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Either used intentionally (for persuading) or unintentionally
§ Not only logical: also structural, from diversion, due to language use [1]

§ Di!cult to spot: closely follow the patterns of valid arguments [2]

§ Impactful: can mislead a wide audience → spread of misinformation

Fallacies
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– Aristotle
Arguments that seem valid but are not

Alice got the flu after the influenza vaccine. Vaccines are really useless.
Hasty generalization

[1] Tindale, 2007. “Fallacies and Argument Appraisal”. Critical Reasoning and Argumentation; CUP.
[2] Musi et al., 2022. “Developing Fake News Immunity: Fallacies as Misinformation Triggers During the Pandemic”. OJCMT.

Aristotle icons created by Freepik - Flaticon

https://www.cambridge.org/core/books/fallacies-and-argument-appraisal/201129A0FFA542571A10622B493D93A4
https://www.ojcmt.net/article/developing-fake-news-immunity-fallacies-as-misinformation-triggers-during-the-pandemic-12083
https://www.flaticon.com/free-icons/aristotle
https://www.flaticon.com/free-icons/aristotle
https://www.flaticon.com/free-icons/aristotle


NLP can support this, but current datasets have some limitations:
§ Coarse-grained annotations (e.g., text-level), few fallacy types, or few annotations

§ One fallacy for each text or no overlaps between fallacies in the span-level case

§ Single ground truth: genuine disagreement is not taken into account!

Fallacy detection
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Recognizing fallacies in everyday argumentation plays 
a key role in developing individuals' critical thinking skills, 
contributing to mitigate faulty argumentation at its root

Why is it useful?



Dataset for fine-grained fallacy detection with human label variation

§ Focuses on Italian social media posts

§ Embraces multiple plausible 
answers and natural disagreement

§ Large inventory of 20 fallacy types

§ Fine-grained annotation at the 
span-level with potential overlaps

FAINA dataset
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Studio americano: la mutazione si diffonde 

quattro volte più velocemente, ma i ! servono!

"

Appeal to authority  •AA Doubt  •DO Evading the burden of proofEP
Hasty generalization  • HG Vagueness  •  …  (20 fallacy types)VA

VAAA EP

HG

Studio americano: la mutazione si diffonde 

quattro volte più velocemente, ma i ! servono
VAAA

DO

en: American study: mutation spreads four times faster, but ! are needed

Ramponi et al., 2025. “Fine-grained Fallacy Detection with Human Label Variation”. NAACL.

https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/


Public discourse on Twitter/X minimizing temporal, topic, and stylistic biases
§ Multi-year: ⌛ 4-year time frame (2019-01 — 2022-12)

§ Multi-topic: " migration, # climate change, and $ public health

§ Author diversity: resample posts by same authors a"er their most impactful one

Minimize errors whilst keeping signals of human label variation
§ 5 rounds of manual annotation/discussion (resolve errors, keep genuine disagreement)
§ 2 expert annotators with di#erent sociodemographics and backgrounds

FAINA dataset: data collection and annotation

[4] Nakov et al., 2022. “Overview of the CLEF-2022 CheckThat! Lab Task 1 on Identifying Relevant Claims in Tweets”. CLEF.

Ramponi et al., 2025. “Fine-grained Fallacy Detection with Human Label Variation”. NAACL.

by like+retweet [4] in each
month/topic combination
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https://ceur-ws.org/Vol-3180/paper-28.pdf
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https://ceur-ws.org/Vol-3180/paper-28.pdf
https://aclanthology.org/2025.naacl-long.34/
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§ [AH] Ad hominem
§ [AA] Appeal to authority
§ [AE] Appeal to emotion
§ [CO] Causal oversimplification
§ [CP] Cherry picking
§ [CR] Circular reasoning
§ [DO] Doubt
§ [EP] Evading the burden of proof
§ [FA] False analogy
§ [FD] False dilemma

FAINA dataset: fallacy categories

Ramponi et al., 2025. “Fine-grained Fallacy Detection with Human Label Variation”. NAACL.
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§ [FW] Flag waving
§ [HG] Hasty generalization
§ [LL] Loaded language
§ [NC] Name calling or labeling
§ [RH] Red herring
§ [SS] Slippery slope
§ [SL] Slogan
§ [ST] Strawman
§ [TC] Thought-terminating cliché
§ [VA] Vagueness

https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/


§ 58,490 tokens in 1,440 social media posts

§ 11,064 spans – 5,532±253 spans/annotator

§ Avg token length of 7.6±9.3 – from 2.5 [LL] to 36.3 [ST]

§ Dense annotation – 3.8±0.2 spans/post

§ Frequent overlaps – up to 23%±2% for TC and AE

Data splits: 80% train/dev set, 20% test set
§ Topics, time, and labels equally distributed across sets 0.0 20.0 40.0

AH
AA
AE
CO
CP
CR
DO
EP
FA
FD
FW
HG
LL
NC
RH
SS
SL
ST
TC
VA

A1
A2

FAINA dataset: some statistics AVG SPAN LENGTH

319
213

2,049
142
94
20

482
406
239
90

393
464

2,484
1,124

257
172
384
109
285

1,138

#SPANS

Ramponi et al., 2025. “Fine-grained Fallacy Detection with Human Label Variation”. NAACL.

https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/
https://aclanthology.org/2025.naacl-long.34/


§ SUBTASK A (post-level fallacy detection): detect which 
fallacy types (if any) are expressed in the post

§ SUBTASK B (span-level fallacy detection): detect all the 
(potentially overlapping) text segments in the post 
that express fallacies, and give each of them a type

✨ Scores on individual test sets are macro-averaged

FADEIT: task description and evaluation
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Given the text of a social media post, detect the fallacies expressed in it

Task description

Micro-averaged P, R, F1
Macro-averaged P, R, F1

! Metrics

span-level micro-averaged P, R, F1
span-level macro-averaged P, R, F1
(in strict and soft evaluation modes)

accounts for the varying severity of errors
(0.5 if pred is an immediate parent of gold)



FADEIT attracted interest from both academia and industry, with teams 
from institutions across !ve di"erent countries: #$%&'
§ Each team was allowed to submit up to 3 runs per subtask

We received a total of 25 runs by 7 teams
§ SUBTASK A: 16 runs by 6 teams

§ SUBTASK B: 9 runs by 3 teams

§ SUBTASK A and SUBTASK B: 6 runs by 2 teams

FADEIT: participation
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SUBTASK A: results

9

Overall insights
§ Encoder-based models con$rm 

to be extremely competitive in 
the task – 1°, 2°, 3°, and 5° F1(m)

§ Multi-task learning is e#ective 
– 1° and 3° F1(m), 2° and 7° F1(M)

§ Decoder-based models (esp. 
closed-source ones) capture well 
under-represented labels, 
positively impacting F1(M)



SUBTASK B: results
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Overall insights
§ Encoder-based 

models lead the 
rank, exhibiting 
di#erent strengths 
according to 
strict/so! F1(M) vs
F1(m) metrics

§ Decoder-based models seem to lag behind due to the intrinsic di!culty of the task; 
however, they are useful for contextual data augmentation purposes



Models: all teams used transformer-based language models
§ Encoder-based: AlBERTo, UmBERTo, mmBERT (also in a multi-task learning framework)

§ Decoder-based: Gemma3 12B, Llama3.1 8B, Mixtral 8x7B, GPT-5, GPT-5.1, Gemini (also in few-shot)

Label variation & extra-linguistic information: little-explored signals
§ Human label variation has been explored by 2 teams, extra-linguistic info (e.g., topic) by 1 team only

Data augmentation: diverse approaches/assumptions, di!erent results
§ E.g., Full paraphrases (ChatGPT / GPT-5.1),  span context perturbation (Gemini), back-translation

Analysis and discussion
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§ FADEIT has attracted notable interest from the research community

§ Encoder-based !ne-tuning is competitive, esp. w/ multi-task learning

§ LLMs stru"le w/ span-level detection, but useful for data augmentation

§ Results indicate that there is ample room for further research

✨ Check the great work by teams at POSTER SESSION A (11:15 – 12:15)! ✨

Conclusions
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