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Abstract001

This paper presents our solution for subtask2,002
which focuses on the automated detection of003
conspiracy in text. Unlike traditional toxic text004
detection, conspiracy identification is particu-005
larly challenging as it often lacks explicit se-006
mantic indicators. To address this, we lever-007
aged a Large Language Model (LLM) as our008
backbone and employed Low-Rank Adaptation009
(LoRA) for fine-tuning to enhance detection010
performance. To generate probabilistic confi-011
dence scores while maintaining the generative012
capabilities of the LLM, we implemented a013
hybrid loss function that integrates both gener-014
ative and token classification losses. Addition-015
ally, semi-supervised learning with unlabeled016
data was incorporated to further refine classifi-017
cation accuracy. Our approach achieved a test018
accuracy of 0.87, ranking 2nd in both stages of019
the competition leaderboard.020

1 Introduction021

Psycholinguistic conspiracy(PsyCo) have tran-022

scended the fringes of the internet to become a023

significant sociopolitical force, often fueling mis-024

information and eroding public trust. Recent psy-025

chological research suggests that conspiracy think-026

ing is not merely about what is said, but how it is027

structured, characterized by specific cognitive pat-028

terns(Liu et al., 2024). Subtask 2 of SemEval-2026029

Task 10 provides a high-quality dataset designed to030

benchmark the automatic detection of PsyCo in text.031

In SemEval-2026 task 10, unlike prior datasets that032

are tied to specific events, PsyCoMark is grounded033

in the structural markers of conspiratorial thought.034

This task shifts the focus from superficial keywords035

to the underlying psycholinguistic architecture of036

a claim. To this end, PsyCoMark utilize a topic-037

diverse dataset sourced from real-world Reddit dis-038

cussions, capturing the messy and organic nature039

of everyday online discourse.040

To effectively identify PsyCo in text, this paper041

proposes a framework based on Large Language042

Models (LLMs). While traditional text classifica- 043

tion models, such as the BERT family(Devlin et al., 044

2019), capture semantic representations through 045

pre-training, they are often constrained by model 046

scale and architectural limitations. Consequently, 047

they struggle to achieve a profound understanding 048

of the complex world knowledge and nuanced rea- 049

soning. In contrast to the BERT framework, which 050

primarily functions as a bidirectional encoder re- 051

quiring extensive task-specific fine-tuning, LLMs 052

exhibit a paradigm shift in both generalization and 053

semantic depth. By leveraging unprecedented pa- 054

rameter scales and diverse training corpora, LLMs 055

transcend the limitations of discriminative mod- 056

els, demonstrating superior zero-shot and few-shot 057

learning capabilities that allow them to generalize 058

across unseen domains without additional param- 059

eter updates(OpenAI et al., 2024). Furthermore, 060

while BERT excels at token-level representations, 061

LLMs manifest emergent abilities in complex se- 062

mantic understanding and logical reasoning, en- 063

abling a more nuanced grasp of human intent and 064

long-range contextual coherence. 065

We propose a training framework for psycholin- 066

guistic conspiracy detection via domain-specific 067

fine-tuning of LLMs. Our primary contributions 068

consist of three parts: 069

1. Semi-supervised Learning Integration: We 070

exploit unlabeled data through a semi-supervised 071

approach, significantly boosting the model’s preci- 072

sion in identifying conspiracy-related content. 073

2. Generative-Discriminative Fusion: We lever- 074

age the generative priors of LLMs by integrating 075

generative objectives with classification scoring. 076

This multi-task learning strategy, stabilized by a 077

fused loss function, enhances overall classification 078

performance. 079

3. Establishing a robust and adaptable archi- 080

tecture that generalizes effectively across various 081

thematic domains. 082
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2 Our Approach083

2.1 Framework084

Figure 1 illustrates our end-to-end algorithmic085

framework for the SemEval competition. Our086

methodology begins with data augmentation: to uti-087

lize the unlabeled portion of the training set, we em-088

ploy a semi-supervised learning strategy, assigning089

soft labels via a fine-tuned LLM to facilitate down-090

stream training. The core architecture involves fine-091

tuning the Qwen3-14B model using LoRA (Low-092

Rank Adaptation) (Hu et al., 2021). Our optimiza-093

tion strategy aims to preserve the model’s inherent094

generative reasoning capabilities while simultane-095

ously refining its discriminative precision. To this096

end, the objective function is a weighted combi-097

nation of three components: (1) a standard gener-098

ative loss to maintain linguistic proficiency(Chu099

et al., 2025); (2) a cross-entropy classification loss100

applied to the target tokens (e.g., "yes"/"no") for101

binary discrimination; and (3) a Kullback-Leibler102

(KL) divergence loss(Hinton et al., 2015) to align103

the model with the soft labels.104

2.2 Training Strategy105

For the data preprocessing part, the labeled dataset106

is partitioned into five subsets for five-fold cross-107

validation and soft label generation. For the LLM108

training stage via LoRA (Low-Rank Adaptation),109

we employ a composite loss function consisting of110

a weighted average of generative loss, token-level111

cross-entropy loss, and KL divergence. Example112

of a token-level cross-entropy loss is as follows,113

Ltc = − 1

N

N∑

i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)]

(1)114

where yi represents the ground truth label, taking115

values of 0 or 1. Where ŷi denotes probability for116

the target token by the model output. The genera-117

tive loss is defined in Eq. 2,118

Lgen = −
T∑

t=1

logP (yt | y<t, x) (2)119

where T represents the length of the sequence af-120

ter removing prompt tokens. The P (yt | y<t, x)121

denotes the conditional probability distribution of122

predicting the target token yt given the preceding123

context y<t. An example of a KL divergence loss124

is defined in Eq. 3,125

LKL =
V∑

i=1

pTi log

(
pTi
pSi

)
(3)126

where LKL reference the loss function of standard 127

knowledge distillation. pTi represents the soft la- 128

bel was predicted from the tuned-llm model. pSi 129

denotes the model’s prediction probability distri- 130

bution in the training stage. The final training loss 131

such as Eq. 4 132

L = λ1Ltc + λ2Lgen + λ3LKL (4) 133

where λ1, λ2, and λ3 represent hyperparameters. 134

The implementation details of the three loss func- 135

tions during the training process are as follows. 136

First, the generative loss adopts the standard ob- 137

jective used in large language model fine-tuning, 138

where "Yes" and "No" are defined as the target 139

tokens in the output sequence. Second, the token- 140

level classification loss calculates the cross-entropy 141

between the predicted key tokens and their corre- 142

sponding ground truth labels. Specifically, "Yes" 143

and "No" are mapped to 1 and 0 to facilitate binary 144

classification. Regarding the KL divergence loss, 145

we employ a five-fold cross-validation approach 146

utilizing the aforementioned two loss functions to 147

generate soft labels for all training samples. For 148

unlabeled data, the average prediction from the 149

five-fold models serves as the soft label(Kingma 150

et al., 2014). Finally, the model is fine-tuned by 151

integrating all three loss functions to produce the 152

definitive inference model. 153

3 Experiments 154

3.1 Experimental Settings 155

Dataset The experimental dataset was constructed 156

based on the official competition training set, with 157

entries labeled ’can’t tell’ explicitly excluded. We 158

conducted five-fold cross-validation for offline ex- 159

periments focusing on the ’no’ and ’yes’ labels. 160

In each fold, four-fifths of the data were utilized 161

for training, while the remaining portion served 162

as the validation set. Notably, the previously ex- 163

cluded ’can’t tell’ data were re-integrated via soft 164

label augmentation to enhance the training process, 165

ensuring no data leakage into the validation set. 166

Metric To comprehensively evaluate the perfor- 167

mance of our model across all categories, com- 168

petition employ the Macro-averaged F1-score as 169

our primary evaluation metric. Unlike the micro- 170

average, which can be dominated by majority 171

classes, the macro-average treats all classes equally 172

by calculating the metric independently for each 173

class and then taking the average. This ensures that 174
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Figure 1: Conspiracy Detection LLM Training Framework.

Fine-tuning Model Val F1
Qwen2.5-7B 79.28 ± 1.25
Qwen2.5-14B 82.92 ± 0.78
Qwen3-14B 84.28 ± 1.60
Gemma-2-9b 83.10 ± 1.25

Table 1: F1-scores of various LLMs on local five-fold
cross-validation (percentage values). The reported met-
rics represent the average F1-score across five folds,
with fluctuations indicated based on five random runs.

the performance on minority classes is adequately175

reflected.176

Experimental Setup All models were trained on177

a high-performance computing cluster equipped178

with NVIDIA A100 GPUs. The proposed model179

is implemented using the PyTorch framework. For180

the training of LLMs, the Huggingface Transform-181

ers library(Wolf et al., 2020) is utilized, with all182

pre-trained weights sourced via the Huggingface183

Hub API184

Model Input This paper uses a consistent prompt,185

with the fixed prompt word text appended to the186

beginning of the original input text. The prompt187

prefix is "Please serve as a user review expert,188

detect whether a Reddit comment expresses a189

conspiracy belief".190

3.2 Experimental Results191

In this study, we evaluated the performance of vari-192

ous fine-tuned LLMs. The experimental results, de-193

tailed in Table 1, were obtained using open-source194

models, including the Qwen(Yang et al., 2025) and195

Gemma(Team et al., 2024) series.196

Empirical results from Table 1 indicate that197

model performance scales positively with both size198

and recency. These findings underscore the criti-199

cal role of the base model, suggesting that larger200

architectures inherently yield superior outcomes 201

following fine-tuned. 202

We also conducted ablation experiments on dif- 203

ferent modules in our framework. The ablation 204

implementation using qwen3-14B as the backbone 205

is shown in Table 2. Experimental results from Ta- 206

ble 2 show that different modules all have a positive 207

impact on the final result. Directly using the gen- 208

eration loss function to construct question-answer 209

pairs and calculate the error yields the accuracy 210

result. Looking at the fluctuations in the results, 211

introducing the classification cross-entropy loss 212

function improves the result while also making 213

the cross-entropy smaller. Further utilizing semi- 214

supervised learning to introduce soft labels and cal- 215

culate KL divergence improves the overall result, 216

but also makes it larger. Currently, only a simple 217

weighted combination loss function is used; future 218

designs could consider more consistent approaches 219

to improve the stability of the results. 220

Furthermore, we conducted comparative exper- 221

iments to evaluate the impact of various LoRA 222

configurations across different pre-trained models, 223

the results of which are summarized in Table 3. 224

Experimental results demonstrate that optimal per- 225

formance for various pre-trained models contin- 226

gent upon specific LoRA parameter configurations. 227

Among all tested architectures, the qwen3-14B 228

model, configured with a rank of 68 and an alpha 229

of 128, achieved the superior performance. 230

4 Conclusion 231

This paper investigates the task of conspiracy De- 232

tection within textual data using LLMs. By integrat- 233

ing token-level classification loss into a generative 234

framework, we effectively bridge the gap between 235

generative pre-training and discriminative tasks. 236

Furthermore, we employ a semi-supervised knowl- 237
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Lora model Generative Loss Token-level cross-entropy loss KL Loss Val F1 score
• • 78.36 ± 1.40
• • 80.67 ± 0.76
• • • 83.12 ± 1.05
• • • 80.56 ± 1.34
• • • 83.78 ± 1.24
• • • • 84.28 ± 1.60

Table 2: The table shows ablation experiments with different module combinations within the framework.

Model Rank Alpha Avg F1

Gemma-2-9b

8 16 78.70
16 32 82.28
32 64 83.10
64 128 82.65

Qwen2.5-7b

8 16 77.58
16 32 78.20
32 64 79.28
64 128 77.74

Qwen2.5-14B

8 16 81.10
16 32 79.88
32 64 78.56
64 128 82.92

Qwen3-14B

8 16 80.62
16 32 83.74
32 64 82.86
64 128 84.28

Table 3: Comparison of different LoRA hyperparameter
configurations across various LLMs

edge distillation strategy, utilizing LLM-generated238

soft labels for unlabeled data to maximize data util-239

ity and boost classification robustness. While our240

current approach focuses on algorithmic modeling241

and data augmentation, future research could ben-242

efit from incorporating domain-specific insights,243

such as psychological knowledge, to refine detec-244

tion in nuanced scenarios. Additionally, it is worth245

exploring techniques that enhance classification ac-246

curacy primarily through inference-time optimiza-247

tion rather than fine-tuning.248
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