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Abstract
As a joint Turin-Groningen effort, the TiGRO team participated in the Fallacy Detection in Italian Social Media
Texts (FadeIT) task at EVALITA 2026. We submitted three systems for Subtask A, which involves predicting
fallacy labels across 20 classes and 2 annotators. We also submitted three systems for Subtask B, which involves
predicting the text segments corresponding to the fallacies. We merged the two annotations and addressed the
problem using different configurations of multi-task learning, framing Subtask A as 20 binary classification tasks
and Subtask B as 20 BIO tagging tasks. Our best model jointly trains on both post-level and span-level tasks,
resulting in a total of 40 tasks. Our team ranked first for Subtask A among fifteen submissions, achieving
a micro F1 score of 56.39, and fourth for Subtask B among nine submissions, with a micro F1 score of 44.98.
We also discuss strategies which we eventually did not adopt in our submitted runs, such as multi-lingual data
augmentation and attribution-based span detection, and put forward a few ideas to enhance dataset quality.
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1. Introduction

Argumentation and dialogue are two pillars supporting peaceful coexistance among individuals and
nurturing democratic societies. However, conversational exchanges can be flawed by fallacious ar-
guments. Fallacies are identified as instances of faulty reasoning in the construction of an argument.
Superficially, they are arguments that appear to be valid while being faulty [1, 2]. Fallacies tend to be
widespread across highly debated topics, whether introduced unintentionally through negligence or
used intentionally to persuade audiences. Fallacies are particularly heinous in the context of political
debates as they can be used as strategies to convince audiences and gain support [3], thus poisoning
the public discourse and contributing to the spread of misinformation and fake news. As a matter of
fact, previous work has shown that fallacies played a role in events such as the Brexit referendum [4]
and in the “infodemic” crisis surrounding the COVID-19 pandemic [5].

The study of fallacies has a long tradition dating back to Aristotle and have always been contrasted to
an ideal model of good arguments and reasoning [6]. The changes in human communication mediated
by the growth and promotion of social media offers an excellent playground to test the functionalities of
recent Natural Language Processing (NLP) systems in detecting fallacies in every day communication.
The availability of a robust tool for fallacy detection in social media communication can contribute to the
development of effective countering interventions against misinformation and harmful content [7, 8].

Automatic FallacyDetection (AFD) has recently seen a surgewith the availability of new datasets [9, 10,
11, 12] covering different domains such as politics and news, and LLM-based models [13, 14, 15, 16, 17, 8],
including new shared task on multimodal fallacy detection [18].
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Tasks Description The FadeIT Shared Task at EVALITA 2026 [19] is the first shared task on AFD for
Italian using social media texts. The task is organized into two subtasks:

• Subtask A: Coarse-grained fallacy detection. Given the text of a social media post, the
participants are asked to predict all the fallacies expressed in it. This is a multi-label classification
task involving 20 fallacy classes.

• Subtask B: Fine-grained fallacy detection. Given the text of a social media post, the partici-
pants are asked to identify the text spans corresponding to each of the fallacies expressed in it.
This is a multi-label sequence labeling task.

This paper presents the description of the systems our team submitted to the FadeIT shared task.
Section 2 introduces the FAINA dataset used for training and evaluation. Our systems are described in
Section 3, our best runs ranked first in Subtask A and fourth in Subtask B among all other participants.
Results are discussed in Section 4, including a per-class analysis which highlights some limitations
of the dataset. Section 5 reports on methods explored during system development but ultimately not
adopted. Finally, we outline directions for future work in Section 6.

2. Dataset

The task is based on the FAINA dataset introduced by Ramponi et al. [8], which consists of 1,440 Italian
Twitter/X posts collected over a four-year period (from 2019-01-01 to 2022-12-31) covering topics such
as migration, climate change, and public health.

A total of 20 fallacy types were identified by harmonizing definitions and names from Da San Martino
et al. [20] and Musi et al. [21], among others. The complete list of definitions and examples is provided
in Ramponi et al. [8]. The dataset was annotated by two expert annotators following a prescriptive pro-
tocol [22], with multiple rounds and discussion between the annotators. As Inter-annotator Agreement
(IAA) measure, the authors report 𝛾 and 𝛾𝑐𝑎𝑡 as proposed by Mathet [23]. When compared to other IAA
coefficient used in NLP, these two metrics offers insights both on how well annotations align (𝛾) and
the extent to which annotation disagreement depends on categories rather than on the identification of
spans (𝛾𝑐𝑎𝑡). The reported results indicates that fallacy annotation is challenging and highly subjective
with 𝛾 = 0.624 (span identification agreement) and 𝛾𝑐𝑎𝑡 = 0.544 (span classification agreement).

Following the Perspectivist manifesto principles1, annotation differences have not been reconciled
into a single ground truth: each annotation has been considered valid, resulting in a total of 11,064
spans. Figure 1 illustrates an example of two different, but equally valid, annotations for the same post.

We were provided with 80% of the original FAINA dataset (1,152 posts) for training and validation,
with the remaining 20% used as a held-out test set. We counted 4,124 unique fallacy annotations, with
3.58 fallacies per post on average. Table 1 summarizes the number and percentage of posts containing
each fallacy in the released dataset. When a fallacy appears in both annotations for the same post, it
is counted once. As shown in Table 1, the dataset is highly skewed, with few classes dominating the
distribution.

Figure 1: Example of different annotations provided by the two annotators (en: ”A flood of immigrants is coming
in and nobody is talking about it. Problems keep piling up, where are we going to end up?” )

1https://pdai.info

https://pdai.info


Table 1
Number and percentage of posts annotated with each fallacy (posts may contain multiple fallacies).

Fallacy Count Percentage (%)

Loaded-language 699 60.68
Appeal-to-emotion 652 56.60
Vagueness 534 46.35
Name-calling-or-labelling 362 31.42
Hasty-generalization 225 19.53
Doubt 214 18.58
Evading-the-burden-of-proof 204 17.71
Flag-waving 158 13.72
Ad-hominem 140 12.15
Thought-terminating-cliches 138 11.98
Slogan 130 11.28
Red-herring 129 11.20
False-analogy 125 10.85
Appeal-to-authority 97 8.42
Slippery-slope 84 7.29
Causal-oversimplification 68 5.90
Strawman 58 5.03
Cherry-picking 58 5.03
False-dilemma 39 3.39
Circular-reasoning 10 0.87

3. Systems

In this section, we describe the settings and methods of the submitted systems for both subtasks. As a
general strategy, we focused on identifying learning approaches that could maximize the results on
both subtasks keeping in mind that, on the one hand, they are framed as separate tasks for the challenge
while, on the other, they are very closely related and can inform each other. Indeed, a given text span
can trigger a specific fallacy but, at the same time, knowing that a specific fallacy is present in the text
can facilitate the identification of the corresponding span.

This has led us to experiment using two main modeling strategies: single-task and multi-task
learning. In both cases, we decided to fine-tuned models rather than opting for in-context learning with
(generative) LLMs. This decision is mostly dictated by two elements: firstly, LLMs still underperform
when prompted to use many classes [24], such as in this case; secondly, LLMs are known to struggle
with such a complex task as previously reported by Ramponi et al. [8].

Based on the results obtained on our development split (see Training Setup), we selected six systems
to submit to the official challenge, three per subtask. Table 2 summarizes the main characteristics of
each system; the remainder of this section provides details and explanations of our modeling choices.

Table 2
Overview of the submitted TiGRO models.

System Approach Encoder Subtask

TiGRO-A1 Single-task (one vs rest) mmBERT A
TiGRO-A2 Multi-task (post only) ALBERTo A
TiGRO-A3 Multi-task (post and span) ALBERTo A

TiGRO-B1 Multi-task (span only) ALBERTo B
TiGRO-B2 Multi-task (post and span) ALBERTo B
TiGRO-B3 Multi-task (post and span) mmBERT B



Dealing with Two Annotators Fallacy labels and spans for two different annotators are made
available for the dataset, under the vision that single ground truth labels in inherently subjective tasks
(such as AFD) are not desirable. Embracing this vision as well, rather than treating the two sets of
annotations as separate, we took a broader view and decided to merge the annotations. In practice, if
multiple labels are present, all of them are preserved, so the final label set for each post or token is the
union of the labels assigned by the two annotators. At the span level, when two spans of the same
fallacy class overlap but have slightly different boundaries, we keep a single span covering the union of
both annotations. Besides theoretical considerations, the decision to adopt this strategy has been also
dictated by the limited size of the dataset and the large number of labels where further splitting the
signal across annotators substantially increases the task’s complexity. This strategy led to consistent
performance improvements across all tested architectures.

Modeling Approaches One overall decision we made, independently of other implementation
choices, is to address fallacy labeling (Subtask A) as a collection of binary tasks. Rather than dealing
with a multi-class problem with 20 classes, we deal with 20 different binary tasks, one per fallacy.
Subtask B was framed as a BIO tagging problem. As mentioned, for Task A we experimented with
both single- and multi-task approaches. In the single-task setup, we fine-tuned 20 independent binary
classifiers, one for each fallacy type (TiGRO-A1).

In multi-task learning, we experimented with leveraging interactions both across classes within
Subtask A as well as between Subtask A and Subtask B. In one setting, we trained a multi-task classifier
by fine-tuning 20 parallel tasks which jointly learn binary fallacy classification at the post level for
Subtask A (TiGRO-A2). For Subtask B, we adopted the same multi-task strategy but framed the problem
as BIO tagging at the span level (TiGRO-B1). Finally, in three of our systems, we jointly address both
the fallacy classification at post level and the span detection for a total of 40 tasks (TiGRO-A3, B2,
B3). Please note that TiGRO-A3 and TiGRO-B2 are exactly the same system and get a different name
simply because they are used on Subtask A and Subtask B, respectively. TiGRO-B3 differs from that
model only in the pre-trained encoder used (ALBERTo vs mmBERT). While trained jointly, we do not
impose any explicit dependency between the two tasks.

Encoders As base model for our systems, we experimented with several pretrained encoders. The
two models used in our submissions are ALBERTo [25] and mmBERT (Multilingual Modern BERT)[26].
ALBERTo is a BERT-based model pre-trained on 191GB of Italian social media texts from the TWITA
corpus [27]. mmBERT [26] is a recent multilingual encoder with 307M parameters and 22 layers,
supporting more than 1,800 languages. Compared to BERT-like encoders, it introduces three main
innovations: (i) a multi-stage learning paradigm composed of pre-training, mid-training, and decay
phases; (ii) masked language modeling with a dynamic masking rate from 30% to 5% to enhance more
nuanced language representations; (iii) dynamically varying data size and number of languages at each
phase. Additionally, model temperature is dynamically adjusted to promote uniform sampling across
languages and reduce bias toward high-resource ones.

In our experiments, although mmBERT is larger and more advanced, ALBERTo often performed
better, likely due to its Italian specialization and Twitter pretraining, closely matching the FadeIT
domain. For each submitted system we selected the encoder performing best on the development set

Training Setup We randomly split the train-dev portion released by the FadeIT shared task’s orga-
nizers into training (80%) and development (20%) sets, resulting in 921 and 231 instances, respectively,
corresponding to 64% and 16% of the total FAINA dataset. We used the same fixed split to train and
evaluate all setups, guiding our decisions during system development. For the final submissions, we
trained our best models on all available data (1152 instances).

Multi-task training was performed using the MaChAmp v0.4 toolkit [28]. Unless otherwise specified
(see Table A.1 in the Appendix), models were trained using the AdamW optimizer (𝛽1 = 0.9, 𝛽2 = 0.99),
with a batch size of 32, learning rate of 1e-4, encoder dropout of 0.2, and for 20 epochs.



Evaluation We evaluated our systems using the official evaluator provided by the organizers and
optimized our runs for micro-averaged F1 score, used for the shared task ranking. Macro-averaged
scores were also used for assessing and comparing systems (see Section 4). For Subtask B, the micro-
averaged metrics also take into account of partial span matches, assigning credit proportionally to the
overlap in terms of tokens [20]. Additionally, the evaluation distinguishes between strict and soft modes.
In the soft setting, partial credit is assigned when the predicted fallacy, albeit wrong, is nevertheless
related to the gold label according to the fallacy hierarchy introduced by Ramponi et al. [8] and provided
by the organizers. Although aware that soft scoringis based on class relationships, we did not take this
aspect into consideration when developing our systems.

4. Results and Discussion

The TiGRO family turned out to be very competitive, ranking first (#1) for Subtask A with TiGRO-A3
and fourth (#4) for Subtask B with TiGRO-B3. For the latter, the official rank is based on soft scoring;
when considering strict scoring, the TiGRO systems occupy the top three positions: TiGRO-B3, TiGRO-
B1, TiGRO-B2, respectively, showing the same internal order observed for the soft scoring rank (see
Table 6). Notably, our best-performing systems for both subtasks share the same architecture, namely a
multi-task fine-tuned encoder jointly trained on 20 post-level and 20 span-level classification tasks. The
only difference lies in the encoders used, ALBERTo and mmBERT, respectively.

4.1. Subtask A

Table 3 reports the results for Subtask A on the development and test sets. Our best-performing model
on the development set, TiGRO-A1, did not generalize well to the test set and exhibits significant
drops in both micro and macro F1, likely due to overfitting. In contrast, our weakest model on the
development set, TiGRO-A3, achieved the highest micro-F1 on the test set, with a score of 56.39.

Table 3
Results for Subtask A (post-level fallacy detection) on development and test sets. Best result per evaluation set in
bold.

Development Test

Model P R micro-F1 macro-F1 P R micro-F1 macro-F1 Rank

TiGRO-A1 57.84 57.03 57.40 31.58 62.52 39.85 48.65 20.57 5
TiGRO-A2 55.19 53.78 54.46 32.03 53.43 51.48 52.41 27.94 3
TiGRO-A3 49.87 58.47 53.81 32.71 53.24 59.99 56.39 33.35 1

Baseline 32.21 11.37 16.8 3.44 38.53 14.28 20.84 5.1

Table 4 shows TiGRO-A3’s per-class scores on the test set averaged across the annotators. Performance
reflects the skewed class distribution in the training set: dominant classes, such as Appeal-to-emotion,
achieve high F1 scores (75.47), while the least frequent classes, such as Circular-Reasoning, which appear
in less than 1% of training instances, are not predicted at all.

Furthermore, the dominant classes tend to be more based on superficial cues in the text, making
it easier to capture. In contrast, the minority classes mostly correspond to complex logical fallacies,
which are inherently more challenging to identify. As a result, it is difficult to reliably assess how well
the models actually deal with complex fallacies. As illustrated in Example 1, superficial lexical cues
(highlighted in bold) characterize a highly frequent class such as Loaded-language while this is not the
case for a minority class such as Strawman as shown in Example 2.

(1) Invasione, sono partiti circa 900 immigrati dalla Libia: le Ong li stanno portando qui
(en: Invasion: 900 immigrants depart from Libya; NGOs are bringing them here)



(2) [USER] propone di distribuire i vaccini “anche in base al Pil regionale”. In pratica, per lei le regioni
più ricche dovrebbero essere più protette dal virus rispetto a quelle più povere. Quale sarà la
prossima idea? Vaccinare i bianchi e non i neri? Vergogna
(en: [USER] proposes distributing vaccines “also based on regional GDP”. In short, for her, richer regions
should be better protected from the virus than poorer ones. What will the next idea be? Vaccinate
white people but not black people? Shame.)

Table 4
TiGRO-A3 per-class performance on test set, averaged across annotators, ordered by F1 score, with the percentage
of training posts containing each class.

Fallacy Precision Recall F1 Train (%)

Appeal-to-emotion 64.04 91.86 75.47 56.60
Loaded-language 58.33 92.16 71.26 60.68
Doubt 65.38 69.19 67.19 18.58
Name-calling-or-labelling 61.17 68.95 64.73 31.42
Slogan 72.73 57.14 64.0 11.28
Vagueness 50.0 73.94 58.9 46.35
Ad-hominem 56.9 48.53 52.37 12.15
Flag-waving 41.3 32.24 36.21 13.72
Hasty-generalization 34.38 37.71 35.91 19.53
Evading-the-burden-of-proof 29.76 33.55 31.53 17.71
Thought-terminating-cliches 28.57 26.7 27.59 11.98
Slippery-slope 37.5 18.75 25.0 7.29
False-analogy 26.92 13.95 18.18 10.85
Red-herring 17.39 14.67 15.88 11.20
Cherry-picking 25.0 7.14 11.11 5.03
Appeal-to-authority 10.0 4.95 6.6 8.42
Causal-oversimplification 10.0 3.33 5.0 5.90
Strawman 0.0 0.0 0.0 5.03
False-dilemma 0.0 0.0 0.0 3.39
Circular-reasoning 0.0 0.0 0.0 0.87

This phenomenon raises concerns about the reliability of micro F1 as an evaluation metric in highly
skewed datasets. Although TiGRO-A3 achieves a micro F1 of 56.39 on the test set, it performs poorly
on most classes, highlighting how the overall score is dominated by the easiest, majority classes. To
further validate this observation and assess whether the high performance on frequent classes might
be due mostly to exploitable surface patterns, we trained a linear Support Vector Machine (SVM)
classifier as a baseline. We used the scikit-learn implementation with default parameters [29] and
xlm-r-distilroberta-base-paraphrase-v1 sentence embeddings [30]. Since the test set gold labels
were not released, we report results on the development set to ensure a fair comparison.

The SVM achieves a micro F1 of 47.38, notably close to TiGRO-A3’s 53.81 on the development set
(see Table 3). However, macro F1 provides a fairer assessment of model capabilities with TiGRO-A3
achieving 32.71 compared to only 15.04 for the SVM. More revealing insights emerge from the per-class
analysis. On the development set, TiGRO-A3 achieves a per-class F1 score of at least 50% for only 5
out of 20 fallacy classes. Notably, these are the same classes for which the SVM obtains a non-zero
F1 score. Table 5 reports the development set results for these top five classes for both SVM and
TiGRO-A3. Performance on the majority classes is similar for both models, confirming that these
classes are inherently easier to detect even without complex language understanding, likely due to
exploitable lexical biases in the dataset. In contrast, the SVM fails entirely on all other fallacies, whereas
TiGRO-A3 captures several mid-difficulty classes, although with limited performance. This indicates
that the more complex model does identify some patterns beyond surface cues, making it difficult to
reliably assess how well it actually “understands” complex fallacies.



Table 5
Performance of SVM and TiGRO-A3 on the top five fallacy classes on development set. All remaining
classes not shown achieve a F1 score of 0 for SVM and below 50% for TiGRO-A3.

SVM TiGRO-A3

Fallacy P R F1 P R F1

Doubt 89.58 54.56 67.79 73.75 74.84 74.26
Loaded-language 54.24 82.59 65.30 55.90 91.71 69.28
Appeal-to-emotion 58.03 72.59 64.47 57.52 80.43 67.04
Name-calling-or-labeling 52.56 39.87 45.33 51.35 73.85 60.57
Vagueness 50.46 68.95 57.89 48.39 75.37 58.56

Performance per Annotator During our experiments on development set we observed that the
results for the second annotator are consistently higher across all setups. This is also observed on the
test set, where TiGRO-A3 achieves an F1 of 58.68% on Annotator2 and of 54.10% on Annotator1. This
difference may be due to the first annotator providing noisier signals. Combining the annotations likely
helped stabilize the training process and improve overall performance.

4.2. Subtask B

Table 6 present the results for Subtask B on the development and test sets. Our best model on the devel-
opment set, TiGRO-B3, also obtained the highest performance on the test set among our submissions,
with a Soft-F1 score of 44.98. In addition, it achieved the highest Strict-F1 score among all submitted
systems, reaching 42.13.

Table 6
Results for Subtask B (span-level fallacy detection) on development and test sets, using micro averaged scores.
Best result per evaluation set in bold.

Development Test

Strict Soft Strict Soft

Model P R micro-F1 P R micro-F1 P R micro-F1 Rank P R micro-F1 Rank

TiGRO-B1 37.61 32.37 34.79 41.87 36.80 39.17 38.33 40.35 39.30 2 42.50 45.20 43.80 5
TiGRO-B2 37.59 33.14 35.20 41.50 37.20 39.24 38.23 40.05 39.11 3 42.68 44.87 43.74 6
TiGRO-B3 44.45 31.95 37.18 47.81 35.13 40.50 47.82 37.67 42.13 1 51.01 40.25 44.98 4

Baseline 90.49 0.77 1.53 90.49 0.77 1.53 60.94 3.05 5.80 65.97 3.28 6.25

Table 7 shows TiGRO-B3 per-class scores on the test set, averaged across the annotators, together
with span frequency and average span length in our unified version of train-dev set. In this case, span
frequency appears to be less predictive of model performance, whereas span length seems to play a
more important role. For instance, Slogan achieves strong results (F1 71.28) while representing only
2.73% of the training spans, but it has a relatively short average span length of 4.32 tokens, which may
facilitate more accurate predictions.

Classes with the strongest performance in Subtask A tend to be associated with shorter spans, whereas
the most difficult classes often involve much longer spans, sometimes even covering the entire post. A
notable exception is Doubt, which performs well (F1 64.80) despite having a long average span length of
17.16 tokens and representing only 4.02% of all spans. In contrast, Appeal-to-Authority performs poorly
(F1 12.90) despite a relatively short average span length of 6.19 tokens.



Table 7
TiGRO-B3 per-class performance on test set, averaged across annotators, ordered by F1 score, with the percentage
of training spans and average span length.

Fallacy Precision Recall F1 Train (%) Avg span length

Slogan 71.67 70.93 71.28 2.73 4.32
Doubt 56.95 75.21 64.80 4.02 17.16
Appeal-to-emotion 53.94 53.93 53.90 17.85 5.74
Name-calling-or-labelling 68.51 43.67 53.27 9.84 2.71
Loaded-language 47.37 46.66 46.90 23.12 2.77
Thought-terminating-cliches 34.12 37.18 35.55 2.52 5.44
Slippery-slope 80.00 21.59 34.00 1.54 10.70
Vagueness 34.57 32.03 32.66 13.03 9.56
Flag-waving 47.22 21.62 29.66 3.46 4.66
Ad-hominem 44.87 18.25 25.91 2.62 17.07
Evading-the-burden-of-proof 28.03 10.25 15.01 3.97 16.52
Appeal-to-authority 41.67 7.69 12.90 1.90 6.19
Cherry-picking 48.48 7.14 12.45 1.03 29.21
False-analogy 26.79 7.19 11.27 2.23 20.93
Hasty-generalization 18.52 7.85 11.03 4.38 11.01
Red-herring 11.11 3.49 5.30 2.48 12.79
False-dilemma 0.00 0.00 0.00 0.80 16.96
Causal-oversimplification 0.00 0.00 0.00 1.28 20.78
Strawman 0.00 0.00 0.00 1.03 37.79
Circular-reasoning 0.00 0.00 0.00 0.18 28.90

5. Methods Not Adopted

During system development, we experimented with several alternative approaches to improve perfor-
mance. While not all succeeded, discussing these attempts may benefit future work.

5.1. Data Augmentation

To address the issue of data underrepresentation, we attempted to expand the training dataset by
integrating external resources. This is a well-known challenge in fallacy detection, as there is no
standard taxonomy, definitions, or annotation guidelines for fallacies.

We focused on the MAFALDA dataset [31], since its fallacy classes are partially aligned with those in
our task, making label mapping feasible. The dataset consists of 200 annotated English examples from
different sources, including Reddit discussions, toy examples, and political debates.

We first trained the model on a multi-task setup using mmBERT (see TiGRO A2), leveraging its
multilingual capabilities; however, this did not lead to noticeable performance improvements. As a
second attempt, we also automatically translated the MAFALDA examples into Italian using Claude
Sonnet 4.5, so that we could use the ALBERTo encoder which overall was offering better performances
on our development set. This approach however proved unsuccessful to the point that we observed a
decrease in performance. This degradation is likely due to (i) domain mismatch as the additional data
differ substantially in style from Twitter posts, and (ii) differences in the fallacy class definitions leading
to different annotation guidelines.

5.2. Span Extraction with Attribution

For addressing Subtask B, our initial approach aimed to build a performative post-level classifier for the
20 fallacy types (Subtask A), followed by span extraction using attribution methods. In other words,
assuming that the classifier correctly predicts the post-level class, we can analyze which tokens the
model focuses on to make that prediction and extract the most relevant ones.



Due to weak performance on Subtask A across several classes, this approach was not feasible.
However, we still experimented with the highest-performing class Appeal to Emotion as a proof-of-
concept for this idea. We used the LXT library, which provides an efficient attribution method based on
AttnLRP [32], a backpropagation-based technique that corrects gradient flow through non-linearities.
After computing token-level relevance scores, we selected tokens whose relevance exceeded a threshold
defined as 𝜃 standard deviations above the mean. The parameter 𝜃 was tuned to maximize macro F1 on
a BIO token-level evaluation for the considered class.

Overall, although the attribution method often highlights important words and can be useful as an
explainability tool for human inspection, our preliminary experiments on automatic span extraction
were inconclusive and yielded poor results. Some qualitative examples are reported on Figure B.1 in
Appendix B. Further investigation is needed to include more classes and design sophisticated span
extraction strategies that handle noisy relevance and adapt to gold span annotations.

6. Conclusions and Future Work

This paper presented the TiGRO family systems for the FadeIT task at EVALITA 2026. Our main focus
was Subtask A, where TiGRO-A3 achieved first place (micro F1 of 56.39), using a multi-task approach
that framed Subtask A as 20 binary classification tasks and Subtask B as 20 BIO tagging tasks, jointly
training a total of 40 classifiers.

For Subtask B, our initial idea to use attribution methods to extract spans once obtained the fallacy
classes from the predictions in Subtask A resulted unfeasible. This was due to poor performance on most
classes in Subtask A. Instead, our submitted best model used the same multi-task approach as Subtask
A, ranking fourth in soft evaluation (micro F1 44.98) and first in strict evaluation (micro F1 42.13).

Performance analysis per class revealed substantial differences across classes, reflecting the highly
skewed distribution of the dataset. In addition to frequency in the training set, some classes appeared
to be inherently easier, detectable even by a simple SVM, while others performed poorly or were not
predicted at all, particularly the more complex logical fallacies (e.g., Strawman or Circular-reasoning),
which are less likely to rely on surface clues only.

Future work should focus on extending the dataset, possibly incorporating examples from other
domains to reduce biases inherent to the style of social media messages, which favors brief, provocative
messages over complex arguments. Annotation could also be improved: we found that fitting to
individual annotators’ styles introduced noisy signals, whereas treating each annotation as equally
valid significantly improved predictions. More structured guidelines with formal definitions of fallacies,
following Helwe et al. [31], could improve consistency and allow the inclusion of additional annotators.

Finally, although attribution-based span extraction was not feasible in this setting, we plan to further
develop this method for tasks where text-level labels are easier to obtain than precise span annotations.
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A. Additional Experimental Details

Hyper-parameters Table A.1 shows hyperparameter values for all our submitted TiGRO models. All
experiments were executed on the Hábrók high-performance computing cluster at the University of
Groningen, using an NVIDIA A100 GPU.

Table A.1
Training hyperparameters for TiGRO models.

Models Encoder Epochs Batch size LR Dropout

TiGRO A1 mmBERT 3 16 2e-5 0.0
TiGRO A2 ALBERTo 10 32 1e-4 0.2
TiGRO A3, B1, B2 ALBERTo 20 32 1e-4 0.2
TiGRO B3 mmBERT 20 32 5e-4 0.2

Subtask A Table A.2 shows TiGRO-A3 confusion matrix counts on the development set for Subtask
A. Figure A.1 illustrates the correlation matrix of fallacy labels in the development set and in TiGRO-A3
prediction, showing difficulty in discerning some closely related classes, such as Slogan and Flag-waving.
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Table A.2
TiGRO-A3 confusion matrix counts per fallacy type on development set, ordered by true positive count.

Fallacy (tag) TP FP FN TN

Loaded-language (LL) 121 57 11 42
Appeal-to-emotion (AE) 101 52 27 51
Vagueness (VA) 74 50 30 77
Name-calling-or-labelling (NC) 44 30 18 139
Doubt (DO) 31 9 13 178
Evading-the-burden-of-proof (EP) 15 19 29 168
Hasty-generalization (HG) 15 27 24 165
Flag-waving (FW) 12 9 15 195
Slogan (SL) 11 5 19 196
Ad-hominem (AH) 10 12 16 193
Thought-terminating-cliches (TC) 7 5 26 193
Slippery-slope (SS) 4 3 12 212
False-analogy (FA) 3 14 20 194
Appeal-to-authority (AA) 3 1 23 204
Red-herring (RH) 2 15 17 197
Causal-oversimplification (CO) 1 3 15 212
False-dilemma (FD) 0 0 7 224
Circular-reasoning (CR) 0 0 3 228
Cherry-picking (CP) 0 1 12 218
Strawman (ST) 0 2 13 216

(a) Correlation matrix for gold labels in dev-set. (b) Correlation matrix for predicted labels (TiGRO-A3).

Figure A.1: Correlation of fallacy label co-occurrences in the development set and in TiGRO-A3 predictions,
considering merged annotations.

B. Attribution Examples

The examples in Figure B.1 illustrate two true positive predictions and one false positive prediction
from TiGRO-A1 for Appeal to Emotion, highlighting words based on attribution relevance. Specifically,
red indicates a positive contribution to the predicted class, and blue indicates a negative contribution.
The gold span is highlighted in bold.

Results are noisy, but the model generally focuses on emotion-related words supporting correct
predictions for Subtask A. Example B.1a shows a perfect gold span match for Subtask B, while B.1b
illustrates typical mismatches. This mainly occurs because the model assigns relevance to single key



words rather than longer spans, and is sometimes distracted by words that contribute to post-level
predictions but introduce noise for exact span extraction. Example B.1c shows a false positive, where
attribution can be useful for human inspection.

(a) Example of perfect match with the gold span for Subtask B.

(b) Example of mismatch with the gold spans for Subtask B.

(c) Example of false positive, where attribution shows which textual portion has most likely led to the
wrong class prediction.

Figure B.1: Attribution examples for TiGRO-A1 predictions on Appeal to Emotion. Red indicates positive
contribution, Blue negative, and the gold span is in bold.
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