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Abstract

This paper describes our system designed for
SemEval-2026 Task 10: PsyCoMark—Subtask
2: Conspiracy Detection. We proposed a two-
stage approach that leverages large-scale pre-
trained models and a fine-tuned smaller model
to detect conspiracy theories in text. In the
first stage, we utilize a large model to test all
the test samples and filter out those that are
clearly unrelated to conspiracy theories. For
the remaining samples, we apply a retrieval-
enhanced custom prompt strategy combined
with the Roberta-Large model in the second
stage. This allows us to fine-tune the model
with weighted predictions based on relevant
retrieved information, enhancing detection ac-
curacy. Our system achieved first place on
the leaderboard, with an impressive F1 Score
of 0.8874. We also present a brief analysis
of the effectiveness of the methods used, in-
cluding the advantages and limitations of large
model-based filtering and retrieval-augmented
fine-tuning.

1 Introduction

The PsyCoMark task (Ghosh et al., 2026) addresses
the gap in benchmarks for "automatic detection of
conspiracy content in everyday online language"
by combining "conspiracy detection" (classifica-
tion) with "psycholinguistic reasoning tasks." The
dataset is available on Zenodo and open for com-
munity collaboration via GitHub.

The sub-task is divided into two types: deter-
mining if a "submission statement" expresses a
conspiracy-related claim (Yes/No), or categoriz-
ing it as "Can’t tell." The evaluation metric is the
weighted F1 score, which averages the weighted
form to assess classification performance across
tasks.

The dataset is constructed using Reddit submis-
sion statements, helping train the task to constrain
the target corpus, as conspiracy theories appear in
various forms. This training set differs from real

Conspiracy Detection Example

Input: “This is relevant to Superstonk because
Boston Consulting Group is bringing Gamestop to
court in Delaware, and there is cause for concern

that this trial may have corrupt judges involved.”

Answer: Yes!

Input: “They start off lying on the ground
with very long, heavy stilts tied to their legs,

and somehow need to help each other up. The
way they do it is really clever...”

It clearly bears the
elements of a conspiracy!

It is merely a statement,

without any conspiracy
theory elements

Figure 1: Example of conspiracy theory detection. The first
input clearly includes conspiracy elements, whereas the sec-
ond input is simply a statement without any conspiracy-related
content.

platform data and requires adaptation through ex-
amples like Pushshift and Project Arctic Shift.

Additionally, the task integrates psycholinguistic
"conspiracy detection” spans (e.g., Actor, Action,
Evidence, Condition, Term), illustrating the knowl-
edge structure and reasoning process in the task
execution.

We adopt multimodal learning and retrieval en-
hancement techniques, which have been widely
applied across domains. Zhang et al. (Zhanga
et al.) proposed a multimodal semantic decou-
pled prompt for zero-shot referring expression com-
prehension. Li et al. (Li et al., 2025) explored
noise self-correction in cross-modal retrieval, im-
proving robustness. Yang et al. (Yang et al.,
2025) introduced a probe-and-rebalance approach
for multimodal learning, while Yang et al. (Yang
et al., 2024) improved multimodal classification
by dynamically learning modality gaps. Yang et
al. (Yang et al., 2023) discussed the benefits of
out-of-distribution data in open-set active learning,
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and Jiang et al. (Jiang et al., 2025) rethought mul-
timodal learning to address classification ability
disproportion, crucial for balancing model outputs
in our approach.

2 Related Work

In the past five years, research on conspiracy theory
detection has progressed along key lines: (1) super-
vised text classification (Transformer fine-tuning),
(2) cross-platform/cross-lingual shared tasks, (3)
large model prompting and weak supervision, and
(4) retrieval augmentation and cascading infer-
ence (Pustet et al., 2024). Besides the SemEval
task, academic efforts have organized evaluations
for various platforms and languages. For exam-
ple, the ACTI task in EVALITA 2023 advanced
evaluation on non-news, non-encyclopedic dialog
corpora, using Transformer-based models and en-
hancement techniques like data augmentation and
sentence vectors (Russo et al., 2023). Studies high-
light that supervised models can be biased by key-
words on specific platforms, suggesting large mod-
els to improve robustness beyond keyword-based
detection (Pustet et al., 2024).

Recent work on large language models (LLMs)
has explored techniques like zero-shot/few-shot
prompting, prompt-based learning, and instruction
fine-tuning. For instance, GPT-3-based models
showed the feasibility of using large models for var-
ious tasks with minimal training, providing strong
baselines for competitive scenarios (Brown et al.,
2020). In conspiracy theory detection, studies are
focusing on task-specific instruction data and em-
phasizing emotion, narrative, and psychological
factors in detection (Liu et al., 2024).

Additionally, retrieval augmentation with LLMs,
like REALM and RAG, improves factuality and
updatability by combining knowledge bases with
generative models (Guu et al., 2020). Retrieval-
augmented prompting (RAP) adapts static tem-
plates into instance-specific contexts, proving use-
ful for tasks with high ambiguity and evidence de-
pendency. Lastly, cascading inference strategies, as
seen in Frugal GPT, balance performance and cost
by using simpler models for easier cases and reserv-
ing more complex models for harder cases (Chen
et al., 2023).

3 System Overview

As shown in Figure 2, our system consists of four
stages. Stage 1 enhances data relevance through

retrieval and reranking. Stage 2 applies pre-trained
large models (PLMs) like BERT, RoBERTa, and
DeBERTa, using techniques such as class weight
adjustment and data augmentation to address im-
balance and overfitting. Advanced models like
Qwen2.5 and ChatGPT5.2 are also incorporated to
boost performance. In Stage 3, a designed prompt
interacts with large language models (LLMs) for
predictions. Finally, Stage 4 combines model out-
puts using ensemble learning for better robustness
and generalization in conspiracy detection.

3.1 Model Architecture

Pre-trained Language Models (PLMs): We fine-
tuned two Transformer-based models, RoBERTa
and DeBERTa3, for our sequence classification task.
RoBERTa improves performance with better train-
ing methods and larger datasets, while DeBERTa
enhances contextual understanding with its disen-
tangled attention mechanism and mask decoder.
Both PLMs are used as encoders connected to a
classification layer for final predictions.

Large Language Models (LLMs): We also fine-
tuned two advanced LLMs, Qwen2.5 and Chat-
GPTS5.2. After pre-processing with their respective
tokenizers, we fine-tuned the models and applied
them to the test set. Unlike PLMs, LL.Ms generate
predictions directly through a generative approach.
Model performance is evaluated by comparing pre-
dictions to true labels.

This section further details the two-stage
pipeline in Section 3: Stage 1 uses LLMs for
global pre-filtering, while Stage 2 applies retrieval-
enhanced prompts and RoBERTa-Large weighted
fusion for hard examples, including threshold selec-
tion, probability calibration, and implementation
details. For related methods, see studies on cascade
inference, retrieval enhancement, and calibration.

3.2 LLM Global Pre-filtering

Motivation (Why filtering). In PsyCoMark sub-
task 2, the official binary evaluation uses {No, Yes}
and the weighted F1 score as the core metric. Thus,
Stage 1 is designed as a high-precision negative
class filter, where samples clearly not containing
conspiracy elements are classified as No, focusing
resources on ambiguous samples needing evidence.
This approach aligns with the cost-performance
trade-off in LLM cascade/triage.

Notation and OQutput Constraints. Let the in-
put text be x and the label space be y € {No, Yes}.
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Input: “They start off lying on the ground with
very long, heavy stilts tied to their legs, and
somehow need to help each other up. The way
they do it is really clever..”

dataset

_|-|RetrievaI+Rerank F[‘

‘g_

Rank1:
Rank2:

(@PLMs Processing

+ O

Basic Output Output2
PLvs 4 I8
Output3

Class Weight

Ensemble Learning

Diees

LLMs Output1

Designed Prompt

BLLMs Processing

|
60

: Conspiracy Detection
i YES: 0.3274 NO:0.6726

@Model Ensembling

Figure 2: the architecture of our proposed system. In the first stage, data processing involves retrieval and reranking to enhance
the relevance of the input dataset. The second stage applies pre-trained large models (PLMs) such as RoBERTa, fine-tuned with
class weight adjustment to address data imbalance. The third stage utilizes large language models (LLMs), where a designed
prompt is used to generate predictions. Finally, in Stage 4, the system aggregates predictions from multiple models using
ensemble learning, ensuring improved robustness and accuracy for the conspiracy detection task.

The LLM in Stage 1 generates a structured output
Resp(l) (x) under the prompt template Pgjte,. TO
reduce ambiguity, the output is constrained to a
fixed format (e.g., JSON with label and p_yes
fields); specific model types and sampling parame-
ters are not specified.

Probability Extraction and Routing Branch.
The LLM output is mapped to the positive class
probability:

pi(@) = g(Resp®(2)) € 0,1, (1)

where g(-) represents parsing and necessary post-
processing. The routing rule for Stage 1 is:

route(zr) =

Stage2, otherwise.

{predict No, ifpgﬁM(:E) < Thlters

2
where Tgiter iS not specified. A smaller Tqiger
makes Stage 1 more conservative, reducing false
negatives, while a larger threshold increases fil-
tering aggressiveness but raises the risk of false

negatives.

Threshold Selection and (Optional) Calibration.
We perform a grid search or ranking-based thresh-
old scan for 7g); On the development set, using
weighted F1 after Stage 2 for optimization. If
pI(EM(:U) is from the LLM’s “self-reported proba-
bility,” its reliability may vary with prompt and sam-
pling fluctuations. Optionally, temperature scaling
or logistic regression calibration can be applied on
the development set to improve interpretability.

Engineering Implementation Key Points (Effi-
ciency and Robustness). To improve efficiency,
we use the following strategies:
« Caching: Cache Resp(")(z) and pSﬁM(:r) at
the sample level to avoid redundant LL.M
calls.

* Batch Processing and Length Limiting:
Use batch processing for LLMs that support
it, and control input length through trunca-
tion/summary.

* Parsing Fault Tolerance: If parsing fails, de-
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grade the sample to “enter Stage 2” to reduce
false negatives.

3.3 Retrieval-Enhanced Prompting and
RoBERTa-Large Weighted Fusion

Motivation. For the "hard examples" retained by
Stage 1, relying solely on superficial word trig-
gers is prone to topic drift and semantic ambi-
guity; retrieval enhancement can inject relevant
background and similar examples for each sam-
ple, improving prompt alignment and consistency.
Meanwhile, fine-tuned RoBERTa-Large as a dis-
criminative encoder typically provides more sta-
ble probability signals. Therefore, we combine
the LLM signal from retrieval-enhanced prompt-
ing with the RoOBERTa-Large probability through
weighted fusion to balance semantic coverage and
discriminative stability.

Stage 2.1: Retrieval and Reranking. Let the
retrieval corpus be C (sources and scale are not
specified). Given input z, construct a query ¢(z)
(which may be the original text, key phrases, or a
compressed query; specific strategy not specified),
and perform two-stage retrieval:

Di(x) = Retrieve(q(z),C, k), 3)
Em(x) = SelectTop(Rerank(z, Dy (x)), m),
C))
where k is the number of recall candidates, and m is
the number of final evidence entries, both not spec-
ified; the retrieval type (sparse/dense/mixed) and
reranker type (e.g., cross-encoder) are not speci-
fied. The two-stage “first recall, then rerank” mo-
tivation is to obtain higher relevance evidence at a
lower cost.

Stage 2.2: Retrieval-Enhanced Prompt Con-
struction and Evidence Injection. We inject
Em/(x) into the prompt template Prag in the form
of "citation blocks/point lists," and explicitly define
in the prompt: (i) task definition and label seman-
tics; (ii) evidence usage boundaries (only using ev-
idence as auxiliary, no fabrication of non-existent
information); (iii) output format constraints (sug-
gesting output of p_yes and a brief justification).
The LLM output is mapped as:

P (@) = hLLM(z, &, (2); Prac)) € [0,1]
(&)
where h(-) represents the parsing function. The
LLM model, prompt details, context length bud-
get, and whether to use self-consistency are not
specified.

Stage 2.3: RoBERTa-Large Fine-Tuning and
Probability Calibration. The RoBERTa-Large
sequence classifier outputs binary logits z(x) =
[2N0 (), 2ves ()], corresponding to the probability:

ProB(ylz) = softmax(z(x))y,
(2) (©)
pRoB(x) = pRoB(YeS|JI).

During training, we use weighted cross-entropy (or
equivalent binary log loss):

N
L(0) = - Z oy, log po(yi|zs), (7N
i=1
where «, is the class weight (determined by class
frequency or validation set tuning; value not speci-
fied). To improve probability usability, temperature
scaling calibration can be applied on the develop-
ment set:

ProB(Y|T) = softmax<z(m)> , T>0, (8
T/,

where 7 is obtained by minimizing the negative log-
likelihood on the development set; the final value of
T is not specified. Training hyperparameters such
as learning rate, epoch, batch size, and maximum
length are not specified.

Stage 2.4: Weighted Fusion and Final Decision.
For the same sample =, we combine the two proba-
bilities, possibly calibrated, as follows:

(2 (2
Pfinal (T) = WRoB 'pﬁgg(ﬂﬂ) + wrLMm 'p(LL)M($)7

WRoB +wWrLM = 1,  WRoB, wLLM = 0.

©)
where the fusion weights wrop and wrry are
not specified (suggested to be determined via grid
search or simple linear regression fitting on the
development set). The final binary classification
decision is:

Yes,

The threshold 75y, is selected on the development
set to maximize the official weighted F1 score, and
Thnal 1 NOt specified.

pﬁnal(x) > Tfinal

10
otherwise, (10

Engineering Implementation Key Points (Re-
trieval and Inference Efficiency).

* Pre-build Vector/Inverted Indexes: Of-
fline construction of retrieval indexes; chunk-
ing and deduplication of evidence fragments
(chunking granularity is not specified).
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* Two-level Caching: Cache Dy(x) and &,,(x),
as well as p{QL)M(x) to reduce redundant re-
trieval and LLLM calls; batch RoBERTa infer-

ence.

* Length Budget Control: Truncate and com-
press evidence (e.g., retaining the first n
words/sentences for each piece of evidence; n
is not specified), to avoid excessive length in
the prompt that leads to LLM degradation.

4 Experimental Setup and Results

4.1 Dataset Description

For our experiments, we use the PsyCoMark
dataset, which is specifically designed for conspir-
acy theory detection in textual data. The dataset
consists of a diverse set of textual samples sourced
from multiple platforms, including social media
posts, articles, and forum discussions. Each sample
in the dataset is labeled as either Yes (conspiracy
theory) or No (non-conspiracy theory). The dataset
is split into training, validation, and test subsets,
with the training set consisting of approximately
80% of the total data, while the validation and test
sets make up 10% each.

4.2 Metrics

We use the F1 score as the main evaluation metric,
which is the harmonic mean of precision and recall.
In multi-class classification, the F1 score is calcu-
lated for each class, and then averaged to obtain
the overall score. This approach treats each class
equally, regardless of class distribution, providing
a balanced measure of model performance.

5 Results

Table 2 presents the effectiveness of our method,
evaluated using the Macro F1 score. Starting with
RoBERTa as the baseline, we achieved a score of
0.7451. Incorporating data processing improved
the score to 0.7812, highlighting the impact of opti-
mizing the input data. Adding class weight further
boosted the score to 0.8191, addressing class im-
balance. The inclusion of LLMs with a designed
prompt led to a significant improvement, with the
score rising to 0.8442, demonstrating the benefit of
leveraging large models for more accurate predic-
tions. Finally, the combination of these methods
with ensemble learning achieved the highest score
of 0.8874, showing the effectiveness of aggregating

Component

Stage-1 LLM
Temperature / Top-p
Max generation tokens
Filtering threshold Taiter
Retrieval corpus

Corpus size

Retriever

Embedding model
Recall candidates k
Reranker

Final evidence entries m
RoBERTa backbone
Learning rate

Epochs

Weight decay

Batch size

Fusion weights

Final threshold Tfna1

Setting
GPT-5.2,Qwen2.5-7B-Instruct
1.0/1.0

128

0.3

official training set

official training set passages
BM2S5 + dense retrieval
bge-large-en-v1.5

20

bge-reranker-large

3

roberta-large

2x107°

10

0.01

10

wRoB = 0.35, wrLm = 0.65
0.73

Table 1: Implementation details of our submitted sys-
tem.

multiple models to enhance robustness and gener-
alization.

These results highlight the substantial impact
of each component on the overall performance of
the system, with ensemble learning being the most
influential factor. By combining multiple models,
we are able to capture diverse patterns in the data,
significantly improving the model’s ability to detect
conspiracy-related content.

Settings Macro F1
RoBERTa 0.7451
+ data processing 0.7812
+ class weight 0.8191
+ LLMs designed prompt 0.8442
+ ensemble learning 0.8874

Table 2: Effectiveness of the proposed method.

Our method performed exceptionally well in the
competition, securing the top position with a Macro
F1 score of 0.89. This result demonstrates the ef-
fectiveness of our approach, which benefited from
techniques such as threshold search, class weight-
ing, data augmentation, and ensemble learning.
The table below shows the final rankings for the
top 5 teams in the leaderboard.

6 Conclusion

We proposed an effective approach for conspiracy
theory detection, combining LLMs with techniques
like retrieval-enhanced prompting, class weighting,
and ensemble learning. Our method achieved the
top Macro F1 score of 0.89 on the PsyCoMark task.
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Rank | Team Macro F1
1 NJUST_KMG 0.89
2 mdok-style 0.78
3 dangphuduy 0.78
4 VARH-AI 0.78
5 UMUTeam 0.77

Table 3: Results of top 5 teams for the competition task
on the test set.

Future work will focus on improving robustness,
exploring other modalities, and refining the method
for broader misinformation detection.
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