of several major NLP research areas, most notably
generic text summarization. This section compares
generic and argument summarization by examin-

ing datasets, modeling approaches, and evaluation
practices, and highlighting the resulting gaps and
challenges specific to argument summarization.

8.1 Generic Text Summarization
Generic text summarization is a long-standing task
that has progressed alongside major advances in
NLP, evolving from statistical and fully supervised
machine learning methods (Luhn, 1958; Nallapati
et al., 2017) to PLMs (Liu and Lapata, 2019) and
LLMs (Wang et al., 2023; Fang et al., 2025). This
development has been driven by the rich datasets
for text summarization, including short summa-
rization datasets in news (Hermann et al., 2015)
and other domains (Gliwa et al., 2019), long doc-
ument (Sharma et al., 2019) and multi-document
(Over et al., 2007) summarization datasets, and
application-specific datasets such as meeting sum-
marization (Zhong et al., 2021) or aspect-based
summarization (Bahrainian et al., 2022). The suc-
cess of LLMs has advanced text summarization
research, enabling a wide range of methods such
as various prompting methods (Ravaut et al., 2023;
Wang et al., 2023), multi-agent methods (Fang
et al., 2025), alignment learning (Liu et al., 2023;
Song et al., 2025), and distillation (Jiang et al.,
2024), with applications covering domains such as
news (Wang et al., 2023), medical domain (Tang
et al., 2023), or scientific domain (Li et al., 2024b).

Evaluation has been widely studied with overlap-
based methods (ROUGE (Lin, 2004)), PLM-based
methods (similarity based methods: BERTScore
(Zhang et al., 2019), BARTScore (Yuan et al.,
2021)), NLI-based methods (Tang et al., 2024b),
and LLM-based methods (Song et al., 2024). Eval-
uation has covered multiple dimensions: faithful-
ness (Bhandari et al., 2020; Pagnoni et al., 2021;
Laban et al., 2023), coherence and relevance (Fab-
bri et al., 2021b), completeness and conciseness
(Lee et al., 2024). The granularity has shifted from
coarse-grained, summary level evaluation (Fabbri
et al., 2021b; Laban et al., 2023) to fine-grained,
sentence level evaluation (Lee et al., 2024).

8.2 Argument Summarization: Current
Limitations in Practice

Compared to generic text summarization, argument
summarization has substantially fewer datasets,
methods, and evaluation resources. For KPA, only
three datasets (ArgKP, ArgKP21, ArgCMV) ex-
ist, all focused on online discussions (Section 6).
This narrow dataset coverage restricts both domain
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generalization and methodological diversity. LLM-
based KPA is sparse (Tang et al., 2024a; Altemeyer
et al., 2025), the latter being the only work that
systematically studies LLMs for KPA. However,
their focus is on prompting-based, single-LLM ap-
proaches. Compared to the multi-dimension, multi-
granularity and rich methods evaluation for generic
text summarization, the evaluation for KPA also
lags behind, with only a few studies addressing cov-
erage and redundancy (Li et al., 2023; Khosravani
et al., 2024), and existing LLM-based evaluations
lacking in-depth analyses (Altemeyer et al., 2025).

ATS faces similar limitations. Many datasets
(e.g., WebisEditorialSum-2020 (Syed et al., 2020),
ConvoSumm (Fabbri et al., 2021a)) are not specif-
ically designed for argument summarization, but
instead use argumentative structures for dataset cre-
ation, while others (e.g., DebateSum (Roush and
Balaji, 2020), OpenDebateEvidence (Roush et al.,
2024)) can only be used for generic text summariza-
tion. To our knowledge, only Li et al. (2024a) con-
tains a subset for ATS with claim-evidence pairs as
inputs and abstractive summaries that preserve the
argumentative structure as outputs. Consequently,
most ATS works only use argumentative structure
for generic text summarization, while methods that
can explicitly produce summaries preserving the
argumentative structure of the input remain scarce.

8.3 Unique Challenges in Argument
Summarization

Argument summarization faces several challenges
that distinguish it from generic text summarization.
Relational argumentative meaning. Unlike
generic summarization, argument summarization
must preserve relations between propositions (e.g.,
support/attack), not just salient content. Summaries
that retain key claims while omitting these relations
may yield fluent but distorted argumentation.
Compression versus structural fidelity. Argu-
mentative structures often encode richer implicit
structure than is explicitly expressed in text. Com-
pressing them into concise summaries risks collaps-
ing argumentative roles while insufficient compres-
sion undermines the goal of summarization.
Heterogeneous inputs and outputs. Prior work
spans single long texts, multi-turn discussions, and
sets of short arguments, with outputs ranging from
free-form summaries to key points or structured
representations. This heterogeneity hinders model
reuse and consistent evaluation across settings.
Evaluation limitations. Evaluating argument sum-

marization is difficult as it requires assessing both
semantic adequacy and if the input’s argumentative
meaning is preserved. Metrics like ROUGE (Lin,
2004) and BERTScore (Zhang et al., 2019) (see
Section 7) capture surface-level or semantic simi-
larity, but are largely insensitive to the preservation
of argumentative relations. LLM-based evaluations
adopted in KPA (Altemeyer et al., 2025) assess cov-
erage and redundancy, but are difficult to generalize
to other tasks in argument summarization.

9 Future Directions

Dataset development and standardization. Cur-
rent progress in argument summarization is lim-
ited by dataset scarcity and fragmentation. Un-
like generic text summarization, which benefits
from large-scale standardized benchmarks across
domains and summary types, argument summa-
rization datasets are domain-specific and heteroge-
neous in both input structure and output format. For
ATS, most datasets either adapt generic summariza-
tion corpora with argumentative signals as auxiliary
information or rely on narrow, domain-specific an-
notations. For KPA, existing benchmarks are lim-
ited to short, independent arguments and a small
set of topics, limiting generality. Future dataset de-
velopment should focus on clearly defined task for-
mulations with explicit alignment between inputs,
outputs, and argumentative annotations. Datasets
should provide multi-granularity argumentative an-
notations, cover diverse input structures beyond iso-
lated arguments, and enable systematic comparison
across ATS and KPA settings. Establishing shared
benchmarks and evaluation splits would improve
reproducibility and comparability across studies.
Structure-aware and multi-dimensional evalua-
tion. Evaluation remains a key challenge. Future
metrics should move beyond semantic similarity
and explicitly assess whether argumentative struc-
tures are preserved. Promising directions include
relation-aware matching metrics, graph-based com-
parisons, and hybrid human-automatic evaluation.
Multi-dimensional and multi-granularity frame-
works should jointly assess semantic quality, struc-
tural faithfulness, coverage, and redundancy.
Principled use of large language models. While
generic text summarization has explored prompt-
ing, multi-agent frameworks, alignment learning,
and distillation, LLM-based argument summariza-
tion has mainly relied on prompting and pipeline-
based integration. Future work should adapt these
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methods to argument-aware settings, e.g. through
argument-aware prompting strategies, multi-agent
summarization frameworks that reason over argu-
mentative roles and viewpoints, and alignment or
distillation approaches that explicitly preserve argu-
mentative relations. Ensuring that LLM-generated
summaries remain faithful to the input’s argumenta-
tive structure is a key challenge for ATS and KPA.

10 Conclusion

Argument summarization is an important but con-
ceptually fragmented research area. This survey
provided a unified definition and introduced a tax-
onomy along input structure, output representa-
tion, and the role of argumentative structure. Using
this framework, we analyzed the field’s evolution
and reviewed existing datasets, methods, and eval-
uation practices, identifying systematic misalign-
ments that hinder comparability and progress. We
highlighted the need for better-aligned datasets,
more structure-aware evaluation, and principled
use of LLMs to ensure argumentative faithfulness.
We hope this survey offers a clearer foundation
for future research and supports more coherent ad-
vances in argument summarization.

11 Limitations

This survey has several limitations. First, although
we aim for comprehensive coverage, the scope
of argument summarization is broad and rapidly
evolving, particularly with the increasing use of
large language models. As a result, some recent or
domain-specific works may not be fully captured,
and our analysis reflects the state of the literature
at the time of writing.

Second, our taxonomy and unified task definition
necessarily abstract over diverse task formulations
and annotation schemes. While this abstraction
is intended to clarify commonalities and sources
of fragmentation, it may oversimplify certain task-
or domain-specific nuances, especially in highly
specialized applications such as legal or scientific
argumentation.

Third, our analysis is based on reported datasets,
methods, and evaluation practices in the literature,
rather than on new empirical experiments. Conse-
quently, some of our conclusions about misalign-
ment and evaluation limitations are supported by
comparative reasoning and reported findings, rather
than direct experimental validation.

Finally, while we discuss future directions such

as dataset standardization, structure-aware evalua-
tion, and principled use of large language models,
we do not provide concrete implementations or
benchmarks for these directions. Developing and
validating such resources remains an open chal-
lenge for future work.
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