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Abstract

Annotated datasets are essential for developing
and evaluating argument mining systems, yet
information about argument mining datasets re-
mains scattered across papers, repositories, and
task-specific surveys. To address this, we intro-
duce AMResources (http://purl.archive.
org/amresources), an online catalog that or-
ganizes argument mining datasets by task, and
captures relationships among datasets, releases,
and papers. We draw particular attention to
relationships such as re-annotation and dataset
extension. To curate dataset information into
a consistent and provenance-aware structure,
AMResources links datasets to canonical papers.
For each dataset release, AMResources records
standardized metadata such as language, genre,
unit type and unit count, annotator characteris-
tics, agreement reporting, and accessibility. We
argue that such structured dataset documenta-
tion remains critical in the era of large language
models, where annotated datasets increasingly
serve as high-quality evaluation benchmarks
and where tracing dataset provenance and an-
notation layers is necessary for systematic com-
parisons across tasks.

1 Introduction

Datasets are an essential resource for argument
mining tasks, supporting both the training of com-
putational models and the evaluation of automated
methods. However, a number of factors (theoret-
ical and practical) affect the cataloging of argu-
ment mining datasets. Argument mining datasets
may be annotated for a number of different tasks
and subsequently annotated for a different purpose
(Stab and Gurevych, 2017a; Goffredo et al., 2023).
Annotated datasets differ in the quality of annota-
tors used, and may or may not report agreement.
Datasets vary in their availability, size, language,
and format. A dataset may also stand in an im-
portant relationship to other datasets, through the

inheritance of previous layers of annotation or sub-
sets of units.

Despite these challenges, argument mining
datasets have been cataloged and discussed by the
community. Habernal and Gurevych (2017) pro-
vide a table of 23 previous works on annotating
argumentation, documenting the properties of cre-
ated datasets. A chapter of Argumentation Mining
(Stede and Schneider, 2018) examines several an-
notation schemes and catalogs 10 relevant datasets.
Janier and Saint-Dizier (2019) includes a chap-
ter on argument annotation, covering annotation
schemes, tools, and 8 relevant datasets. Lawrence
and Reed (2019) discusses a number of datasets,
focusing on the challenges of producing and anno-
tating datasets for argument mining.

A number of online sites have been created to
make argument mining-related resources more find-
able, although their scope and maintenance varies.
Persiani et al. (2024) provides a website1 contain-
ing an ongoing survey of tools useful for compu-
tational argumentation; the site is frequently up-
dated and accepts content requests from the com-
munity through a GitHub repository.2 Guerraoui
et al. (2023) surveys NLP feedback systems in argu-
mentation; a supporting website3 categorizes works
on datasets, tooling, and computational models into
four sections (richness, visualization, interactivity,
and personalization).

A few sites catalog argument mining datasets.
The Ubiquitous Knowledge Processing (UKP) Lab
at TU Darmstadt4 and the Webis Group5 publish
datasets used in their argument mining research.

1https://people.cs.umu.se/~tkampik/argtools/
page/index.html

2https://github.com/TimKam/
fantastic-arg-tools

3https://kmilia.github.io/teach_me_how_to_
argue/

4https://tudatalib.ulb.tu-darmstadt.de/handle/
tudatalib/1359

5https://webis.de/data.html
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AIFdb (Lawrence and Reed, 2014; Lawrence et al.,
2016) is a large community-sourced database of
argument mining datasets.6 Datasets in AIFdb
are stored in the Argument Interchange Format
(Chesñevar et al., 2006), which enables interoper-
ability with argument mapping tools such as OVA+
(Janier et al., 2014). However, AIFdb does not en-
force documentation of dataset properties. This
makes it challenging to use AIFdb to search for
datasets for a specific argument mining task. In
contrast, the documentation of dataset properties is
more evident in the website introduced by Romberg
et al. (2025) to accompany their survey of datasets
for automatic argument quality assessment.7 Their
website categorizes argument quality datasets ac-
cording to a taxonomy, and lists a number of prop-
erties of each dataset such as annotator agreement,
annotator type, source, and whether the dataset is
an extension of another dataset.

In this paper we introduce an online catalog of
argument mining datasets: AMResources.8 In con-
trast to other sites, AMResources emphasizes the
suitability of datasets for specific argument mining
tasks, and makes dataset links findable. AMRe-
sources catalogs argument mining datasets across a
plethora of argument mining tasks through a linked
structure of datasets, releases, papers, and anno-
tations. Our work is inspired by the catalog of
Romberg et al. (2025). During the creation of
Stede et al. (2026), the second edition of (Stede
and Schneider, 2018), it became apparent that the
rapid growth of argument mining datasets could not
be covered in a single chapter; this led to the de-
velopment of our online catalog as a maintainable
resource for discovering argument mining datasets.
The initial release of AMResources contains the
39 datasets described in the ‘Selected Corpora’ ap-
pendix of Stede et al. (2026).

2 Connecting Datasets, Papers, and
Annotations

We consider a set of units (documents, tweets, etc.)
to be a dataset. A dataset has a number of proper-
ties such as a domain, unit count, and unit type. The
first publication of a dataset is the source dataset.
Any newer dataset which was published after the
source dataset, with units that are a subset of the

6https://www.aifdb.org/search
7https://goofy-grouse-1da.notion.site/

Database-e3e5886191ef472aaffb47fec0daea92
8http://purl.archive.org/amresources
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Figure 1: Release and extension relationships between
the ElecDeb series of datasets. ElecDeb60To16 is a
source dataset. ElecDeb60To16-fallacy is a release
of ElecDeb60To16 as it consists of a subset of de-
bates from ElecDeb60To16. ElecDeb60To20 extends
ElecDeb60To16 with a new debate transcript.

units of the source dataset, is a release of the source
dataset.

Releases serve an important function in captur-
ing inheritance relationships between datasets. The
units within one dataset might just be a subset of
the units from another dataset. Frequently, datasets
are annotated multiple times, with each annotated
dataset being given a new name. For example the
ElecDeb60To16 dataset (Haddadan et al., 2019), a
dataset of political transcripts from 1960 to 2016,
was subsequently annotated and released as the
ElecDeb60To16-fallacy dataset (Goffredo et al.,
2022). Thus, ElecDeb60To16 is the source dataset,
with a later release in ElecDeb60To16-fallacy.

It is also possible for a newer dataset to include
a subset of the units of a source dataset while also
adding new units. In this case we do not call the
newer dataset a release of the source dataset, but
rather an extension of the source dataset. For ex-
ample the ElecDeb60To20 dataset (Goffredo et al.,
2023) contains an additional four years of politi-
cal transcripts from 2016 to 2020 as well as the
original political transcripts in ElecDeb60To16.
Therefore we call ElecDeb60To20 an extension of
ElecDeb60To16. Relationships between the three
ElecDeb datasets can be seen in Figure 1.

Our approach allows us to capture the evolution
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Figure 2: Example view from AMResources. The user has selected details on AMT annotated essays (Musi et al.,
2016) which is a release of the Argument Annotated Essays Corpus (Stab and Gurevych, 2014). The left pane
displays other releases for the dataset. The right pane shows details on the release, including a pie chart showing
how much of the original dataset was annotated in the release.

of properties of argument mining datasets, instead
of presenting a flat table of datasets. Datasets that
have been annotated multiple times in different
releases are particularly valuable to identify. Multi-
layered argument annotations on a dataset can be
used to identify dependencies between different
argumentative relations (Chistova, 2023). Some ar-
gument mining datasets have been annotated repeat-
edly, for instance the Argument-Annotated Essays
Corpus has been annotated in at least eight differ-
ent papers (Carlile et al., 2018; Stab and Gurevych,
2014, 2016, 2017a,b; Musi et al., 2016; Schaefer
et al., 2023; Marro et al., 2022).

Finally, a paper is an academic work that either
introduces a source dataset or annotates an existing
dataset to produce a new release of that dataset. An
annotation is carried out by a paper on a dataset, to
support a particular argument mining task (see Sec-
tion 3). Datasets, releases, papers, and annotations
form the four linked objects of AMResources.

3 Argument Mining Tasks

Beyond the surface-level properties of datasets, we
aim to categorize argument mining datasets by their
potential use. In particular, we map each dataset
to the set of argument mining tasks that it enables
studying. We differentiate between two broad cate-
gories of argument mining tasks based on their use

of argumentative discourse units (ADUs): ADU-
concerned and ADU-agnostic.

ADU-Concerned Tasks This category covers
tasks that, in some way, deal with the collection,
classification, and linking of ADUs. Our selection
of ADU-concerned tasks is taken from Stede et al.
(2026, Ch. 4) and forms a classic argument mining
pipeline. The description of ADU-concerned tasks
is shown in Table 1.

ADU-Agnostic Tasks These tasks do not neces-
sarily involve ADUs but undebatably fall under the
notion of argument mining in the broader sense
(see Table 2). For instance, argument quality as-
sessment might not involve annotating argument
structure, and instead assigning binary scores of
quality to argumentative text (Toledo et al., 2019).
We distinguish between minimal and maximal argu-
ment quality assessment, a distinction taken from
Wachsmuth et al. (2024). Another ADU-agnostic
task is to mine the full type/form/scheme of an ar-
gument from text (e.g., Schneider et al., 2013); we
call this argument type identification.

4 AMResources: A Website for Argument
Mining Datasets

We host our collection of datasets on a website
called AMResources, deployed as a GitHub Pages



Task Description

Component Segmentation Distinguishes argumentative from non-argumentative text portions and demarcates indi-
vidual argument components

Component Type Classification Determines the types of given argument components, using a coarse-grained (e.g., claim,
premise) or a more fine-grained (e.g., policy claim, fact claim, value claim) type inventory

Relation Identification Detects the presence of some (indeterminate) argument relation between two argument
components

Relation Type Classification Determines the types of given relations (e.g., support, attack)

Table 1: ADU-concerned tasks: The four tasks that deal with the collection, classification, and linking of ADUs,
from Stede et al. (2026, Ch. 4).

Task Description

Maximal Quality Assessment Assesses the quality of an argument based on a theory that describes what an argument
should ideally be

Minimal Quality Assessment Assesses the quality of an argument based on a theory that describes what an argument
should avoid being

Type Identification Identifying the type/form of the whole argument

Table 2: Three examples of ADU-agnostic tasks, from Wachsmuth et al. (2024) and (Schneider et al., 2013).

site.9 The repository for the site is public, and
we encourage contributions of new datasets, and
include a form for requests for new datasets to be
added. We store all covered dataset metadata in two
JSON files (one for dataset metadata and one for
paper metadata) which can be downloaded through
the GitHub repository.

AMResources presents releases in a searchable
table view (release, dataset, language, genre, unit
type, unit count, and task tags). The catalog can
be exported as a CSV file. Selecting a row opens a
detail view (see Figure 2) with dataset metadata, a
release history visualization, and structured annota-
tion summaries linked to papers. Where possible
we provide a DOI and an OpenAlex link for papers.
Each annotation entry contains a detailed summary,
and records task labels, annotator type, agreement
reporting, accessibility, and a release link.

5 The Future Role of Argument Mining
Datasets

Argument mining datasets have been, and continue
to be, an important artifact of argument mining
research. However, it is prudent to reflect on the
role that argument mining datasets now serve in
light of advancements in large language models
(LLMs). The rise in the use of LLMs reflects a
shift away from classical supervised learning meth-
ods which relied on annotated datasets, towards

9http://purl.archive.org/amresources

methods which involve little to no need for manu-
ally annotated data for training.

Despite a decreasing relevance to model train-
ing, argument mining datasets continue to be im-
portant for evaluation. Several argument mining
tasks (such as ADU segmentation) are not straight-
forward to model with LLMs, leading to a demand
for LLM-oriented argument mining benchmarks
(Dhole et al., 2025; Gemechu et al., 2024; Gurjar
et al., 2025; Ajjour et al., 2026).

Additionally, annotated datasets in argument
mining also have a unique role in comparison to
other fields. Argument mining has an unusually
strong theoretical foundation compared to many
other NLP tasks. This heavy emphasis on theory
is manifested in the annotations, and it has the po-
tential to inform NLP methods that go beyond pure
statistics (Lauscher et al., 2022; Wachsmuth et al.,
2024). In particular, competing theoretical models
of argument underlie argument mining. These com-
peting theoretical models make their own assump-
tions and simplifications (Cardoso et al., 2023).
Datasets with multiple layers of annotation pro-
vide an opportunity to study dependencies between
argument mining tasks and argument models. In
this respect, annotated argument mining datasets
can help us to inform our theoretical models of
arguments, and how these models interface with
text.

http://purl.archive.org/amresources


6 Conclusion

We presented AMResources, a web catalog for ar-
gument mining datasets that represents provenance
through explicit links among datasets, releases, and
papers. We argue that such structured dataset doc-
umentation remains critical in the era of large lan-
guage models, where annotated datasets increas-
ingly serve as high-quality evaluation benchmarks
and where tracing dataset provenance and annota-
tion layers is necessary for systematic comparisons
across tasks. Going forward, we will expand cov-
erage through community contributions in order to
keep AMResources up-to-date over time.
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