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Abstract

This paper presents the participation of our team, NapierNLP, in the CLEF2026 Touché Lab: Fallacy Detection,
sub-task 1. This task aimed to identify fallacious statements within a corpus sourced from Reddit comments.
We formulate the task as a classification problem and fine-tune four pre-trained small language models (SLMs):
GPT2, Qwen, TinyLlama, and GPT-Neo. To enhance our predictions, we combine the outputs from multiple
models using two different methods: confidence and majority voting. We conducted experiments and evaluated
our approach using the Touché 2026 Fallacy Detection dataset. Our best model produced an F1 result of 0.91,
which placed 8" in the competition.
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1. Introduction

Fallacies are arguments that seem convincing, however, are based on faulty reasoning. They are
frequently employed in online discourse, which can get argumentative or manipulative. Learning the
ability to debate has been shown to decrease verbal aggressiveness [1], therefore, identifying these
arguments online can help keep discussions civil. It is not only useful for users of online discussion
forums, but also for moderators. By identifying those exchanges that are becoming fallacy heavy
moderators can step in and divert the discussion before it becomes too heated, or identify cases where
misinformation is being spread.

The CLEF-2026 Touché[2][3] Lab "Fallacy Detection" task invites participants to develop a system
that can identify a fallacy, which is "a flawed argument, where the inference relation or the premises are
incorrect." [4] From the dataset three subtasks were defined: Fallacy Detection, Fallacy Classification
(for fallacious arguments), and Argument Scheme Classification (for non-fallacious arguments). We
participated in subtask one only. We utilised small (<5B) parameter versions of open-source large
language models to detect fallacies, a continuation of our previous work at the CLEF 2025 CheckThat!
competition [5].

2. Background and Related Work

Fallacy detection can be traced back to Ancient Greece with Aristotle’s "On Sophistical Refutations"
[6], and has since been an important philosophical topic. The dataset used for this competition has it’s
roots in the Pragma-dialectical theory by van Eemeren and Grootendorst [7], and subsequent work by
Walton [8]. Although these definitions are an integral piece of fallacy detection, dataset creation can be
a difficult task. Sahai et al [4] followed on from work by Habernal et al. [9][10] and Da San Martino [11]
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to create a large dataset of both fallacious and non-fallacious statements. Using a Multi-Granularity
Network (MGN) an F1 of 0.7586 was achieved on the full dataset. Large Language Models (LLMs) can be
effectively used for language-based classification tasks [12], including fallacy detection. Pan et al [13]
achieved an F1 of 0.8111 on the same dataset using GPT-4.

Using an ensemble model can yield better results than individual models [14]. Hard voting is
a straightforward technique for classification problems, where individual models classify sentences
independently, and the final prediction is based on the most frequently assigned label [15]. Whilst hard
voting is done post classification, soft voting is done prior to label creation. Predicted probabilities from
the different models are combined and then a label is assigned based on the average, giving models
with a higher confidence a greater impact on the final label [16].

3. Methodology

For this experiment we framed fallacy detection as a binary classification problem. Models were
fine-tuned using supervised learning of human-annotated data to classify sentences accordingly.

3.1. Small Language Models

For the purposes of this experiment, we define Small Language Models (SLMs) as pre-trained neural
language models with under 5B parameters. SLMs are a subsection of Large Language Models which
have emergent abilities that are not present in other architectures [17], including the ability to be
prompted with natural language. As well as prompting, SLMs can also be fine-tuned for a variety of
downstream tasks, including sentence classification.

In this study, we fine-tune four publicly available SLMs from HuggingFace: GPT2 [18], Qwen2.5 [19,
20], TinyLlama [21] and GPT-Neo [22] and two encoder-only transformers with bi-directional attention:
Bert[23] and Roberta[24]. Details of the models can be found in Table 1.

Table 1

Details of the models considered in the experiments and evaluation
Model Parameters Developer Release Year Available at:
GPT2 137M OpenAl 2019 openai-community/gpt2
GPT-Neo 1.3B 1.37B EleutherAl 2021 EleutherAl/gpt-neo-1.3B
Qwen2.5 1.5B 1.54B Alibaba Group 2024 Qwen/Qwen2.5-1.5B
TinyLlama 1.1B 1.1B StatNLP Research Group 2024 TinyLlama/TinyLlama_v1.1
BERT Google 2018 Google/BERT
RoBERTa FacebookAl (META) 2019 FacebookAl/RoBERTa

We anticipate that a fusion model could outperform individual models, so we employed two different
ensemble techniques. In hard (majority) voting each model provides a prediction label, and the common
label across all four models is used as the final classification. In soft voting each model produces class
confidence probabilities, and the final classification is determined by averaging these probabilities across
all models. Therefore we have four different ensemble methods we will try:

HV  Hard voting with the four SLMs.

HVB Hard voting with the four SLMs, BERT and RoBERTa.
Sv Soft voting with the four SLMs.

SVB  Soft voting with the four SLMs, BERT and RoBERTa.


https://huggingface.co/openai-community/gpt2
https://huggingface.co/EleutherAI/gpt-neo-1.3B
https://huggingface.co/Qwen/Qwen2.5-1.5B
https://huggingface.co/TinyLlama/TinyLlama_v1.1
https://huggingface.co/google-bert/bert-base-cased
https://huggingface.co/FacebookAI/roberta-base

4. Experiments and Evaluations

4.1. Dataset

The corpus consisted of sentences sourced from Reddit [4], an online platform which facilitates anony-
mous discussion on a plethora of subjects. Each entry contained the following information:

id Unique identifier for the entry.

text_raw The original Reddit comment.

text_raw_parent The parent comment of text_raw.

text_raw_title Title of the thread text_raw originates from.

text_base Self-contained rewrite of text_raw that incorporates relevant information from
text_raw_parent and text_raw_title.

argument_base {claim, supports} extracted from text_base, making the argument structure
explicit.

text_enhanced Rewrite of text_base that explicitly surfaces fallacy and scheme information.

argument_enhanced {claim, supports} extracted from text_enhanced.

fallacy_exists Binary label (0/1) indicating whether the entry contains a fallacy — used in
Sub-Task 1 (Fallacy Detection).

fallacy_type The specific type of fallacy — used in Sub-Task 2 (Fallacy Classification).

resembles_fallacy The fallacy type this argument most closely resembles. For fallacious entries,
this equals fallacy_type. For non-fallacious entries, it identifies which fallacy
type the argument could plausibly be confused with — i.e., the argument
exhibits a similar reasoning pattern but does not commit the fallacy.

classification {argument_goal, argument_basis} — used in Sub-Task 3 (Argument Scheme
Classification).

Fallacious arguments were initially identified through the scraping of any comment that mentioned
named fallacies, and then the dataset was cleaned using crowdsourcing on Amazon Mechanical Turk
[4]. Non-fallacious comments came from both comments labelled non-fallacious at crowdsourcing, and
random picked comments from specific users on Reddit. The complete dataset was evenly distributed
between fallacious and non-fallacious arguments, as can be seen in table 2.

Table 2
Statistics of the Train and Test datasets

Dataset Fallacy Non-Fallacy Total

Train 465 473 938
Test 115 118 233

4.2. Experimental settings

We fine-tune the SLMs listed in Table 1, BERT and RoBERTa on the training data for 50 epochs with
early stopping using AutoModelForSequenceClassification. Entrants were able to choose between using
the base data only, or using the enhanced data. Therefore we ended up with 12 separate trained models,

"on

with the base versions only trained on "text_base", "argument_base" and "fallacy_exists" as outlined
in section 4.1, and the enhanced versions trained on on "text_enhanced", "argument_enhanced" and
"fallacy_exists". We used a parameter-efficient fine-tuning method called LoRA [25] on all models for
consistency. The training was conducted on an NVIDIA GeForce RTX 2080 Super with 8 GB GPU

memory. TIRA [26] was used for the submission process, with a maximum of three entries per subtask.



4.3. Results and Discussions

Our best result had an F1 of 0.910, which placed 7th in the competition, as seen in table 3. This was the
SVB ensemble trained and tested on the enhanced data. Our HVB trained and tested on the enhanced
data achieved an F1 of 0.888, which placed 10th in the competition. As our third submission we chose
to submit our SVB ensemble trained and tested on the base data only. This placed 7th in comparison to
all other submissions also trained and tested on the base data only, with an F1 of 0.734.

Table 3
F1, Precision and Recall results of the top three teams in comparison to our three submitted approaches
and the baseline

# | Team F1 P R
# | Team | F1 P R
1 seals-nlp 0.957 0.957 0.957
1| grtsh 0.807  0.807  0.807 2 | uzhcl-for-the-win | 0.944 0946 0945
2 uzhcl-for-the-win 0.751 0.770 0.754 3 0000000 0.940 0.940 0.940
3 | veritas 0.737 0.742 0.737
7 NapierNLP SVB 0.910 0.910 0.910
7 | NapierNLP SVB 0.734 0.736 0.734
10 | NapierNLP HVB 0.888 0.888 0.889
Organizer Baseline | 0.460 0.502 0.501
Organizer Baseline | 0.438 0.597 0.533

(a) Our Soft Voting Ensemble + Berts Trained and

Tested on Base Data only. (b) Our Soft Voting Ensemble + Berts and Hard Voting

Ensemble + Berts Trained and Tested on Enhanced
Data only

Trained and Tested on Base Data: The results of all four SLMs, BERT and RoBERTa and our ensembles
trained and tested on the base data only can be found in table 4. Our best individual model was Qwen2.5,
with an F1 of 0.751. This was our best overall model, outperforming all our ensemble methods. However,
our ensemble methods performed better than the other individual models and adding BERT and RoBERTa
improved the performance of both our soft and hard voting ensembles for the Binary F1 score. However,
for the Macro F1 score the HV ensemble (without either BERT or RoBERTa) was the best ensemble, and
would have placed 3rd in the competition. Further work on which models to use for the ensemble is
needed: a quick experiment just using Qwen and TinyLlama increased the Binary F1 of the SV model to
0.754 and the HV model to 0.751.

Table 4
Performance of models on the test dataset: Binary F1, Precision, Recall, Accuracy, and Macro F1 - Trained and
tested on the base data only.

Model Binary F1 | Precision Recall Accuracy | Macro F1
GPT2 0.686 0.654 0.722 0.674 0.673
Qwen2.5 0.751 0.730 0.774 0.747 0.747
GPT-Neo 0.647 0.742 0.574 0.691 0.686
TinyLlama 0.713 0.674 0.757 0.700 0.699
Soft Voting 0.737 0.719 0.757 0.734 0.734
Hard Voting 0.744 0.731 0.757 0.743 0.743
Bert 0.645 0.602 0.696 0.622 0.621
Roberta 0.698 0.636 0.774 0.670 0.667
Soft Voting + Berts 0.742 0.712 0.774 0.734 0.734
Hard Voting + Berts 0.745 0.718 0.774 0.738 0.738

Trained and Tested on Enhanced Data: Our models trained and tested on the enhanced data can be
seen in table 5. The enhanced data improved the results by an average of 0.17 for the F1 score. The best
performing model was TinyLlama, which was also our best performer overall with an F1 of 0.914. In



contrast to the base dataset, a soft voting ensemble worked better than a hard voting ensemble, and
adding BERT and RoBERTa to the hard voting ensemble reduced its efficiency.

Table 5
Performance of models on the test dataset: Binary F1, Precision, Recall, Accuracy, and Macro F1 - Trained and
tested on the enhanced data only.

Model ‘ Binary F1 | Precision Recall Accuracy ‘ Macro F1
GPT2 0.850 0.816 0.887 0.846 0.845
Qwen2.5 0.897 0.926 0.870 0.901 0.901
GPT-Neo 0.827 0.769 0.896 0.816 0.815
TinyLlama 0.914 0.906 0.922 0.914 0.914
Soft Voting 0.900 0.897 0.904 0.901 0.901
Hard Voting 0.900 0.904 0.896 0.901 0.901
Bert 0.835 0.835 0.835 0.837 0.837
Roberta 0.872 0.884 0.861 0.876 0.876
Soft Voting + Berts 0.910 0.898 0.922 0.910 0.910
Hard Voting + Berts 0.888 0.880 0.896 0.888 0.888

4.4. Failure Analysis

Although our model had a high success rate, 14 of the 233 sentences were misclassified by all eight
ensemble methods, as seen in table 6. Of the different fallacy types, none of the sentences tagged as
either being (if a fallacy) or resembling (if not a fallacy) black-or-white thinking were misclassified.
The most common fallacy types to be misclassified as non fallacies were as an appeal to authority
(somebody important said it was the case) and appeal to worse problems (problem X is worse, so the
original problem is justified). The most common non-fallacy to be misclassified as a fallacy resembled
the appeal to tradition fallacy (we have always done this, so this is correct). In the case of entry 1324:
"Have we just won the right to use the argument "we’ve been doing VEGANISM since literal ages"
now?’ it is likely because it does contain the fallacy, but it is not being used as one.

Table 6
Sentences which all ensemble methods failed to classify correctly: their gold standard label and which fallacy
they represent or are similar to

# First ten words of text Gold Label Fallacy Type

44 Because it’s a player shitting on the media, and this 1 authority

88 Using your 1Q as an argument to validate your point. 1 authority

201 Now let us look at Ghostbusters and how did that 1 hasty generalization
454  If you allow complex bans, you can ’‘complex ban’ almost 1 slippery slope
634  Reddit Moderator Shitshow Recap: They messaged us on the behalf 1 worse problems
641 I really don’t like this response, this is giving some 1 worse problems
761  Nationwide regulation has nothing to do with whether or not 0 authority
1070  Everyone’s ancestor has taken someones land at this point. If 0 natural
1115  Based on your username, I’'m going to say this is 0 population
1257 This is a very slippery slope. What’s next to be 0 slippery slope
1293 I think I might be the only person not looking 0 tradition
1296  That filth pays for the services that this province provides 0 tradition
1324  Have we just won the right to use the argument 0 tradition

0

1422 Fuck! I will never complain about my life ever again. worse problems

Of the correctly identified sentences, 155 of 233 were correctly identified by every single ensemble
method, and 205 were correctly identified by every single enhanced data ensemble. When split by fallacy
type, the enhanced data ensembles also correctly identified every appeal to nature fallacy and every



non-fallacy resembling hasty generalization on top of the black-or-white thinking fallacies mentioned
previously. Only two sentences were correctly identified by all base ensembles and misidentified by
all enhanced ensembles: 401 (fallacy) and 1403 (non-fallacy). This may be due to the fact the text is
longer in the enhanced_text field than in the base_text field, however, as SLMs are black-box algorithms
further investigation and experimentation would be needed to identify the cause.

5. Conclusion

For our approach, we tested four different small language models, BERT and RoBERTa and used two
different ensemble methods to classify the sentences as either a fallacy or a non-fallacy. For the models
trained and tested on the base data only we found that Qwen2.5 was both the best individual and best
overall model. We also found that the hard voting ensemble performed better than the soft-voting
ensemble, and adding BERT and RoBERTa to the ensemble increased the performance of both ensemble
types. In contrast, for models trained and tested on the enhanced data, TinyLlama was the best individual
and overall model. The soft voting ensemble outperformed the hard voting ensemble both with and
without BERT and RoBERTa, whose addition actually reduced the hard voting ensemble F1 score.

6. Future Work

There are several ways in which this research could be enhanced in future work. For example, identifying
other small language models or BERT-based models which could be included in the ensembles, or
removing models that may reduce the overall ensemble performance. Further investigation of ensemble
methods may also result in a higher score, for example, by including a weighting to ensure models
such as Qwen2.5 or TinyLlama have a larger impact on the overall ensemble. Re-training the models to
access more of the data fields available, such as the raw text, parent and title may also have improved
both the individual models and therefore the ensembles F1 scores. Additionally, we could investigate
prompting, either as an alternative to or in conjunction with our current method.
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