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Abstract

In this paper, we present our submission to the
SemEval-2026 Psycholinguistic Conspiracy
Shared Task (Task 10), which consists of
two tasks: conspiracy marker extraction and
conspiracy detection. For conspiracy marker
extraction, we formulate the problem as a to-
ken classification task and fine-tune pretrained
language models, achieving performance
above the official baseline and ranking 6th
on the final leaderboard. For conspiracy
detection, we apply data preprocessing, regu-
larization, and ensemble inference strategies,
resulting in improvements over the baseline
and a 10th-place ranking. Overall, our results
demonstrate the effectiveness of pretrained
language models for both tasks. Our code is
publicly available at https://github.
com/junpeiChen/code/tree/main/
YNU-HPCC-at-SemEval-2026-Task10.

1 Introduction

We participate in SemEval-2026 Task 10: PsyCo-
Mark (Samory et al., 2026), part of the Proceed-
ings of the 20th International Workshop on Se-
mantic Evaluation (SemEval-2026) (Ghosh et al.,
2026). The task focuses on psycholinguistic con-
spiracy marker extraction and conspiracy detec-
tion, aiming to uncover how conspiracy theories
are expressed in everyday conversations. Pre-
vious studies have shown that conspiracy-related
discourse contains distinctive psychological and
linguistic patterns (Fong et al., 2021; Giachanou
et al., 2023; Gambini et al., 2023). Such dis-
course often includes psycholinguistic markers,
such as Actors, Actions, Effects, Victims, and Evi-
dence, which describe the roles, behaviors, conse-
quences, targets, and supporting claims involved
in conspiratorial narratives. This task is chal-
lenging because these markers may be implicit,
context-dependent, overlapping, or nested. This
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fine-grained formulation is important because de-
tecting whether a text is conspiratorial alone does
not explain which linguistic cues contribute to the
prediction.

Conspiracy-related text classification is more
complex than ordinary sentiment analysis, as it
often involves implicit psychological expressions
and context-dependent meanings (Rosenthal et al.,
2017; Zhang and Wang, 2020). Transformer-
based models (Vaswani et al., 2017), such as
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and DeBERTa (He et al., 2020), have
shown strong performance in text representation
and classification. For example, the phrase “It’s
time to take action” may indicate a normal action
in a supportive context, but may imply harmful or
victimizing behavior in a negative or illegal con-
text.

In this work, we initially explored CNN-based
(Kim, 2014; Zhang et al., 2015) and LSTM-based
(Wang et al., 2018, 2019) approaches, but their
performance did not surpass the official baseline.
We therefore adopted DistilBERT (Sanh et al.,
2019) as the primary model due to its efficiency
and suitability for resource-constrained training.
To improve performance, we applied data prepro-
cessing, data augmentation, R-Drop regularization
(Liang et al., 2021), and ensemble-based infer-
ence. Experimental results show that our system
achieved 6th place in conspiracy marker extraction
and 10th place in conspiracy detection.

2 Methodology

2.1 Conspiracy Marker Extraction

In conspiracy marker extraction, there are three
layers: Tokenizer Layer builds the mapping be-
tween labels and markers. The Training Layer
trains the model for each marker separately and
saves the trained models. The Inference Layer
synthesizes the inference results based on the
checkpoints of the saved models. The model il-
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Figure 1: Model architecture

lustration is shown in Figure 1.

2.1.1 Preprocess

Preprocessing removes unannotated data, which
cannot provide correct labels and may interfere
with model learning. For example, when load-
ing the dataset, only annotated samples are used
for training; unannotated samples are directly dis-
carded.

To handle label incompatibility in overlapping
and nested spans, our pipeline avoids forcing to-
kens into a single multi-class BIO schema. In-
stead, we train five independent binary classi-
fiers—one for each marker type—so that cross-
type overlaps (e.g., a token acting as both ”Actor”
and ”Action”) are handled naturally. Within each
classifier, we replace the traditional BIO scheme
with a simplified IO scheme to focus on region de-
tection. Nested or overlapping spans of the same
marker type are flattened into contiguous spans,
preserving context for region-level detection. This
design avoids the incompatibility between over-
lapping annotations and a single multi-class BIO
sequence.

2.1.2 Tokenizer Layer

A tokenizer splits text into a series of tokens,
which are then used by the language model to gen-

using leaked document."

of Conspiracy marker extraction.

erate responses. By using a tokenizer, a sentence
is broken down into smaller subword units, facili-
tating subsequent processing of individual lexical
units.

2.1.3 DistilBERT Layer

DistilBERT is a distilled version of BERT, re-
taining 95% of its performance while reducing
model size by 60%. It has six Transformer lay-
ers with hidden size 768, enabling efficient infer-
ence. Trained via knowledge distillation, Distil-
BERT approximates BERT’s output distribution,
maintaining strong performance on classification
and sequence labeling tasks with fewer parameters
and lower computational overhead.

2.1.4 Inference Layer

During inference, the model trained with Distil-
BERT and saved in the standard Hugging Face
model format is loaded into inference mode. For
the sentences to be inferred, multiple checkpoints
are used to perform combined inference, and the
final token predictions are aggregated. By first
training with DistilBERT and then performing in-
ference with the same DistilBERT model, the in-
ference capability of the model can be maximized.
In this way, the model can directly produce the re-
quired output files.
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Figure 2: Model architecture of Conspiracy detection.

2.2 Conspiracy Detection

In conspiracy detection, the model consists of
three layers: the Tokenizer Layer converts the in-
put text into subword tokens and adds special to-
kens; the Training Layer fine-tunes DistilBERT
for binary conspiracy classification; and the Infer-
ence Layer aggregates predictions from multiple
checkpoints using soft voting. The model illustra-
tion is shown in Figure 2.

2.2.1 Preprocess

Preprocessing helps reduce bias, leading to fairer
and more accurate results. The dataset contains a
“conspiracy” field, usually ”Yes” or "No”. Entries
with other values are removed, as inaccurate labels
can negatively impact training. For example, only
samples with ”Yes” or ”No” in the “conspiracy”
field are retained.

To augment the dataset and prevent the model
from memorizing specific “conspiracy trigger
words,” we apply token-level random deletion
(word dropout). For sequences longer than four
words, a single token is randomly dropped with
20% probability, encouraging the model to rely
on broader syntactic and semantic context and im-
proving generalization.

2.2.2 Tokenizer Layer

DistilBERT uses the WordPiece tokenization al-
gorithm (Wu et al., 2016), a subword segmenta-

tion method that breaks words into smaller frag-
ments to cover a large vocabulary and handle out-
of-vocabulary words. WordPiece is trained by it-
eratively merging character-level units, selecting
the pair whose merging maximizes the likelihood
increase AL on the training data:

_ freglay)
freq(z) - freq(y)

where freq(xy) is the frequency of the merged
symbol, and freq(x), freq(y) are the original fre-
quencies. Higher AL indicates stronger co-
occurrence. For example, “I love AL is tokenized
into [“T”, “love”, “Al”, “.’], enabling better seman-
tic understanding for downstream tasks.

2.2.3 DistilBERT Layer

DistilBERT is a distilled version of BERT, re-
taining 95% of its performance while reducing
model size by 60%. It has six Transformer lay-
ers with hidden size 768, enabling efficient infer-
ence. Trained via knowledge distillation, Distil-
BERT approximates BERT’s output distribution,
maintaining strong performance on classification
and sequence labeling tasks with fewer parameters
and lower computational overhead.

ey

2.2.4 Inference

Before inference, training parameters are tuned
with Optuna (Akiba et al., 2019) to find the op-
timal configuration, and the best model is saved.
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Table 1: Experimental Results of Model Optimization for Conspiracy Marker Extraction

Type Learning Rate

Batch Size  Epochs

Value 2e-06

16 10

Table 2: Experimental Results of Model Optimization for Conspiracy Detection

Type Learning Rate Batch Size Epochs Warmup Ratio Weight Decay Dropout Rate
Value 7.35e-06 32 9 0.05626 0.0815 0.4630
Table 3: Comparison of Methods for Conspiracy 3.3 Methods Comparison
Marker Extraction
3.3.1 Conspiracy Marker Extraction
Method F1 Score Base Classification: Standard training was per-
Base Classification 0.15 formed with padding ignoring, class weights,
Data Augmentation 0.17 warmup, and a maximum sequence length. During
Token Classification 0.21 inference, Softmax and confidence filtering were
RoBERTa-BIO 0.20 applied.
DeBERTa-BIO 0.20

During inference, the saved DistilBERT model is
loaded, and predictions from multiple checkpoints
are aggregated using soft voting to produce the fi-
nal classification results.

3 Experimental Results
3.1 Dataset

The psycholinguistic conspiracy subtask in
SemEval-2026 Task 10 aims to analyze con-
spiracy markers in texts and determine whether
they contain conspiracy content. The conspiracy
markers include Actor, Action, Effect, Victim,
and Evidence. The dataset comprises over 4,800
annotated samples, covering more than 4,100
unique Reddit posts from over 190 subreddits.
Approximately 4,000 comments contain at least
one psycholinguistic marker annotation. The
distribution of binary conspiracy labels in the
training data is relatively balanced, with the
numbers of ”Yes” and "No” labels being roughly
equal.

3.2 Evaluation Metrics

For conspiracy marker extraction, we use Macro
F1 as the primary evaluation metric, which aver-
ages the F1 scores of all marker classes and treats
each class equally regardless of its sample size.

For conspiracy detection, we use F1 score as the
evaluation metric, as it balances precision and re-
call and is suitable for binary classification.

Data Augmentation: Extends Base Classifica-
tion by incorporating simple synonym replace-
ment across five categories during training, while
inference follows the same procedure as Base
Classification.

Token Classification: Token-level classification
was employed during training, with Softmax and
confidence filtering applied during inference.
RoBERTa-BIO: Replaces the base model with
RoBERTa-base and uses the BIO (Lample et al.,
2016) tagging scheme for token classification.
Confidence filtering is applied during inference.
DeBERTa-BIO: Replaces the base model with
DeBERTa-v3-small and uses the BIO tagging
scheme for token classification. Confidence filter-
ing is applied during inference.

Finally, we selected the Token Classification
method. The comparison of all methods is shown
in Table 3. The final hyperparameters for conspir-
acy marker extraction were obtained through man-
ual multiple-round tuning on the development set
and are shown in Table 1.

3.3.2 Conspiracy Detection

CNN Baseline: The CNN model was used for
training, with standard inference applied.
Weighted Loss + R-Drop: Data cleaning and
augmentation were applied. During training, R-
Drop, Label Smoothing, and a Weighted Loss for-
mula were used. Standard inference was per-
formed.

R-Drop Only: Retained data cleaning, data aug-
mentation, and R-Drop, while removing Label
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Table 4: Comparison of the Baseline and the Final Method for Conspiracy Marker Extraction

Method

Development Phase F1 ~ Evaluation Phase F1

+WeightedLoss+smooth_predictions+threshold Distilbert-base

Distilbert-base (baseline)

0.21
0.15

0.21
0.15

Table 5: Comparison of the Baseline and the Final Method for Conspiracy Detection

Method Development Phase F1 ~ Evaluation Phase F1
+R-Drop+soft_voting+threshold Distilbert-base 0.81 0.74
Distilbert-base (baseline) 0.75 0.72

Table 6: Development-set comparison of methods for
Conspiracy Detection.

Method F1 Score
CNN Baseline 0.70
Weighted Loss + R-Drop 0.72
R-Drop Only 0.73
Softmax Thresholding 0.74
RoBERTa 0.72
DeBERTa 0.72
Augmented Data 0.71

Smoothing and Weighted Loss. Standard infer-
ence was performed.
Softmax Thresholding: Builds on previous best
results, modifying inference by adding Softmax
and setting a confidence threshold.
RoBERTa: Base model replaced with ROBERTa-
base, training includes data cleaning and augmen-
tation. Inference uses logit ensemble instead of
Softmax.
DeBERTa: Base model replaced with DeBERTa-
v3-small, training and inference procedures same
as RoBERTa + Logit Ensemble.
Augmented Data: Training data augmented with
ChatGPT-generated examples, retaining the infer-
ence procedure from the previous best method.
Finally, we selected the Softmax Thresholding
method. The comparison of all methods is shown
in Table 6. For conspiracy detection, we used Op-
tuna (Akiba et al., 2019) for hyperparameter opti-
mization, and the final configuration is shown in
Table 2.

3.4 Comparative Results

For conspiracy marker extraction, the final F1
score reached 0.21, demonstrating the effective-
ness of token classification and Weighted Loss for
multi-class marker tasks. This improves over the

baseline F1 of 0.15 by approximately 6 percentage
points (Table 4).

For conspiracy detection, our best configuration
achieved an F1 of 0.81 on the development set,
dropping to 0.74 on the official evaluation set, in-
dicating slight overfitting. Despite this, the ap-
proach still outperformed the official baseline by
2 percentage points (Table 5).

3.5 Discussion

For the multi-class task (conspiracy marker extrac-
tion), token classification improves the macro F1
score, and data cleaning and augmentation further
enhance it.

For the binary classification task (conspiracy
detection), DistilBERT outperforms RoBERTa
and DeBERTa. This is not due to architectural
superiority, but because DistilBERT’s smaller pa-
rameter footprint allows training with optimal
configurations (adequate batch size and R-Drop),
while larger models had to use reduced batch sizes
under limited GPU memory, leading to unstable
gradients and overfitting.

4 Conclusion

In conspiracy marker extraction, we used the to-
ken classification method and fine-tuned the rel-
evant parameters, effectively addressing labeling
inaccuracies and improving the accuracy of con-
spiracy marker identification. The final macro F1
score reached 0.21, surpassing the baseline score
of 0.15 and achieving an overall rank of 6.

In conspiracy detection, we applied the clas-
sification method with Optuna-based fine-tuning,
which similarly helped mitigate labeling issues.
The final F1 score was 0.74, exceeding the base-
line score of 0.72 and achieving a final rank of 10.
Future work will explore larger models and more
effective methods to improve performance.
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