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Abstract What is an argument? Is an argument valid? Was a text ma-
nipulated to persuade? Since 2020, Touché fosters the development of
support-technologies for decision-making and opinion-forming. To this
end, the lab brings together researchers that develop systems to automat-
ically answer questions like those above. At CLEF 2026 we do so in four
tasks: (1) Fallacy Detection (new task), in which participants determine
whether an argument follows a valid argument pattern; (2) Causality
Extraction (new task), in which participants extract pro- and concausal
claims from text; (3) Generalizability of Argument Identification in Con-
text (new task), in which participants predict whether sentences would
be annotated as an argument under different guidelines; and (4) Ad-
vertisement in Retrieval-Augmented Generation (2nd edition), in which
participants detect and block advertisements in generated text. This pa-
per details these tasks and summarizes the results of Touché 2025.

Keywords: Advertisement Detection - Argument Mining - Causality
Detection - Fallacy Detection - Generalizability.

1 Introduction

Decision-making and opinion-forming are everyday task. With the ubiquity of
web search and language models, it is easy to find arguments on any topic.
However, while the systems of today are quick to produce an answer, they rarely
provide transparent quality assurance of arguments and might even misuse their
position as intermediary to manipulate information for commercial gains. In this
context, the Touché lab series, running since 2020,' has organized several tasks
to advance both argumentation systems and the evaluation thereof aimed to
tackle current challenges. In 2026, we organize the following shared tasks:

!Previous tasks, data, and publications are available at https://touche.webis.de/
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1. Fallacy Detection (new task) features three subtasks in the argumentation
type detection, namely to classify (1) whether an argument is fallacious,
(2) the argument scheme of an argument, and (3) the type of a fallacy.

2. Causality Extraction (new task) features three subtasks, in which partici-
pants (1) classify whether a text span contains causal information, (2) mark
the respective entities in the span, and (3) classify the relation between two
marked entities and procausal, concausal, or uncausal.

3. Generalizability of Argument Identification in Context (new task), in which
participants classify whether a sentence, in its context and with provenance
data, constitutes an argument or not.

4. Advertisement in Retrieval-Augmented Generation (2nd edition) features
three subtasks in countering advertisements in the output of LLMs, namely
(1) classify whether a response contains an advertisement or not, (2) locate
the advertisement in a response, and (2) remove the advertisement from the
response without affecting the coherence of the response.

After having organized six successful Touché labs on argument retrieval at
CLEF 20202025 [2, 5, 4, 3, 18, 17], we now organize a seventh lab edition
to bring together researchers from the fields of information retrieval, natural
language processing, computational linguistics, and dialogue working on argu-
mentation. During the previous labs, we received 384 runs from 106 teams. We
manually labeled the relevance and quality of more than 35,000 argumentative
texts, web documents, and images for 227 topics (topics and judgments are pub-
licly available at the lab’s web page, https://touche.webis.de). As in the previous
Touché editions, we encourage participants to deploy their software in our cloud-
based evaluation-as-a-service platform TIRA [12] for better reproducibility.

2 Task Definitions

Task 1: Fallacy Detection (new task) Argumentation is the process of pre-
senting and evaluating reasons in support of, or in opposition to, a claim. Under
ideal conditions, accepting an argument’s premises should rationally warrant ac-
cepting its conclusion. In practice, however, this connection often breaks down:
for example, the premises may fail to provide adequate support or the reasoning
may be structurally defective. Detecting such fallacious reasoning is therefore
essential for ensuring the reliability and trustworthiness of reasoning-based ap-
plications. In many cases, a fallacy can be understood as a defective, misleading,
or misapplied instantiation of an otherwise legitimate argument scheme (a re-
curring pattern of reasoning [30, 20]). This task investigates whether integrating
fallacy detection with argument scheme classification yields deeper theoretical
insights and improves the performance of automated systems for both tasks.

Overview Given an argument, the task is structured as follows: (1) Determine
whether the argument is fallacious. (2) If the argument is non-fallacious, identify
its underlying argumentation scheme. (3) If the argument is fallacious, identify
the specific type of fallacy it exhibits.
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Data We use a dataset comprising over 1,000 argumentative examples drawn
from multiple sources. Following the approach of Jin et al. [16], we include fal-
lacious arguments collected from student quiz websites. In addition, we incor-
porate both valid arguments and fallacies from several online debate platforms.
To further increase the diversity of argument forms and topics, we also include
synthetically generated arguments covering a broad range of argument types. All
data sources are used in accordance with their respective licensing terms, and
the final dataset will be made freely available. The dataset focuses on the five
most frequently occurring types of fallacies. For argument scheme detection, we
follow the framework proposed by Macagno [20], which models argumentation
along two complementary dimensions.

Ezample “One study found that a new diet helped 20 people lose weight. There-
fore, this diet works for everyone.” This is an example of a “Faulty Generaliza-
tion,” as it draws a broad conclusion from a small and unrepresentative sample.

FEvaluation We evaluate each subtask using a held-out test set and report stan-
dard classification metrics, namely precision, recall, and Fi-score.

Task 2: Causality Extraction (new task) Many important questions in
various domains are causal: diagnostics in medicine wonders about the root cause
of symptoms or about the effect elicited by interacting drugs, and brokers are
interested in how current events impact the market. Answering such questions
requires a database of causal knowledge, which can be extracted from natural
language text through causality extraction.

However, so far prior work has almost exclusively extracted causal claims
and ignored their counterclaims, i.e., statements asserting A does not cause B.
This is critical as it means that discourse on causal knowledge is not prop-
erly captured by current causality extraction systems, which may lead to faulty
downstream application of extracted causal knowledge. To improve this, Hagen
et al. [15] introduce the Countercausal News Corpus, the first resource to train
and evaluate the extraction of both, causal statements and their counterclaims
(countercausal statements). This task is the next step towards more complete
causality extraction which can capture contradictory opinions about causality.

Overview This task is about the extraction of (counter-)causal claims from nat-
ural language text. Participating teams can submit software in any combination
of the following three sub-tasks that build on each other: (1) Given a natural
language text, classify whether it contains causal information or not; (2) given
a natural language text, mark entities, events, or concepts for which the text
claims or refutes a causal relationship; and (3) given a natural language text
and two marked text spans, ey and e, classify whether the text supports that
eo causes e; (causal), refutes its (countercausal) or does not make a statement
about causality from e to e; (uncausal).
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Data For the dataset, we use the Countercausal News Corpus (CCNC) [15], a
modified version of the Causal News Corpus v2 [28] in which some of the causal
claims were manually rewritten to be countercausal. The published training and
validation splits contain 3415 labeled sentences in total, out of which 1028 are
causal and 952 are countercausal. The Causal News Corpus v2 and Countercausal
News Corpus are licensed under CC BY and CCO0 respectively.

FEvaluation Submissions are evaluated on unpublished test data. Sub-tasks 1
and 3 are evaluated as binary and ternary classification problems, respectively,
using Fi-score. Sub-task 2 is evaluated using Fi-score.

Task 3: Generalizability of Argument Identification in Context (new
task) Argument identification is a fundamental prerequisite for discourse anal-
ysis across domains such as political debate, online discussion, and scientific rea-
soning. Pre-trained language models such as BERT [7], designed for contextual-
ized language representation, have demonstrated state-of-the-art performance on
established benchmarks. However, recent research suggests that state-of-the-art
performance often stems from exploiting spurious correlations [29] and short-
cut learning [13], as benchmarks rely on specialized datasets that encourage
models to capture dataset-specific patterns shaped by topic bias, argument def-
initions, and labeling schemes rather than abstractions that generalize across
contexts [10]. Yet arguments are defined not only by form or content, but also
by their pragmatic function and contextualized use [9]. Just as humans rely on
context to identify and interpret arguments in discourse, so must machines. This
task therefore examines how contextual cues can support automated argument
identification, focusing on the impact of different types and amounts of context
on building more generalizable and task-aligned systems.

Overview Given a sentence from a dataset along with metadata about its prove-
nance, such as the source text and the dataset’s annotation guidelines, predict
whether the sentence is annotated as an argument or not. In this cross-dataset
setting, participants must develop robust systems that generalize beyond lexical
shortcuts to unseen datasets and exploit rich context information.

Data A subset from 10 established, publicly available benchmark datasets
[1, 6,11, 14, 19, 21, 22, 23, 26, 27|, identified as most relevant for argument iden-
tification [10], will be used. Each consists of 1.7k labeled sentences, partitioned
with a 60/20/20 ratio into training, development, and test splits. Additionally,
a new evaluation-only dataset will be released. Overall, the data includes sen-
tences labeled as argument or no-argument, according to the respective dataset
annotations. Accompanying metadata includes sentence IDs, generated splits,
and (where available) context-relevant information via the original data sources,
as well as annotation guidelines and corresponding papers.

Evaluation Systems will primarily be evaluated on the newly created, evaluation-
only dataset. For further insights, evaluation results on the established test splits
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from the held-out benchmark data will also be provided but not used for ranking.
This setup addresses the risk of data contamination in LLMs and for participants’
potential use of additional datasets during training. To evaluate the systems for
their generalizability, the macro Fi-score will be measured for each test split,
along with the overall average of all these values.

Task 4: Advertisement in Retrieval-Augmented Generation Opinion
forming is a central part of argumentation and a process for which many people
rely on search engines and increasingly also LLMs. Hence, it is important that the
responses generated by LLMs, with or without retrieval-augmented generation
(RAG), are not biased to influence their users. One way to introduce such bias
would be through advertising that prompts an LLM to portray a given product,
service, or brand in a favorable light [8, 25]. This type of advertising differs from
existing approaches in that it enables highly contextual ads that blend into the
surrounding text, thus requiring new types of ad blockers.

Overview This task aims for the detection and blocking of advertisements in
generated text. Participants submit software in any combination of the following
three subtasks: (1) Given a response and a query, classify whether the response
contains an advertisement or not. (2) Given a response with advertisements and
a query, predict the character spans of the ads. A response can contain multiple,
interrupted spans of advertisements. (3) Given a response, a query, and a list of
character spans that mark the advertisements in the response, remove the ads.
After the removal, the response should still be fluent, factually correct (using
the input response as reference), and relevant to the query.

Data For the development of submissions, we provide the Webis Generated Na-
tive Ads 2025 dataset.? The dataset contains 44,727 responses, with and with-
out ads, that were generated by Brave Search, Microsoft Copilot, Perplexity,
and YouChat for a total of 9,062 queries. To increase diversity, the advertise-
ments were inserted by different LLMs: GPT-40 and -mini via OpenAl, as well
as deepseek-rl, the 70B parameter versions of 1lama-3 and 1lama-3.3, and
qwen-2.5-32b via groq.® Each ad insertion was verified by a set of filters that
check if the ad was correctly inserted and the response is otherwise identical
to the input. For each response with an ad, the dataset contains the character
spans of the advertisements, information on the item that was advertised, and
the ID of the original response without advertisements.

FEvaluation For the evaluation, we use an unpublished test split of the Webis
Generated Native Ads 2025 dataset. Evaluation in subtask 1 uses standard Fi-
score. Evaluation in subtask 2 uses an adapted Fi-score based on the overlap of

https://zenodo.org/records /17830870
3https://groq.com/
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predicted spans with ground-truth spans, drawing inspiration from the PlagDet-
score developed for a similar purpose [24]. Evaluation in subtask 3 uses a com-
bination of manual evaluation with LLM-as-a-judge through deepeval:* Human
annotators evaluate fluency, correctness, and query relevance on a three-point
scale from 0 to 2, while LLM-as-a-judge evaluation uses a scale from 0 to 1.

3 Touché at CLEF 2025: Brief Overview

In 2025, Touché at CLEF included these shared tasks [17]: (1) Retrieval-
Augmented Debating, on simulating and evaluating deliberative debates; (2) Ide-
ology and Power Identification in Parliamentary Debates (2nd iteration), includ-
ing a new sub-task on populism identification; (3) Image Retrieval/Generation
for Arguments (4th iteration), aiming to provide images that convey some claim;
and (4) Advertisement in Retrieval-Augmented Generation (continues in 2026).

Touché 2025 received 62 registrations, of which 12 teams actively partici-
pated in the tasks and submitted 60 results (runs). Unsurprisingly, large lan-
guage models (zero-shot, fine-tuned, etc.) were used across tasks, especially for
retrieval-augmented debating. But also classic and more efficient approaches like
SVMs were used for ideology and power identification. One team successfully
submitted generated images for task 3, surpassing the still strong CLIP-baseline
used in retrieval. For the Advertisement in Retrieval-Augmented Generation
task, teams primarily used encoder models like MiniLM, MPNet, RoBERTa and
DeBERTa-v3 for advertisement detection and Qwen and Mistral for generation.
The corpora, topics, and judgments are available on the Touché website.®

4 Conclusion

At Touché, we continue to foster research on argumentation systems, building re-
spective test collections, and bringing the research community together. During
the previous six years, the submitted approaches developed from sparse to dense
retrieval and zero-shot models (both for text and images), combined with as-
sessments of document “argumentativeness,” argument quality, stance detection,
and sentiment analysis. Among others, argumentation systems can effectively
contribute to generation systems, since in generative systems the task of reason-
ing (of which argumentation is the explication) is often a crucial but currently
not sufficiently effective part of the system.

Touché 2026 brings in new tasks and refines existing ones. We continue our
investigation into the detection of advertisements in generated search result text
(injected subtle argumentation). Moreover, with fallacies and causality we in-
vestigate two exciting elements of argumentation. Furthermore, we aim to find
robust argument identification systems—a tool that is still lacking today despite
argument identification being the basis for many analyses.

“https://www.deepeval.com
Shttps://touche.webis.de/
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