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Abstract

This paper presents our system developed
for the SemEval-2026 Task 10: PsyCoMark -
Psycholinguistic Conspiracy Marker Extrac-
tion and Detection. on Subtask 1: Conspiracy
Marker Extraction. on Subtask 2: Conspiracy
Detection. To this end, we focus on English lan-
guage use four different pre-trained languages
models:  models—distilbert—distilbert-base-
uncased, models—distilbert—distilbert-base-
multilingual-cased, models—Ixyuan—distilbert-
base-multilingual-cased-sentiments-student,
and models—microsoft—deberta-v3-base. We
experiment with (1) the training set data is
analyzed visually, (2) use the gemma-3-27b-it
generative model to perform data augmentation
on the training dataset through prompts for
Subtask 2: Conspiracy Detection, and (3)
multiple numbers of single models are trained
on the training set data. We further study
the influence of different hyperparameters on
the single model and select the best single
model for the prediction of the test set. Our
submission achieved the good ranking place
in the test set leaderboard. For Subtask 1, the
evaluation criteria for this task mainly consist
of the aggregate results of the four markers:
Actor, Action, Effect, and Victim, and they
are measured using the Macro F1 score. For
Subtask 2, this task is essentially a binary
classification task for text. Performance will
be evaluated using macro-averaged F1 score.
In other words, this subtask evaluated using
Weighted F1 score across different sentences
and cultural contexts. For Subtask 1 and
Subtask 2, our best approach is to obtain
the results are Macro F1 score 0.1587 and
Weighted F1 score 0.7411 separately. For the
final ranking, Semeval organizers will use
the aggregate results of Macro F1 score and
Weighted F1 score. Even so, our approach has
yielded good results.
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1 Introduction

The official organizers of SemEval held SemEval
2026 (Ghosh et al., 2026) - PsyCoMark (Samory
etal., 2026) in Task 10 in the first half of 2026. The
full name of this task is "Psycholinguistic Conspir-
acy Marker Extraction and Detection". The pur-
pose of this task and the ideal goal to be achieved
are: To understand conspiracy thinking at its core.
In the other words, understand conspiracy thinking
at its roots. PsyCoMark brings together psychology
and NLP to uncover how conspiracy theories are
expressed in everyday conversations. This task in-
troduces a novel dataset and challenges participants
to go beyond topical detection: can your model rec-
ognize the structure of conspiratorial thought?
Online conspiracy thinking opinion is the sharp
division and hostility between social, political, or
identity groups. Online conspiracy thinking opin-
ion has become a growing concern, as it often pre-
cedes hate speech, offensive discourse, and social
fragmentation. In its extreme form, conspiracy
can create a fragmented society where individu-
als or groups are unable to engage in constructive
dialogue, leading to a breakdown in community
cohesion and social unity. Thus, detecting and
marker extraction conspiracy before it escalates is
crucial to ensure safer and more inclusive online
spaces (Muhammad et al., 2025b). For the first
time, Semeval organizers introduce a PsyCoMark
task: Psycholinguistic Conspiracy Marker Extrac-
tion and Detection, aimed at detection of online
conspiracy. The task focuses on the identification
of multicultural and multievent conspiracy, captur-
ing the complexity of online discourse across di-
verse contexts. Participants may participate in one
or more of the following two sub-tasks: Conspir-
acy Marker Extraction and Conspiracy Detection.
To be more specific, we are encouraging to join
them in tackling two synergistic subtasks. Subtask
1: Extract psycholinguistic markers of conspiracy
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thinking (e.g., Actors, Victims, Effects). Subtask
2: Detect whether a Reddit comment expresses a
conspiracy belief. Based on the predict and extrac-
tion task background of conspiracy comment text,
we propose the data augmentation learning method
based on pre-trained language model for detecting
conspiracy content.

We developed for the SemEval-2026 Task 10:
Psycholinguistic Conspiracy Marker Extraction
and Detection. on Subtask 1: Identify spans of
text that express core conspiracy markers grounded
in evolutionary psychology. Each document may
include zero or multiple overlapping spans. Eval-
uation will use an overlap-based macro F1 score
for each marker. The following provides a detailed
explanation of how the five main markers are used
for the extraction of psycholinguistic conspiracy
markers.

* Actor — Mentions of individual or group
agents.

* Action — Descriptions of what the actor is
doing.

* Effect — Consequences of the actions.
* Victim — Individuals or groups being harmed.

* Evidence — Claims or proof used to support
the theory.

on Subtask 2: Conspiracy Detection. Classify
Reddit comments as either conspiracy-related or
not conspiracy-related. The task is designed to
benefit from the extracted markers but can be ap-
proached independently. Performance will be eval-
uated using macro-averaged F1 score. The code of
our experiment method is available on our GitHub
website. !

2 Related Work

SemkEval in previous years has introduced tasks
focusing on multi-label text classification and text
binary classification (Wang et al., 2024; Su and
Zhou, 2024; Tran and Tran, 2024; Brekhof et al.,
2024) to evaluate internal potential elements and
potential content of the text comment. These tasks
provided datasets with human labeled similarity
scores, which have been extensively utilized for
training sentence embedding models and conduct-
ing semantic evaluations.

1https://github.com/WangKongQiang/
Semeval-2026-Task10

2.1 Sentence Embeddings

Word embedding models such as BERT, GloVe,
RoBeRTa and Word2Vec are frequently employed
to assess the semantic distance between words.
They are also some of the more commonly used
methods in text classification tasks (Muhammad
et al., 2025a). We focus on English language
use four different pre-trained languages models:
models—distilbert—distilbert-base-uncased, models—
distilbert—distilbert-base-multilingual-cased,
models—Ixyuan—distilbert-base-multilingual-
cased-sentiments-student, and models—microsoft—
deberta-v3-base. Mainly, these pre-trained models
can generate better sentence embeddings.

Sentence embeddings with a fixed length are
often generated via mean/max pooling of word em-
beddings or employing C'LS embedding in BERT.
The semantic distances are commonly measured
using the cosine similarity of embeddings of two
expressions. Siamese or triplet network archi-
tectures are frequently employed in sentence em-
bedding training. For example, models such as
Sentence-BERT utilize a dual-encoder architecture
with shared weights for predicting sentence rela-
tionships (e.g., semantic contradiction, entailment,
or neutral labeling) (Belay et al., 2025) or for simi-
larity score prediction using regression objectives,
e.g., the difference between human annotated simi-
larity score (sim) of two sentences and the cosine
of two sentence embeddings.

2.2 Data Augmentation Learning

In previous studies (Brekhof et al., 2024; Tran and
Tran, 2024), data augmentation learning presents
several advantages. The data augmentation ap-
proach can reduce the errors from insufficient ex-
amples by expanding the learning of the text con-
tent or can make the system more robust. In
our study, using the gemma-3-27b-it generative
model to perform data augmentation on the training
dataset through prompts to generate large amounts
of similar instances while making use of informa-
tion from the large data content during model pre-
training. It has demonstrated that data augmenta-
tion learning can achieve remarkable success in our
experiment.

In our study, we aim to use multiple pre-train
learning models to assess semantic relatedness.
When models are trained on diverse datasets
with different architectures, they may produce
varied predictions on semantic relatedness, and
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fine-tune them using different hyperparameters
may improve final performance. We use sentence
embeddings mainly from the following models:
models—distilbert—distilbert-base-uncased, models—
distilbert—distilbert-base-multilingual-cased,
models—Ixyuan—distilbert-base-multilingual-
cased-sentiments-student, and models—microsoft—
deberta-v3-base.

3 Methodology

3.1 Overall Architecture

For Subtask 1, we respectively used the follow-
ing three different versions of pre-trained mod-
els as the backbone system model to perform
marker extraction: models—distilbert—distilbert-
base-uncased, models—distilbert—distilbert-base-
multilingual-cased, and models—Ixyuan—distilbert-
base-multilingual-cased-sentiments-student. This
method using simplified logic mainly involves re-
constructing the character spans for the five main
conspiracy indicators: Actor, Action, Effect, Vic-
tim, and Evidence. Finally, we aggregate extracts
the results for each marker span and save the final
aggregated predictions in JSONL format.

For Subtask 2, the pursued approach involves
using a data augmentation system composed of
the gemma-3-27b-it generative model and then
training four different pre-train transformers. We
trained several state-of-the-art natural language
processing (NLP) models on a large dataset of
annotated Reddit comments to create four separate
of classifiers with different architectures and con-
figurations. We then submission the predictions of
these classifiers using a data augmentation system
to produce the final predictions. We have used the
following pre-train transformers for the predictions:
models—distilbert—distilbert-base-uncased, models—
distilbert—distilbert-base-multilingual-cased,
models—Ixyuan—distilbert-base-multilingual-
cased-sentiments-student, and models—microsoft—
deberta-v3-base.

For each instance, the final classification deci-
sion is based on the independent of each other of
outputs of these models. The novel data augmenta-
tion system presented to improved the prediction
of the pre-trained model to downstream tasks.

3.2 Implementation Step

For Subtask 1: Conspiracy Marker Extraction, our
experiment mainly involes these steps:
First, pull the pre-trained model that needs to
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be used, get from HuggingFace. The pre-trained
model can be used from the official website of
HuggingFace®.

Second, by loading a new model for each marker
type, one-span training is conducted separately for
each conspiracy-related type.

Third, apply each trained one-span marker ex-
traction model to perform inference. Specifically,
use simplified logic to reconstruct spans for this
specific marker type. By aggregating the prediction
results from all models, the predicted five main con-
spiracy markers were obtained and saved in JSONL
format.

For Subtask 2: Conspiracy Detection, our exper-
iment mainly involves these steps:

First, set the API key, get from Google Gem-
ini. The API key can be applied from the official
website of Google Al Studio®.

Second, since the content of the text column pro-
vided by the train dataset is the information that
the model requires as training input content, they
are extracted separately, and the conspiracy column
content was retained as the label. By invoking the
API key of Google Al Studio using the gemma-3-
27b-it generative model to perform data augmen-
tation on the training dataset through prompts to
generate large amounts of English comment texts,
which is as similar as original text. Only the con-
tent of the text column has been changed. The
conspiracy label of this newly generated instance
remains unchanged. That is to say, it maintains its
characteristic of being a text label unchanged.

Third, the transformers Python library that will
be used below requires the data to be presented
in a specific form. The following data rows adapt
each split to contain only two columns: text and
conspiracy labels, where the text is an array equal
in size to the number of conspiracy labels.

Fourth, model’s definition. In this section, the
different pre-train transformers model that will be
evaluated are separated. For this purpose, the im-
plementation mainly relies in Trainer and Train-
ingArguments functions of the transformers Python
library, which allows to train and test transformers
within few steps.

Fifth, training. Each of the aforementioned mod-
els is trained separatedly with the entire training
set or an expanded data augmentation dataset. This
training is directly performed in the already defined

*https://huggingface.co/
3https://aistudio.google.com/app/api-keys



parameters for convenience.

Sixth, evaluate our method. Firstly, each pre-
train transformer model is individually evaluated
using the development split dataset. Subsequently,
the main evaluation metrics (accuracy, F1 score,
precision and recall) are stored. Secondly, the pre-
dictions of each model for the development dataset
instances are derived. After calculating their met-
rics, it is possible to determine which model ob-
tained the best Macro-averaged F1 score. This
will be the final model used for the test dataset.
Regarding the models’ inputs, these are obtained
through a data augmentation system. After comput-
ing the output that each of the models produces for
given instances, save the results of the development
dataset to a CSV file.

Seventh, selecting the best model. Once the
predicted labels for each development instances
are calculated for each pre-train transformer model,
their metrics can be computed. In brief, it is a
binary classification task, the best model will be
that with a maximum Weighted F1 score.

Eighth, gain the predictions on test dataset. Fi-
nally, the model which obtained a higher Weighted
F1 score can be used to predict the label of each
test instance as final test result.

Further, these results will be used to portray
some evaluation plots, including the confusion ma-
trix and the ROC curve.

4 Results and Analysis

4.1 Training Dataset Analysis

The text length and conspiracy label of training
set are described in Table 1. Labels here only ana-
lyzes Subtask 2: Conspiracy Detection. The rows
with the conspiracy label set to "Can’t tell" will be
ignored. The length and quantity distribution of
training text data are analyzed in Figure 1. Distri-
bution of the size of texts for each class in Figure
2. It shows the number of percentages relative to
each class for various text size cases. classes here
only analyze Subtask 2: Conspiracy Detection. The
rows with the conspiracy label set to "Can’t tell"
will be ignored.

4.2 Experimentation Configuration

For the sake of completeness and in an attempt to
improve the results obtained by the transformer
pre-train model. For models—distilbert—distilbert-
base-uncased, models—distilbert—distilbert-base-
multilingual-cased, = models—Ixyuan—distilbert-
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Table 1: The text data experiment situation and the
number of labels for Subtask 2: Conspiracy Detection
are described.

Training Set Text____ Value
Jcount | 3531000000
|mean| 80.064854
|std]
[min|
125%]

Training Set Conspiracy Label _Count
|Yes| 1541
INo| 1990
ICan’t tell| 785

39.882569
24.000000
48.000000
150%| 69.000000
175%] 104.000000
max 276.000000

1Bt

I I“III =
100 150 200
length train instances

50 250

Figure 1: The length and quantity distribution of training
text data are analyzed.

base-multilingual-cased-sentiments-student,

and models-microsoft-deberta-v3-base, the two
different hyperparameters were used respectively:
See Table 2.

4.3 Development Dataset Result

The following Table 3 records the official results of
SemEval-2026 Task 10: Psycholinguistic Conspir-
acy Marker Extraction and Detection, on Subtask
1: Conspiracy Marker Extraction, and Subtask 2:
Conspiracy Detection. The metrics recorded by
black bold text is the best (winning) approach in
the evaluation task of the development set for En-
glish language.

4.4 Test Dataset Result

The following Table 4 records the official results of
SemEval-2026 Task 10: Psycholinguistic Conspir-
acy Marker Extraction and Detection, on Subtask
1: Conspiracy Marker Extraction, and Subtask 2:
Conspiracy Detection. The metrics recorded by
black bold text is the best (winning) approach in
the evaluation task of the test set for English lan-

Table 2: Experimentation configuration hyperparame-
ters for the four different transformer pre-train models.

Model
models—distilbert—distilbert-base-uncased
lels—distilbert—distilbert-ba

Hyperparameter Values
|batch_size|
|learning_rate| 2e-5
|num_epochs |
|weight_decay|
Inum_train_epochs|
|learning_rate| 2e-5
|per_device_train_batch_size|
|warmup_steps|

|weight_decay|
|logging_steps|

|save_total _limit| 1

models-microsoft-deberta-v3-base




label_text
—— oonspiracy
none

Figure 2: Distribution of the size of texts for each class. The horizontal axis represents the size of the comments
text, while the vertical axis represents the percentage proportion corresponding to the size of the text.

Table 3: The development dataset experiment situation detailed results are described.

Language _ Main Technologies

F1-Score (Agg/Micro) FI-Score (Macro)

Subtask
1 [English] models—distilbert—distilbert-base-uncased
1 |English]| dels—distilbert—distilbert-b: ili

0.1818 0.1597
d 0.1913 0.1762

1 |English| dels—Ixyuan—distilbert-bas:

student  0.1748 0.1602

Subtask_Language _Main

Weighted F1 Score Accuracy

2 |English| blind guesses are all "conspiracy": "No"
|English| models—distilbert—distilbert-base-uncased
|English]| delsdistilbert—distilbert-bas i

|English|

cased

0.5113
0.7546
0.7000

0.6494
0.7662
0.7013

dels—Ixyuan—distilbert-bas

[SECECREEN

|English|
|English|

models-microsoft-deberta-v3-base

cased

models-microsoft-deberta-v3-base + gemma-3-27b-it

0.6766
0.7582
0.7546

0.6753
0.7662
0.7662

guage.

4.5 Text Words and Labels Biased
Performance

From Figure 1 of the visual analysis, we can ob-
serve that 75% of Reddit comments in training set
data, either in the chart or in the previous model in-
put column content, have no more than 100 words.
This information could be useful in determining the
size of a network of neurons, or when a sentence
length limit needs to be set.

SemEval-2026 Task 10: Psycholinguistic Con-
spiracy Marker Extraction and Detection, on Sub-
task 1: Conspiracy Marker Extraction. This task is
essentially a named entity recognition task, which
requires the extraction of psycholinguistic conspir-
acy markers separately. Distribution of markers
count per data row, as show in Figure 3. The devel-
oped model needs to extract five psycholinguistic
conspiracy markers. They are respectively named
Actor, Action, Effect, Victim, and Evidence. The
overall quantity statistics of each type in markers
for training set, see Table 5. A correct marker
extraction requires the presence of the following
components: startIndex, endIndex, type, and
text. In the training set, there are significant dif-
ferences in the occurrence frequencies of the five
types of annotation elements. Among them, the
number of actors is the largest (6,416 markers),
indicating that conspiracy speech usually centers
around a clear actor. Action comes second (4841
markers), reflecting a high coverage of behavioral
expression. The number of effect and evidence is
similar, indicating that the annotation of behavioral
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Distribution of markers count per data row

Frequency

5 10 15 20
Number of markers per sample

25 30

Figure 3: The markers quantity distribution of training
markers data are analyzed.

consequences and evidence in the data is relatively
balanced. The number of victims is the smallest
(3315 markers), indicating that the victims in some
texts are implicit.

on Subtask 2: Conspiracy Detection. This task is
binary-label classification. Each instance can have
only one category, and you need to predict which
category each instance belongs to. In the specific
cases (English language) we focus on, there may
be up to three different conspiracy categories: Yes,
No, and Can'ttell. For this task, we will look at
the quantity distribution followed by each conspir-
acy category, as shown in Table 1. The rows with
the conspiracy label set to "Can’t tell" will be ig-
nored. In this case, percentages can be assessed
because of the labels scattered. Based on the anal-
ysis of the valid conspiracy labels in the training
set, it is found that approximately 43.6% of the
comment texts contain the conspiracy words, while
the comment texts without conspiracy account for
about 56.4%. Overall, the labels are roughly bal-
anced.



Table 4: The test dataset experiment situation detailed results are described.

Subtask Language Main T

F1-Score(Agg/Micro) _F1-Score (Macro)

1 [English]

0.1718 0.1587

1 |English]|

0.1585 0.1462

1 |English| m

0.1595 0.1476

Subtask _Language

Weighted F1 Score Accuracy

2 [English]
2 |English|

0.3773 0.5388
0.7129 0.7171

|English]| s
|English| models—Ixyuan—distilbert-bas

0.6800
0.6380

0.6822
0.6408

2
2 |English| models-microsoft-deberta-v3-base
2 |English| models-microsoft—deberta-v3-base +

0.7267
0.7411

0.7313
0.7429

Table 5: The overall quantity statistics of each type in
markers for Subtask 1: Conspiracy Marker Extraction
training set are described.

Markers Type_Count

TActor| 6416
4841
3739
3654
3315

|Action|
|Effect|
|Evidence |
|Victim|

5 Conclusion

Our system employs a fine-tuning of pre-trained
models approach to estimate semantic relatedness
(Agirre et al., 2014), acquiring results from multi-
ple pre-train models: models—distilbert—distilbert-
base-uncased, models—distilbert—distilbert-base-
multilingual-cased, = models—Ixyuan—distilbert-
base-multilingual-cased-sentiments-student, and
models-microsoft-deberta-v3-base. The hyperpa-
rameter is following: batch_size is 16, num_epochs
is 10, learning_rate is 2e-5, weight_decay is 0.01.
The dataset usage is shown in Table 6. Our findings
suggest that semantic relatedness can be deduced
from a variety of sources. Although some features
(e.g., lexical overlap ratio, and text length) may not
perform strongly in models specifically designed
to obtain sentence representations. The results
demonstrate that these features can outperform
many individual state-of-the-art systems and
achieve a better correlation with human judgment
on semantic relatedness (Siino, 2024) when used
in a fine-tuning pre-train model manner.

6 Limitation and Future Work

Our experiments are based on English language
data sets only. Constrained by the size of the
training data and the availability of pre-trained lan-
guage models, it is regrettable that we did not offer
insights into other Asian and African languages
for Psycholinguistic Conspiracy Marker Extraction
and Detection task. In future research, studies on
low-resource languages (Vaidya et al., 2024) will
be valuable, including tasks such as data collec-
tion, annotation, and pre-training models tailored
to these languages.
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