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Abstract
This paper describes a system developed for
SemEval-2026 Task 10 Subtask 2, which fo-
cuses on identifying conspiracy beliefs ex-
pressed in Reddit comments. The study begins
with a comparative analysis of language models
fine-tuned on the task data. In addition to fine-
tuning, multiple auxiliary techniques were ex-
amined, including instruction-based prompting,
data augmentation via back-translation, and a
loss function designed to address label imbal-
ance. In the final stage, the inference behavior
was further examined by varying the decision
threshold applied to the softmax output prob-
abilities. The results highlight how choices
made during model selection, training, and in-
ference collectively affect performance, offer-
ing empirical insights into the challenges of
conspiracy belief detection in social media con-
texts.

1 Introduction

This paper investigates SemEval-2026 Task 10 Sub-
task 2 (Samory et al., 2026), which addresses the
binary classification of Reddit comments with re-
spect to whether they express conspiracy beliefs.
This task lies at the intersection of psychology and
computational linguistics. With the continued ex-
pansion of social media platforms, conspiracy be-
liefs increasingly appear in online discussions, cre-
ating a growing need for natural language process-
ing (NLP) approaches to analyze and detect such
content (Enders et al., 2023).

Specifically, this work first examines several
open-source language models fine-tuned on the pro-
vided dataset using undersampling. In addition, a
range of experimental techniques including instruc-
tion tuning, back-translation, class-weighted cross-
entropy loss, and focal loss are explored. Building
upon these experiments, softmax-based decision
threshold adjustment is further investigated to an-
alyze how model behavior varies under different
decision settings.

The results highlight performance differences
across model choices and experimental configura-
tions. While the examined experimental techniques
did not consistently improve overall performance,
a fine-tuned model combined with softmax-based
decision threshold adjustment achieved a weighted
F1 score of 81.8% during the development phase,
whereas performance degradation was observed
during the test phase. Through these findings, this
work aims to clarify both the strengths and limita-
tions of the adopted methodologies and to provide
insights into their applicability for practical text
classification tasks related to conspiracy beliefs.

2 Background

Conspiracy theories have been widely studied in
the fields of social and political discourse, and both
their causes and effects have received increasing at-
tention in recent years (Douglas et al., 2019). Prior
research suggests that the factors driving conspir-
acy beliefs are closely related to psychological pro-
cesses, particularly epistemic, existential, and so-
cial motives (Douglas et al., 2017). Such beliefs
manifest in various aspects of social life, includ-
ing heated political contests, international conflicts,
and the COVID-19 pandemic (Douglas, 2021).

Conspiracy beliefs are also prevalent on social
media platforms (Cinelli et al., 2022), highlighting
the growing importance of NLP techniques in this
domain. For example, Moffitt et al. (2021) applied
large language models (LLMs) to identify COVID-
19–related conspiracy narratives. Similarly, Haupt
et al. (2023) adopted a hybrid approach combin-
ing NLP and content coding to analyze conspir-
acy discourse surrounding 5G wireless technology,
employing methods such as topic modeling and
sentiment analysis. In addition, prior work has
explored the detection of conspiracy propagators
using NLP-based methods, including word embed-
dings coupled with convolutional neural network
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architectures (Giachanou et al., 2023).
Building upon these prior studies, SemEval-

2026 Task 10 Subtask 2 addresses a binary clas-
sification problem that aims to determine whether
a given Reddit comment expresses a conspiracy
belief (Samory et al., 2026). The data provided for
this task are derived from real Reddit discussions
and are distributed across three splits: training, de-
velopment, and test sets.

The datasets are released indirectly via hy-
dration codes and provided in JSONL format,
containing fields such as text, id, subreddit,
markers, annotator, and conspiracy. The text
field stores the Reddit comment text, while the
conspiracy field contains the corresponding anno-
tation label. Each instance is annotated with one of
three labels: Yes, No, or Can’t tell. In the training
set, these labels consist of 1,541, 1,990, and 785
samples, respectively.

Participants are instructed to use the training set
for system development and experimentation, the
development set for submissions during the devel-
opment phase, and the test set for final evaluation.
System performance is evaluated using weighted
F1 score, accuracy, and class-wise F1 scores for
the Yes and No labels, with weighted F1 serving as
the primary evaluation metric.

3 System Description

This study first examines several open-source mod-
els through fine-tuning on the provided training
dataset. In addition, experimental techniques such
as back-translation and focal loss are evaluated.
Finally, a softmax-based decision threshold adjust-
ment is applied using the best-performing config-
uration obtained from the preceding experiments.
The code is available on GitHub1.

4 Experimental Setup

4.1 Comparison of Models
In the primary stage of the experiments, multiple
models were compared to identify which could ef-
fectively contribute to the performance of the task.
Specifically, three encoder-based Transformer mod-
els including BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), and TwHIN-BERT (Zhang et al.,
2022) were investigated, each with two variants.
In addition, two variants of GPT-2 (Radford et al.,
2019) were evaluated to examine the differences

1https://github.com/Hidetsune/SemEval2026_
Task10.git

between decoder-based and encoder-based Trans-
former architectures. This selection of baseline
models is consistent with previous work, in which
fine-tuned Transformer models achieved reliable
results across multiple languages even with rela-
tively straightforward data processing (Takahashi
et al., 2024).

For each model and its variants, appropriate hy-
perparameters such as training batch size and the
number of warm-up steps were carefully selected.
Early stopping was also applied to reduce the risk
of overfitting. To further address data-related is-
sues, undersampling was employed to mitigate the
class imbalance between the Yes and No labels. In
addition, 20% of the training data was held out
as a validation set during the fine-tuning process.
Table 1 summarizes model performance and the
corresponding hyperparameters.

As shown in Table 1, BERT-large-uncased and
RoBERTa-large achieved relatively strong perfor-
mance, whereas the other variants of these models,
as well as TwHIN-BERT, yielded lower scores. Al-
though the lack of explicit imbalance-handling at
this stage may have influenced the results, these
findings suggest that models with a larger number
of tunable parameters might be more suitable for
this task.

Furthermore, both variants of GPT-2 underper-
formed compared to the encoder-based models.
This outcome is expected, as encoder architectures
are designed to capture and understand input repre-
sentations, whereas decoder architectures are pri-
marily optimized for text generation.

Based on these results, RoBERTa-large was se-
lected as the base model for fine-tuning and sub-
sequent experiments, owing to its relatively supe-
rior performance and previously reported improve-
ments over BERT-base (Liu et al., 2019), despite
sharing a similar underlying architecture.

4.2 Experimental Techniques

Several experimental techniques were explored
to improve the classification performance of the
chosen model. They include data augmentation,
prompt-based architectural modifications, and a
loss function designed to handle class imbalance.

4.2.1 Instruction Tuning
Instruction tuning was explored to examine
whether the model could benefit from explicit tex-
tual instructions. Specifically, the following prompt
was appended to the input during both training and
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Model Learning rate Epoch Batch size Weight decay Warmup steps Weighted F1 Accuracy

BERT-base 2e−5 2 16 0.01 56 0.707 0.701
BERT-large 1e−5 5 8 0.01 113 0.792 0.792
RoBERTa-base 2e−5 2 16 0.01 56 0.707 0.701
RoBERTa-large 1e−5 4 8 0.01 113 0.790 0.792
TwHIN-BERT-base 2e−5 4 16 0.01 56 0.720 0.714
TwHIN-BERT-large 1e−5 1 8 0.01 113 0.732 0.727
GPT-2 5e−6 4 8 0.01 113 0.615 0.662
GPT-2-medium 3e−6 1 4 0.01 225 0.607 0.597

Table 1: Comparison of model performance

inference:

Question: Does the following text
express conspiracy belief?
Answer with yes (1) or no (0).

Text: {text}

where {text} denotes the original input text.

4.2.2 Back-Translation

Back-translation was employed to augment the data
for underrepresented labels. This technique could
be effective because it generates additional sen-
tence patterns without changing the original logical
meaning, which gives the model more varied ex-
pressions to learn from (Edunov et al., 2018). Such
variation may help the model become less depen-
dent on a limited set of surface forms, particularly
when the available training data are sparse or un-
evenly distributed. This expectation is also partly
supported by previous work, where data augmen-
tation and class balancing showed some potential
in multilingual classification settings (Takahashi
et al., 2025).

Specifically, instances with the Yes label in the
conspiracy category were randomly sampled such
that the combined number of original and aug-
mented instances matched that of the No label. The
sampled texts were first translated into Spanish us-
ing a neural machine translation model (Tiedemann
and Thottingal, 2020) and then back-translated into
English using a corresponding model (Tiedemann
and Thottingal, 2020). This process increases the
number of samples for minority labels while pre-
serving the original semantic content, although the
surface forms of the sentences may differ.

4.2.3 Class-weighted Cross-entropy Loss

To address class imbalance at the level of the
loss function, a class-weighted cross-entropy loss
was employed. Generally, the cross-entropy loss

LCE(θ) is defined as

LCE(θ) = −
∑

k

tk log yθ(k | x) (1)

where θ denotes the model weight vector, x the
input, yθ the probability distribution output by the
model parameterized by θ, and t the ground-truth
probability distribution.

Here, let Nk denote the number of training sam-
ples belonging to class k, and let

wk =
N

Nk
(2)

where N =
∑

k Nk is the total number of samples.
Using these class weights, the cross-entropy loss

in Eq. (1) is modified as

LWCE(θ) = −
∑

k

wk tk log yθ(k | x) (3)

where LWCE(θ) denotes the weighted cross-
entropy loss.

According to Eq. (2), labels with limited train-
ing instances are assigned higher class weights
wk, strengthening their impact on weighted cross-
entropy loss LWCE. This reweighting approach
reduces the dominance of majority classes and fa-
cilitates a more even distribution of learning signals
under imbalanced data conditions.

4.2.4 Focal Loss
Using the cross-entropy loss defined in Eq. (1), the
predicted probability assigned to the correct class
can be expressed as

py = exp(−LCE(θ)) (4)

since the cross-entropy loss for a single instance
reduces to LCE(θ) = − log py.

Based on py, a focal weighting term is applied
to modulate the loss:

LFL(θ) = (1− py)
γ LCE(θ) (5)
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Method Weighted F1 Accuracy

Instruction tuning 0.757 0.753
Back-translation 0.771 0.766
Weighted CE 0.754 0.753
Focal loss 0.714 0.714

Table 2: Performance comparison across methods

where γ ≥ 0 is a focusing parameter that con-
trols the degree to which well-classified samples
are down-weighted and harder examples are em-
phasized during training. In this experiment, the
focusing parameter was set to γ = 2.0.

The results of the four experimental techniques
are summarized and compared in Table 2. Al-
though all methods achieved weighted F1 scores
above 0.70, each of them underperformed the sim-
ple fine-tuning of RoBERTa-large with undersam-
pled data reported in Table 1, with performance
drops ranging from approximately 2% to 8%, de-
pending on the technique.

Regarding instruction tuning, the resulting per-
formance was 0.757 in weighted F1 and 0.753
in accuracy, whereas the baseline fine-tuning of
RoBERTa-large achieved a weighted F1 score of
0.792. This degradation is likely attributable to the
structure of the input text. In particular, the self-
attention mechanism may have allocated attention
to the appended instructional tokens instead of fo-
cusing exclusively on the original text, leading to an
undesirable dispersion of attention. Furthermore,
as RoBERTa-large is an encoder-based model opti-
mized primarily for representation learning rather
than instruction following, the additional prompt
may have functioned as noise rather than providing
effective guidance.

Back-translation resulted in a decrease of ap-
proximately 2% in weighted F1. This may be due
to subtle distortions in textual nuance introduced
during the translation process, or because the back-
translated sentences remained highly similar to the
original texts and therefore provided limited di-
versity for fine-tuning. In addition, the original
undersampling strategy did not discard a substan-
tial amount of data, as the class imbalance was
relatively moderate, with 1,541 instances labeled
as Yes and 1,990 as No.

Similar considerations may explain the reduced
effectiveness of class-weighted cross-entropy loss
and focal loss. These loss-based techniques are gen-
erally more advantageous under conditions of se-

Threshold Weighted F1 Accuracy

0.30 0.794 0.792
0.35 0.806 0.805
0.40 0.818 0.818
0.45 0.804 0.805
0.50 0.790 0.792
0.60 0.776 0.779

Table 3: Performance comparison by thresholds (dev)

vere class imbalance; however, the results suggest
that, given the data distribution and task setting, the
simpler undersampling approach was more suitable
for this scenario.

4.3 Thresholding
In the final step of the experiments, probability
thresholding was applied to the prediction outputs.
Let K denote the number of classes, and let

z = (z1, z2, . . . , zK) ∈ RK (6)

be the output logits produced by the model. The
softmax function is defined as

softmax(zk) =
exp(zk)∑K
j=1 exp(zj)

(7)

where k ∈ {1, . . . ,K} is the index of the class.
This function maps the real-valued logit vector z to
a probability distribution over the K classes, where
each probability lies in the range [0, 1]. By obtain-
ing probability distributions on predicted labels, the
RoBERTa-large model fine-tuned on the undersam-
pled data was evaluated under several thresholds on
the prediction side during the development phase.

As shown in Table 3, the model achieves its
highest performance at a decision threshold of 0.4,
with performance decreasing as the threshold is
either increased or decreased from this value. This
trend indicates a mild but consistent dependence
on the prediction threshold, suggesting that 0.4 is
a relatively suitable choice for this model under
the development dataset. This configuration ranked
4th out of 45 teams in the development phase.

5 Results and Discussion

During the test phase, the system was evaluated on
the test dataset provided by the organizers. For the
final submission, RoBERTa-large fine-tuned on un-
dersampled data was used, and inference was con-
ducted under several decision-threshold settings.
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Threshold W-F1 Acc. F1Yes F1No

0.30 0.721 0.721 0.710 0.731
0.40 0.710 0.709 0.689 0.727
0.50 0.722 0.722 0.692 0.747
0.60 0.734 0.735 0.697 0.765
0.70 0.728 0.731 0.685 0.766

Table 4: Performance comparison by thresholds (test)

Figure 1: Scores against different decision thresholds

The results are shown in Table 4. The configura-
tion with a decision threshold of 0.6 achieved a
comparatively higher weighted F1 score and was
therefore selected as the final submission. It ranked
31st out of 51 teams in the test phase, whereas the
same method placed 4th out of 45 teams in the
development phase.

Comparing the results across the two phases, it
is probable that the characteristics of the datasets
differ to some extent. Figure 1 illustrates the re-
lationship between the decision threshold and the
weighted F1 score for both the development and
test datasets. While the development results exhibit
a clear increase followed by a decrease around a
peak value, the test results show a relatively weaker
dependency on the threshold. In addition, the over-
all performance differs between the two phases,
with the weighted F1 score in the test phase being
approximately 0.1 lower than that in the develop-
ment phase. These observations collectively sug-
gest inherent differences between the two datasets,
resulting in different threshold sensitivities and
overall performance levels.

6 Limitations

One limitation of this study is the relatively limited
analysis of the provided data. Although several

experimental techniques, such as instruction tun-
ing and class-weighted cross-entropy loss, were
explored, limited emphasis was placed on funda-
mental data preprocessing steps. Consequently,
basic yet potentially effective procedures, includ-
ing data cleaning and lemmatization, as well as the
use of supplementary data sources, might have con-
tributed to further performance improvements, par-
ticularly when combined with loss-function-based
approaches.

Another limitation is that this study focuses ex-
clusively on Subtask 2 and treats it independently
of Subtask 1, which involves identifying textual
spans associated with specific types of conspiracy
markers. Jointly addressing both subtasks and in-
corporating the extracted spans into model training
could have enabled more effective utilization of our
approach, for instance by assigning higher impor-
tance to span-level information during fine-tuning.

7 Conclusion

Throughout this study, language models were fine-
tuned and compared to examine their fundamental
capabilities. In addition, a range of experimental
techniques, including instruction tuning and back-
translation, were explored, followed by approaches
related to the loss function such as class-weighted
cross-entropy loss and focal loss.

Although the investigated experimental tech-
niques did not consistently lead to improvements
in overall performance, a fine-tuned model com-
bined with a softmax-based decision threshold ad-
justment achieved a weighted F1 score exceeding
81.8% on the development dataset. In contrast, the
performance on the test dataset was suboptimal
and showed a reduced dependence on the decision
thresholds, suggesting potential differences in data
characteristics between the two phases. These ob-
servations raise the possibility that some of the ex-
amined techniques may become more effective in
scenarios with a greater degree of class imbalance
or different data distributions.

Future work may involve integrating more fun-
damental approaches, such as data preprocessing
techniques, with the experimental settings explored
in this study. In addition, leveraging textual span
identification from related subtasks could further
enhance the model’s ability to capture conspiracy-
related cues, thereby broadening the applicability
of this approach to conspiracy belief detection and
related tasks in psychological text analysis.
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