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Abstract
This paper describes our system for Touché 2026 Task 1: Fallacy Detection. The task requires determining whether
a given argument contains an informal fallacy and can be formulated as a binary classification problem over
argumentative texts. We fine-tune RoBERTa-base under both base and enhanced input settings. To obtain robust
validation estimates on the small training set, we use 5-fold cross-validation to produce out-of-fold predictions and
tune the decision threshold by maximizing F1 on validation probabilities. To reduce variance caused by random
seeds and input formats, we further use an ensemble method that averages the predicted fallacy probabilities
from multiple models and re-tunes the decision threshold for the ensemble. Our experiments show that the
base setting is mainly affected by false positives: many non-fallacious arguments that resemble fallacy patterns
are predicted as fallacies. To mitigate this issue, we design an argument-first input format that places claims
and supporting statements before the remaining context, improving precision in the base setting. The best base
system, a 6-model mixed ensemble of original and argument-first inputs, achieves an out-of-fold F1 score of
0.7280. In the enhanced setting, a 3-seed RoBERTa-base ensemble achieves an out-of-fold F1 score of 0.8950. In
the official Touché 2026 results, our enhanced run achieved a macro F1 score of 0.940 and ranked third in both the
Task 1 enhanced ranking and the combined Task 1 ranking. The results suggest that explicit argument structure
is important for fallacy detection.
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1. Introduction

Informal fallacy detection is an important problem in computational argumentation and natural language
processing. In online discussions, arguments are often expressed through natural-language claims,
supporting evidence, context, and pragmatic assumptions rather than formal logical formulae [6].
Fallacy detection therefore requires models to capture the relation between a claim and its support,
instead of relying only on surface lexical patterns [7]. Touché 2026 includes Fallacy Detection as one of
its shared tasks on argumentation systems [1, 2]. In Sub-Task 1, systems must determine whether a
given argument is fallacious, which we formulate as a binary classification problem [3].

The main challenge of this task is not simply detecting explicit fallacy keywords, but distinguishing
genuine fallacies from arguments that are superficially similar to fallacies while still being valid. The
official task description provides a resembles_fallacy field for non-fallacious examples to indicate
which fallacy type the argument can be confused with. This design requires systems to separate genuine
fallacies from superficially similar but valid arguments [3].

These observations also reveal a practical issue in this shared task: if a model relies only on the
semantic representation of the whole text, it may over-predict fallacies for valid arguments that merely
resemble fallacy patterns; if it relies on complex manual or structural analysis, the implementation and
reproducibility cost may increase. Since CLEF working notes emphasize reproducible systems and the
training set is relatively small, we need a framework that can be deployed offline, fine-tuned stably, and
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still use argument-structure information. RoBERTa-base provides a contextual Transformer encoder,
while the task-provided argument fields and input-format design make it possible to emphasize the
relation between claims and supports.

Based on these considerations, we build a RoBERTa-base system for fallacy detection. Instead of
using a fixed threshold of 0.5, we search for the threshold that maximizes F1 on 5-fold out-of-fold
(OOF) predictions. For the enhanced setting, we use the structured information in text_enhanced
and argument_enhanced and apply probability ensembling across random seeds. For the base setting,
our error analysis shows a large number of false positives, so we design an argument-first input format
that places the claim and supports at the beginning of the input to reduce the influence of contextual
noise and input truncation. Our main contributions are:

• We build a RoBERTa-base system for Touché 2026 Task 1 that combines 5-fold cross-validation,
OOF threshold tuning, and probability ensembling.

• We compare base and enhanced settings and show that enhanced structured fields substantially
improve fallacy detection performance.

• We analyze false positives in the base setting and show that argument-first input formatting partly
mitigates the tendency to classify resembles_fallacy non-fallacious examples as fallacies.

2. Related Work

2.1. Informal Fallacy Detection

Informal fallacy detection focuses on erroneous reasoning patterns in natural-language arguments.
Unlike formal logical errors, informal fallacies often depend on context, argumentative goals, evidence
sufficiency, and semantic relations. Sahai et al. study common informal fallacies in online discussions
and build a Reddit-based dataset; their results indicate that contextual information can help neural
models classify fallacies [6]. This is consistent with the design of the Touché data, which provides fields
such as text_raw_parent, text_raw_title, and text_base.

Jin et al. propose the Logical Fallacy Detection task and the Logic/LogicClimate datasets. They
emphasize that fallacy detection requires understanding the underlying logical structure of an argument
and report that a simple structure-aware classifier can outperform several pretrained language models
[7]. This suggests that fallacy detection is not only topic classification, but also requires judging the
relation between a claim and its support.

Yeh et al. introduce CoCoLoFa, a dataset containing 7,706 news comments and 648 news articles.
Each comment is annotated for fallacy presence and fallacy type, and BERT-based fine-tuned models
achieve strong performance on fallacy detection and classification [9]. This supports our choice of a
fine-tuned encoder model as a reproducible baseline system.

2.2. Argument Structure and Enhanced Representations

A key issue in fallacy detection is whether the support actually justifies the claim. Toulmin’s model
decomposes arguments into components such as claim, data, warrant, backing, and rebuttal, providing
a classical framework for analyzing natural-language argument structure [11]. In computational argu-
mentation, Stab and Gurevych model argument components and argumentative relations in persuasive
essays, showing the importance of explicitly identifying argumentative components and relations [12].

The Touché 2026 task provides argument_base and argument_enhanced fields, where argument
fields contain claims and supports, making the argumentative structure explicit [3]. The task description
also notes that Reddit arguments are often unclear and depend on background assumptions; thus,
text_base incorporates relevant information from the parent comment and title into a self-contained
rewrite, while enhanced fields further surface scheme and fallacy-related information [3].

Lei and Huang propose Logical Structure Tree, which organizes connectives, relations, and textual
arguments into a tree structure and incorporates it into large language models through hard and soft



Table 1
Dataset statistics.

Split Examples Fallacy Non-fallacy

Train 938 465 473
Test 233 hidden hidden

prompting. Their experiments show improvements in precision and recall for fallacy detection and
classification [10]. We do not construct a full logical structure tree. Instead, in the shared-task setting,
we use the enhanced fields and an argument-first input format to place structured argumentative
information in positions that are easier for the model to exploit. Different from these structure-heavy
approaches, our system uses the task-provided argument fields and an argument-first input format to
inject structural information into a lightweight RoBERTa-based pipeline.

3. Task and Dataset

Touché 2026 Fallacy Detection contains three related subtasks: Task 1 determines whether an argument
is fallacious, Task 2 identifies the fallacy type, and Task 3 identifies the argument scheme for non-
fallacious arguments. This paper focuses on Task 1 for two reasons. First, Task 1 is the basic detection
task that precedes fine-grained fallacy type and argument scheme analysis. Second, given the short
submission cycle and the offline training environment, we prioritize a reproducible and stable binary
classification system. Task 2 and Task 3 can be further studied using multi-task learning on top of the
present framework. The official evaluation uses a held-out test set and reports precision, recall, and
F1-score [3].

The training set contains 938 examples, including 465 fallacious examples and 473 non-fallacious
examples. The test set contains 233 examples with hidden labels. The training data are derived from
the informal fallacies dataset of Sahai et al. and released in the touchefallacy_2026 format [3, 6].
Table 1 summarizes the dataset statistics.

The fallacious training examples cover eight fallacy types: authority, population, natural, tradition,
worse problems, black-or-white, hasty generalization, and slippery slope. Non-fallacious examples
include a resembles_fallacy field indicating which fallacy type they most closely resemble. This
field is important for analyzing hard negatives.

4. Method

4.1. System Overview

Our system consists of four parts: input construction, RoBERTa binary classification, OOF threshold
tuning, and probability ensembling. Given an argumentative example, the system constructs an input
text according to the base or enhanced setting, feeds it into a RoBERTa-base sequence classifier, and
obtains 𝑃 (fallacy). During validation, 5-fold cross-validation produces OOF probabilities for all training
examples. During inference, we average probabilities from multiple models and apply the threshold
tuned on OOF predictions.

4.2. RoBERTa Binary Classifier

RoBERTa improves BERT pretraining through several training choices, including dynamic masking,
removing the NSP objective, and using larger batches and more data [8]. We use RoBERTa-base as
the encoder and add a binary classification head. The model input is the concatenated argumentative
text, and the output is a probability distribution over two labels. We use the probability of the fallacy
class as 𝑃 (fallacy). The training objective is binary cross-entropy, and labels are provided by the
fallacy_exists field.



Figure 1: Overview of our fallacy detection pipeline.

We choose RoBERTa-base for two reasons. First, it can be fine-tuned stably on a small dataset. Second,
its model size is suitable for reproducible experiments on a shared server without external network
access. We do not use test labels for model selection.

4.3. Input Construction

In the enhanced setting, the model uses fields such as text_enhanced and argument_enhanced.
These fields provide clearer argumentative expressions and help the model focus on the relation between
claim and support. In the base setting, the original input contains the discussion title, parent comment,
self-contained base text, and the argument structure in argument_base. Initial experiments show that
the original base input has high recall but low precision, indicating that the model tends to over-predict
the fallacy label.

To reduce false positives in the base setting, we design an argument-first input format. It places the
claim and supports from argument_base at the beginning of the input and then appends text_base.
The motivation is that fallacy detection mainly depends on the relation between claim and support
rather than the raw title or parent comment. In addition, since long inputs may be truncated, placing
the core argument structure earlier helps preserve key information.

4.4. Threshold Tuning and Probability Ensembling

Since the task is evaluated mainly by F1, a fixed threshold of 0.5 is not necessarily optimal. We search
for a threshold on OOF predictions and select the one that maximizes F1. For ensemble models, we first
average the 𝑃 (fallacy) values from multiple models and then tune a threshold on the ensemble OOF
probabilities.

Our ensemble method is probability averaging rather than majority voting. Majority voting only
keeps the final labels and loses confidence information. Probability averaging preserves the strength of
each model’s prediction for the fallacy class and is better suited to complementary predictions from
different random seeds and input formats.

4.5. Algorithm

Algorithm 1: Fallacy detection with OOF threshold tuning and probability ensembling

1. Input: training set 𝐷, test set 𝑇 , and a set of model configurations 𝑀 .
Output: a JSONL prediction file for the test set.

2. Split 𝐷 into five folds stratified by fallacy_exists and resembles_fallacy.
3. For each model configuration 𝑚, train five fold-specific models. Each time, use four folds for

training and one fold for validation, and save validation-fold 𝑃 (fallacy).



Table 2
Main experimental settings.

Item Setting

Base model RoBERTa-base
Task form Binary sequence classification
Maximum length 512
Epochs 10
Batch size 16
Learning rate 2× 10−5

Random seeds 42, 2026, 3407
Validation 5-fold cross-validation
Threshold selection OOF F1 maximization
Main metrics Precision, Recall, F1

Table 3
Main out-of-fold validation results.

Setting System Precision Recall F1

Base RoBERTa-base, original, best seed 0.5922 0.9118 0.7180
Base Original 3-seed ensemble 0.6015 0.8860 0.7165
Base Argument-first 3-seed ensemble 0.6529 0.8172 0.7259
Base Original + argument-first 6-model ensemble 0.6031 0.9183 0.7280
Enhanced RoBERTa-base, best seed 0.8745 0.9140 0.8938
Enhanced Enhanced 3-seed ensemble 0.8747 0.9161 0.8950

4. Merge the five validation predictions to obtain OOF probabilities for model 𝑚. Also predict
probabilities for the test set.

5. If ensembling is used, average the OOF probabilities across models and search for the F1-optimal
threshold.

6. Average test probabilities across models, apply the threshold, and output fallacy or
non-fallacy in the TIRA JSONL format.

5. Experiments and Results

5.1. Experimental Setup

Table 2 lists the main experimental settings. All models are trained in an offline local environment with
locally cached RoBERTa-base weights. Test labels are not used for model selection.

5.2. Main Validation Results

Table 3 reports the main OOF validation results. The enhanced setting clearly outperforms the base
setting. The enhanced 3-seed ensemble achieves an F1 score of 0.8950, while the best base system reaches
0.7280. This indicates that the enhanced fields provide useful structured argumentative information for
fallacy detection.

In the base setting, the argument-first 3-seed ensemble improves precision from 0.6015 to 0.6529
compared with the original 3-seed ensemble, indicating that placing the argument structure earlier
reduces false positives. The final base system uses a mixed 6-model ensemble of original and argument-
first inputs and achieves the highest base F1 of 0.7280.



Table 4
Ablation on base input formats with seed 2026.

Input format Threshold Precision Recall F1

Original base 0.405 0.5922 0.9118 0.7180
Argument-first 0.445 0.6077 0.8860 0.7209
No-context 0.490 0.6090 0.8774 0.7189
Anti-false-positive prompt 0.525 0.6244 0.8366 0.7151
Argument-only 0.510 0.6214 0.8258 0.7091

Table 5
Official Touché 2026 Task 1 results for our submitted runs.

Ranking Rank Run Tag Precision Recall F1

Enhanced track 3 enhanced enhanced 0.940 0.940 0.940
Base track 8 base-2 base 0.730 0.718 0.713
Base track 10 base base 0.737 0.685 0.665
Combined Task 1 3 enhanced enhanced 0.940 0.940 0.940

5.3. Ablation on Base Input Formats

The submissions were uploaded and evaluated through the TIRA platform [5]. Table 4 shows the
base input-format ablation results using seed 2026. Argument-first is the best single-seed base variant.
No-context is close to the original input, suggesting that the title and parent comment are not always
beneficial. The anti-false-positive prompt obtains the highest precision but reduces recall substantially.
Argument-only performs worst, indicating that claim and supports alone may lose useful context.

5.4. Official Touché Results

The official Touché 2026 results report macro-averaged precision, recall, and F1. Runs are ranked by
macro F1, and the tag column indicates whether a system used only the original base fields or also
the enhanced fields. Base and enhanced runs are ranked separately for each subtask, followed by a
combined ranking [4].

Table 5 reports our official Task 1 results. Our enhanced run achieved a macro F1 score of 0.940 and
ranked third in both the Task 1 enhanced ranking and the combined Task 1 ranking. Among our base
submissions, base-2 ranked eighth in the base track with a macro F1 score of 0.713, while base ranked
tenth with a macro F1 score of 0.665.

6. Error Analysis

6.1. Overall Error Distribution

Table 6 compares the OOF confusion statistics of the base and enhanced ensembles. The base model
has a severe false-positive problem. Among 473 non-fallacious training examples, 273 are incorrectly
predicted as fallacies by the base 3-seed ensemble, corresponding to a false-positive rate of about 57.7%.
This indicates that the base model tends to directly classify valid arguments that resemble certain fallacy
types as fallacies.

The enhanced model reduces false positives from 273 to 61 while maintaining high recall. This
suggests that enhanced fields help the model better distinguish genuine fallacies from similar non-
fallacies.



Table 6
OOF error distribution.

Setting TP FP FN TN Main error pattern

Base 3-seed ensemble 412 273 53 200 Many non-fallacies are predicted as
fallacies

Enhanced 3-seed ensemble 426 61 39 412 Errors are fewer and more balanced

Table 7
Main errors of the base 3-seed ensemble by resembles_fallacy.

resembles_fallacy Total FP FN Error count Error rate

slippery_slope 126 46 6 52 0.4127
natural 123 41 8 49 0.3984
authority 114 38 8 46 0.4035
hasty_generalization 116 35 7 42 0.3621
blackwhite 110 28 10 38 0.3455
tradition 125 34 3 37 0.2960
population 103 29 5 34 0.3301
worse_problems 121 22 6 28 0.2314

6.2. Errors by resembles_fallacy

Table 7 summarizes the main OOF errors of the base 3-seed ensemble by resembles_fallacy. False
positives are concentrated in categories such as slippery slope, natural, authority, and hasty generaliza-
tion. These categories require fine-grained judgments about evidence sufficiency, causal chains, and
whether an authority or generalization is used appropriately.

These results explain why precision is low in the base setting. The model does not mainly fail by
missing fallacies; rather, it lacks a clear decision boundary on hard negatives.

6.3. Enhanced Error Analysis

The enhanced 3-seed ensemble makes far fewer errors, with 61 false positives and 39 false negatives.
When grouped by resembles_fallacy, the errors are more dispersed, although population, tradition,
hasty generalization, worse problems, and natural examples remain somewhat difficult. Overall, the
error analysis supports our main observation: the central challenge of fallacy detection is distinguishing
genuine fallacies from superficially similar non-fallacies. Enhanced fields directly provide clearer
argument structure and therefore substantially reduce false positives, while the base setting can only
partially mitigate this issue through input formatting.

7. Conclusion

This paper presents our system for CLEF 2026 Touché Task 1: Fallacy Detection. We formulate the task
as binary classification and fine-tune RoBERTa-base with 5-fold OOF validation, threshold tuning, and
probability ensembling.

Our experiments show that the base setting is mainly limited by false positives: many non-fallacious
examples that resemble fallacy patterns are predicted as fallacies. Placing claims and supporting
statements at the beginning of the input improves precision, and the mixed ensemble of original and
argument-first models achieves an OOF F1 score of 0.7280 in the base setting.

In the enhanced setting, structured fields lead to a clear performance improvement. The RoBERTa-
base 3-seed enhanced ensemble achieves an OOF F1 score of 0.8950. In the official Touché 2026 results,
our enhanced run achieved a macro F1 score of 0.940 and ranked third in both the Task 1 enhanced



ranking and the combined Task 1 ranking. Overall, explicit argument structure is a key factor for
improving fallacy detection.
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