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Abstract

We present CuriosAlI’s system for SemEval-
2026 Task 10, addressing Conspiracy Marker
Extraction and Conspiracy Detection. For
marker extraction, we employ multi-label to-
ken classification with a bidirectional trans-
former (DeBERTa-v3-large) to predict over-
lapping spans. Alternative feature-based and
LLM-based approaches do not surpass the en-
coder baseline. For Conspiracy Detection,
we compare heterogeneous models, includ-
ing transformer fine-tuning, lexical classifiers,
embedding-based models, and LLM-based re-
finement. Development-optimal models do
not always generalize best; logit-level ensem-
bling achieves the strongest test performance
(F1 = 0.7620). These results highlight the im-
portance of bidirectional token modeling for
span extraction and calibration-aware ensem-
bling for robust detection.

1 Introduction

Conspiracy discourse operates at both span and
post levels. SemEval-2026 Task 10 (Samory et al.,
2026) reflects this distinction through Conspiracy
Marker Extraction and Conspiracy Detection.

For marker extraction, we formulate the task
as multi-label token classification using a bidirec-
tional transformer encoder. For detection, we eval-
uate heterogeneous models, including transformer
fine-tuning, lexical classifiers, embedding-based
models, and LL.M-based refinement. We observe
that development-optimal models do not necessar-
ily yield the strongest test performance. Logit-level
ensembling improves robustness under distribution
shift.

Our contributions are: (1) an empirical com-
parison of span extraction strategies, (2) a hetero-
geneous modeling framework for detection, and
(3) evidence that calibration-aware ensembling im-
proves robustness in shared task settings.

2 Related Work

2.1 Conspiracy and Misinformation Detection

Conspiracy detection is closely related to misinfor-
mation and stance classification tasks. Pretrained
transformer models such as BERT (Devlin et al.,
2019) have become standard baselines for text clas-
sification. Beyond contextual encoders, lexical and
feature-based approaches have been explored for
interpretable and lightweight settings.

Our work differs in that we systematically com-
pare heterogeneous modeling families within a
shared task framework, including encoder-based,
lexical, embedding-based, and LLM-based strate-
gies.

2.2 Span-Level Detection

Span-level detection has been studied in tasks
such as propaganda technique identification
(Da San Martino et al., 2020) and toxic span detec-
tion (Pavlopoulos et al., 2021). These tasks typi-
cally employ sequence labeling or token classifica-
tion architectures. Multi-label token classification
is particularly suitable when overlapping spans are
permitted.

In addition to encoder-based token modeling, we
evaluate lexical feature augmentation using Empath
(Fastet al., 2016) and parameter-efficient LLM fine-
tuning via LoRA (Hu et al., 2022), analyzing their
effectiveness under overlapping-label constraints.

2.3 Ensembling and Calibration

Model ensembling is widely used to improve ro-
bustness. Deep ensembles enhance uncertainty
estimation and generalization (Lakshminarayanan
et al., 2017), while modern neural networks are of-
ten poorly calibrated (Guo et al., 2017). We extend
this line of work by applying logit-level ensem-
bling to heterogeneous classifiers for Conspiracy
Detection.
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3 Conspiracy Marker Extraction

3.1 Task Formulation

In the Conspiracy Marker Extraction subtask, the
objective is to predict labeled text spans belong-
ing to five marker types: Actor, Action, Effect,
Victim, Evidence. Spans may overlap, and mul-
tiple labels may apply to the same token. Perfor-
mance is evaluated using token-level Intersection-
over-Union (IoU) with a threshold of 0.5.

Span-level detection has been studied in related
domains such as propaganda technique identifica-
tion (Da San Martino et al., 2020) and toxic span
detection (Pavlopoulos et al., 2021). Following
these paradigms, we formulate the task as multi-
label token classification.

Given an input sequence of length n, a trans-
former encoder produces contextualized represen-
tations H € R™*¢. Each token representation is
projected to K = 5 independent logits:

Z = HW +b,

followed by a sigmoid activation. Training min-
imizes binary cross-entropy across token—label
pairs, allowing multiple marker types per token.

3.2 Multi-Label Transformer Baseline

Our primary model is based on DeBERTa-v3-large
(He et al., 2021), a bidirectional transformer ar-
chitecture built upon the self-attention mechanism
introduced by Vaswani et al. (2017). All encoder
parameters are fine-tuned jointly.

At inference time, token-level probabilities are
thresholded, and contiguous positive tokens are
merged into span predictions. Character offsets are
reconstructed from token boundaries. This bidirec-
tional formulation naturally supports overlapping
markers and aligns with the IoU-based evaluation
protocol.

To assess the impact of encoder architecture, we
additionally evaluate RoOBERTa-base (Liu et al.,
2019) and ELECTRA-base (Clark et al., 2020) un-
der the same multi-label token classification setup.
Both models consistently underperform DeBERTa,
highlighting the benefit of disentangled attention
for fine-grained span detection.

3.3 Feature-Augmented Modeling

We augment token representations with lexical cat-
egory features derived from Empath (Fast et al.,

2016). Category scores are selected based on cor-
relation with the binary conspiracy label and con-
catenated with token embeddings before classifi-
cation. However, this approach significantly un-
derperforms the encoder-only baseline, suggesting
that global lexical signals introduce noise at the
token level.

3.4 Retrieval and Dictionary-Based Methods

We explore two non-parametric alternatives.

Retrieval-Based Span Transfer. Training posts
are embedded into a semantic space, and nearest
neighbors are retrieved for each input. Annotated
spans from retrieved posts are transferred via string
matching. While effective for recurring surface
patterns, this approach is sensitive to paraphrasing
and lacks contextual generalization.

Dictionary Matching. Frequent span expres-
sions are compiled using TF-IDF filtering. Matches
are directly applied to the input text. This method
suffers from high false positives due to the absence
of contextual disambiguation.

3.5 LLM-Based Marker Extraction

We additionally investigate parameter-efficient fine-
tuning of a decoder-only large language model,
Qwen3-14B (Yang et al., 2025), using Low-Rank
Adaptation (LoRA) (Hu et al., 2022). The model
jointly predicts sequence-level labels and token-
level markers.

Despite reasonable sequence-level performance,
token-level span extraction remains substantially
weaker than encoder-based models. We attribute
this gap to the causal attention constraint in
decoder-only architectures, which restricts access
to right-side context critical for precise span bound-
ary detection.

4 Conspiracy Detection

4.1 Task Formulation

In the Conspiracy Detection subtask, each Reddit
post x is classified as conspiratorial (y = 1) or non-
conspiratorial (y = 0). Models output a probability
p(y = 1 | z), and predictions are obtained via
thresholding:

y=1[p > ],

where ¢ is selected based on development data.
Training is performed using binary cross-entropy
loss.

498



4.2 Transformer Fine-Tuning

We fine-tune DeBERTa-v3-large (He et al., 2021)
with a linear classification head. As a bidirectional
transformer architecture built upon self-attention
(Vaswani et al., 2017), it captures contextual se-
mantics effectively and provides a strong baseline.

However, development-optimal checkpoints do
not always generalize best to the test set, indicating
sensitivity to threshold selection and distributional
variation.

4.3 Lexical, Embedding, KNN, and Additional
Models

To introduce diverse inductive biases, we evaluate
complementary model families.

TF-IDF + Logistic Regression. We construct
word (1-2 grams) and character (3—5 grams) TF-
IDF features and train a balanced logistic regres-
sion classifier. Lexical models are sensitive to ex-
plicit trigger terms, but less robust to paraphrasing.

Embedding + Linear Classifier. We extract
fixed transformer embeddings, apply pooling and
normalization, and train a calibrated linear SVM.
Freezing the encoder reduces variance while retain-
ing competitive development performance.

kNN-Derived Features. We compute local
neighborhood statistics in embedding space, such
as the positive neighbor ratio and class-conditional
similarity averages. These features capture dis-
tributional structure that complements lexical sig-
nals. Among single models, DeBERTa (pretrained)
+ kNN achieves the highest development score
(F1 = 0.8318).

LLM-based classifier. We also evaluate a
Qwen3-14B model fine-tuned with LoRA for
sequence-level classification, using a task-specific
fine-tuning setup for the detection task, and in-
cluded as an additional neural baseline.

4.4 Calibration-Aware Logit Ensembling

Neural networks are often poorly calibrated (Guo
et al., 2017), and heterogeneous classifiers exhibit
distinct confidence scales. Ensemble methods are
known to improve robustness (Lakshminarayanan
etal., 2017).

Our final ensemble combines predictions from
seven heterogeneous models introduced in Sec-
tions 4.2 and 4.3: (1) TF-IDF + Logistic Regres-
sion, (2) DeBERTa-v3-large fine-tuned classifier,

(3) embedding-based linear classifier, (4) kINN-
derived feature-based model, (5) RoBERTa-based
classifier, (6) embedding-based model trained on
GPT-refined data, and (7) Qwen-based model with
LoRA fine-tuning.

Given model probabilities p;, we compute the
ensemble prediction as:

M
Di
pens:0'<§ wilOgl : )
—Di

=1

where probabilities are clipped to avoid numerical
instability.

We assign a smaller weight to the Qwen-based
model (wQwen = 0.05), while distributing the re-
maining weight uniformly across the other six
models (w; = 0.95/6). This design reflects
the comparatively lower standalone performance
and higher variance observed for the Qwen-based
model, while preserving its complementary contri-
bution within the ensemble.

We do not apply explicit temperature scaling,
as preliminary experiments indicated that logit-
space aggregation already mitigates calibration dif-
ferences across heterogeneous models.

The decision threshold t is selected based
on development performance by evaluating
a small neighborhood of candidate values
{0.54,0.55,0.56,0.57}. Within this range, per-
formance differences are relatively small, and we
adopt ¢t = 0.55 as the final threshold, as it provides
stable performance across models and configura-
tions.

We also explored alternative ensemble strategies,
including uniform weighting, majority voting, and
probability-space averaging. However, logit-level
aggregation with heuristic weighting consistently
provided a better trade-off between robustness and
performance.

S Experiments

5.1 Experimental Setup

Data preprocessing. We use the official train and
development splits provided by the shared task. For
Conspiracy Detection, we exclude samples labeled
as “Can’t tell” and remove duplicate entries based
on Reddit IDs, retaining only the first occurrence.
All preprocessing steps, including deduplication
and label filtering, are applied strictly to the train-
ing and development data and do not affect the
official test set.
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Conspiracy Marker Extraction. For Conspir-
acy Marker Extraction, we train multi-label token
classification models using the same transformer ar-
chitecture as the classification models. Each token
is assigned binary labels for each marker type, and
models are optimized using binary cross-entropy
loss over token—label pairs. For the main DeBERTa-
v3-large model, we use a learning rate of 2 x 1072,
batch size of 24, and train for up to 10 epochs with
a linear learning rate scheduler and a warmup ratio
of 0.1. Token-level predictions are thresholded and
merged into spans based on contiguous segments,
following the loU-based evaluation protocol.

Conspiracy Detection. For Conspiracy Detec-
tion, transformer-based models are fine-tuned using
binary cross-entropy loss with independent sigmoid
outputs. We use AdamW with a learning rate of
2 x 107°, batch size of 24, and train for 3 or 10
epochs depending on the configuration. Gradient
accumulation is applied (steps = 1 or 3), resulting
in an effective batch size of 24 or 72. We use a
linear learning rate scheduler with a warmup ra-
tio of 0.1, weight decay of 0.05, and a maximum
input length of 512 tokens. All experiments are
conducted with a fixed random seed.

For embedding-based classifiers, we extract sen-
tence representations from fine-tuned transformer
models and train downstream classifiers. We ex-
plore several pooling strategies (CLS, mean, last4,
CLS+mean), and adopt last4 pooling with L2 nor-
malization in the main setting. A LinearSVC clas-
sifier is used, and probabilities are obtained via
CalibratedClassifierCV with sigmoid calibration.

For kNN-based models, we compute nearest
neighbors in the embedding space using cosine
similarity (k = 20). Features include the ratio of
positive neighbors, average similarity to positive
and negative neighbors, and their margin. These
features are used as input to a logistic regression
classifier.

We also construct a GPT-refined dataset by re-
annotating training instances using GPT-5 via the
Azure OpenAl API. Predictions with confidence
scores above 0.95 are used to update labels. This
high threshold is chosen to ensure that only highly
confident predictions are applied, thereby minimiz-
ing the risk of introducing additional noise into the
training data. As a result, only a small number of
corrections are made (14 instances in the training
set), while no changes are applied to the develop-
ment set. Models trained on the refined dataset are

Model Dev F1  Test F1
DeBERTa (baseline) 0.2033  0.1400
DeBERTa + Multi-label ~ 0.2297  0.1813
RoBERTa-base 0.1703  0.1111
ELECTRA-base 0.1571  0.1285

Table 1: Conspiracy Marker Extraction results.

Model Dev F1  TestFl
Single Models (Original Data)
TF-IDF + LR 0.7851  0.6877
DeBERTa-v3 Large 0.8100  0.7409
DeBERTa (pretrained) + SVM  0.8310  0.7495
DeBERTa (pretrained) + kNN 0.8318  0.7372
Qwen3-14B (LoRA) 0.7950  0.7326
GPT-Refined (0.95)

DeBERTa (pretrained) + SVM  0.8073  0.7466
DeBERTa (pretrained) + kNN 0.8181  0.7458
Final Ensemble
Logit Ensemble (t=0.55) 0.8182  0.7620

Table 2: Conspiracy Detection results (weighted F}).

treated as additional components in the ensemble.

Evaluation. For Conspiracy Marker Extraction,
we report macro F1 based on token-level IoU. For
Conspiracy Detection, we report weighted F1 as
the primary metric, along with precision and recall
for the positive class.

5.2 Conspiracy Marker Extraction Results

Table 1 summarizes development results for the
span extraction approaches.

The multi-label DeBERTa model achieves F; =
0.2297 (Macro) on the development set and F} =
0.1813 (Macro) on the test set, consistently out-
performing the single-label baseline (F7 = 0.2033
Dev, I = 0.1400 Test).

5.3 Conspiracy Detection Results

Table 2 reports both single-model and ensemble
performance for Conspiracy Detection.

Although DeBERTa (pretrained) + kNN
achieves the highest development performance
among single models (F7; = 0.8318), it does
not yield the strongest test performance. The
logit-level ensemble, which attains a lower devel-
opment score (F; = 0.8182), achieves the best
test result (F; = 0.7620). This reversal indicates
that selecting a single development-optimal model
may lead to suboptimal generalization under
distribution shift.
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5.4 Analysis

For Conspiracy Marker Extraction, the multi-label
DeBERTa model consistently outperforms the
single-label baseline, indicating that multi-label to-
ken modeling is better suited for overlapping span
prediction. However, overall performance remains
low, reflecting the difficulty of precise boundary
detection under the IoU-based evaluation.

For Conspiracy Detection, the development-
optimal model does not necessarily achieve the best
test performance. While the DeBERTa-based kNN
model yields the highest development score, the
logit-level ensemble achieves the best test perfor-
mance, demonstrating improved robustness under
distribution shift.

These results highlight the benefit of combining
heterogeneous models. Lexical models capture ex-
plicit trigger patterns, whereas embedding-based
and transformer models generalize better to im-
plicit or paraphrased expressions. Logit-level ag-
gregation further stabilizes predictions by reducing
calibration differences across models.

6 Error Analysis

6.1 Conspiracy Marker Extraction

The primary source of error is boundary mismatch
under loU-based evaluation. Even semantically
correct spans may be penalized due to slight token
alignment differences.

We also observe type confusion, particularly be-
tween Action and Effect, where distinguishing be-
tween intended actions and resulting outcomes of-
ten requires broader discourse context.

We observe variation across marker types, with
some markers (e.g., Actor and Victim) being easier
to detect than others (e.g., Action, Effect, and Evi-
dence), suggesting differences in difficulty across
marker types.

Feature-augmented and retrieval-based meth-
ods introduce additional false positives due to
surface-level matching without sufficient contex-
tual grounding, which explains their lower per-
formance compared to the multi-label DeBERTa
model.

6.2 Conspiracy Detection

False positives are often triggered by the presence
of conspiracy-related vocabulary without explicit
endorsement. Lexical models are particularly sensi-
tive to such surface-level triggers, leading to errors

when posts mention controversial actors or institu-
tions in a descriptive or critical manner.

False negatives typically occur in longer posts
where conspiratorial intent is implied rather than
explicitly stated. In such cases, the absence of
clear trigger terms leads to lower confidence predic-
tions. Sarcasm and narrative-style framing further
increase ambiguity.

7 Conclusion

We presented CuriosAl’s system for SemEval-2026
Task 10, addressing both Conspiracy Marker Ex-
traction and Conspiracy Detection.

For Conspiracy Marker Extraction, multi-label
token classification with a bidirectional transformer
consistently outperformed simpler baselines, high-
lighting the importance of contextual token model-
ing for overlapping spans.

For Conspiracy Detection, we showed that
development-optimal models do not necessarily
generalize best, and that logit-level ensembling of
heterogeneous models improves robustness under
distribution shift.

Overall, our results emphasize the importance of
combining contextual modeling with calibration-
aware ensembling in shared task settings.

8 Limitations

For Conspiracy Marker Extraction, performance
remains limited under IoU-based evaluation due to
sensitivity to span boundary alignment and over-
lapping labels.

For Conspiracy Detection, the relatively small
and imbalanced development set may increase sen-
sitivity to model and threshold selection.

Synthetic data generated by large language mod-
els did not consistently improve performance.

Finally, our evaluation is limited to the shared
task dataset, and generalization to other domains
or platforms remains an open question.
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