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Abstract
We present our submission to Task 2 of the ClimateCheck 2026 shared task on Disinformation Narrative Classification
which requires assigning climate-contrarian claims to fine-grained disinformation narratives. Using Qwen3-8B as a
fixed backbone, we systematically compare data augmentation, prompt engineering and reinforcement learning.
Our experiments show that structured reasoning, particularly a chain-of-thought (CoT) prompting strategy aligned
with the taxonomy’s hierarchical structure, substantially improves Macro-F1 over both zero-shot baselines and
augmentation-based fine-tuning. Our best configuration achieves ~0.625 Macro-F1, ranking first in Task 2. Our
findings demonstrate that carefully designed hierarchical prompting can rival more complex training interventions in

low-resource, highly imbalanced narrative classification settings.
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1. Introduction

As digital platforms play an increasingly central role
in shaping perceptions of scientific issues, there is
a pressing need for NLP systems that can identify
and contextualize questionable claims and connect
them reliably to evidence. We present our con-
tribution to Task 2 of Abu Ahmad et al. (2026)’s
ClimateCheck 2026 shared task' on Disinforma-
tion Narrative Classification. The shared task
addressed the growing challenge of climate-related
discourse on social media, where increased public
engagement is accompanied by the spread of mis-
leading narratives that emerge, adapt, and recom-
bine over time within online information ecosystems
(Abu Ahmad et al., 2025b,a).

The 2026 edition of ClimateCheck combines the
previous iteration’s tasks into Task 1: Abstract
Retrieval and Claim Verification and adds a new
Task 2: Disinformation Narrative Classification.
However, we only participated only in Task 2 of the
shared task, which was centered around assign-
ing claims to fine-grained disinformation narratives
derived from the CARDS taxonomy of contrarian cli-
mate claims (Coan et al., 2021; Rojas et al., 2024).
This problem setting is technically challenging due
to overlapping narrative themes, imbalanced label
distributions, and a scarcity of data (Abu Ahmad
et al., 2025b). In the official evaluation, systems
were ranked by Macro-F1 rewarding the accurate
classification of rare labels. Our best submission

'https://github.com/Dagobert42/climatecheck2026-
task2-hierarchical-approaches

achieved the first place in Task 2 with a score of
~0.625 Macro-F1.
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Figure 1: Our three-step hierarchical narrative clas-
sification approach.

Rather than varying model families, we focused
on isolating the effects of different approaches by
using a Qwen3-8B model (Yang et al., 2025) as
the starting point across experiments. This choice
allowed for direct comparison to the task baseline,
which performed supervised finetuning on Qwen3-
8B using Low-Rank Adaptation (LoRA)(Hu et al.,
2021). The baseline was provided by team EFC,
ClimateCheck 2025’s 3rd place submission to the
Claim Verification task (Upravitelev et al., 2025).
Following the optional shared-task guidance, we
tracked the inference emissions of our experiments
using CobeCaRrBoN (Courty et al., 2024).

We explore three main directions: data augmen-
tation, prompt engineering, and reinforcement
learning using Group-Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024). For prompt de-
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sign, we investigate hierarchical prompting (Singh
et al., 2025) and an off-shoot chain-of-thought (CoT)
prompting (Wei et al., 2023), leveraging the lay-
ered structure of the CARDS taxonomy. Our best-
performing configuration was achieved with a CoT
prompting strategy on the vanilla Qwen3-8B.

Related Work. ClimateCheck 2026 Task 1 bears
much resemblance to the AVeriTeC shared task,
where participants must handle evidence retrieval
and veracity prediction (Schlichtkrull et al., 2023,
2024). Thus, we searched for comparable shared
tasks for Task 2. Our solution leans on the re-
sults from SemEval Task 10 Subtask 2, which fea-
tured a narrative classification setting within the
PolyNarrative dataset (Nikolaidis et al., 2025), but
focused on online news articles as opposed to
claims (Piskorski et al., 2025). Teams explored
approaches from simple vectorization techniques
(Blombach et al., 2025) and cross-lingual knowl-
edge transfer (Eleftheriou et al., 2025) to zero-shot
agentic frameworks (Eljadiri and Nurbakova, 2025),
with prompt- and fine-tuning-based approaches
being omnipresent (Piskorski et al., 2025). The
leading submission by team GateNLP used data
augmentation and introduced a Hierarchical Three-
Step Prompting (H3Prompt) approach (Singh et al.,
2025). This aligns with earlier work on climate dis-
information which also successfully explored data
augmentation and hierarchical models (Piskorski
et al., 2022; Rowlands et al., 2024; Rojas et al.,
2024). Previously overlooked seems to have been
the application of reinforcement learning, which has
successfully been applied to mathematics (Yang
etal., 2024; Wang et al., 2024) and other reasoning-
intensive tasks (Suma and Dauncey, 2025).

2. Task Description.

Given a claim ¢ and a predefined taxonomy of cli-
mate disinformation narratives ¥ = {y1,...,ym},
the task is to predict the subset of labels y.Cy
that apply to ¢. This is a multi-class, multi-label
classification problem, where each claim may be
associated with multiple narratives. The goal is to
approximate the gold label set V¥ for each claim.

This is commonly modeled as a multi-stage hi-
erarchical classification (Singh et al., 2025; Eleft-
heriou et al., 2025), where each step is meant to
narrow down the prediction to an increasingly re-
duced set of labels.

Dataset. The dataset at hand is highly imbal-
anced and comprised a label set of 33 narratives.
The training split contained 763 distinct claims,
while the test split consisting of 172 claims was
used exclusively for submissions. Each datapoint
consists of a claim with ID and its narrative label(s).

Narrative Label Count
0_0 No disinformation narrative 556
5 1 Climate science is uncertain 44
2_1 It's natural cycles/variation 38
1_8 Doesn’t impact health 1
2_2 It's non-greenhouse gas forcings 1

—_
(63}

Oceans are not warming

Table 1: Most and least frequent narratives in the
train dataset.

3. Methods

We compare approaches pertaining to prompting
and fine-tuning large language models (LLM). Mod-
els were sourced through the Transformers li-
brary (Wolf et al., 2020) and fine-tuned using Un—
sloth (Daniel Han and team, 2023).

Data Augmentation. Following Singh et al.
(2025), we perform targeted data augmentation us-
ing (gwen3-30b-a3b-instruct-2507) to miti-
gate severe class imbalance and enrich rare narra-
tives. We first apply a skewed inverse-frequency
reweighting to oversample minority narratives from
the training set. Given the inverse-frequency w; for
each label, we obtain its sampling probability p; via
normalization and apply a smoothing factor « to
maintain some of the original distribution:

wé*

Pi = =N —— with o = 0.5

With this we sample a list of 1,000 augmenta-
tion candidates with repetition and subsequently
employ a two-step prompting strategy to improve
augmentation quality. Initially, a model is asked to
generate a concise explanation of why a candidate
claim fits its assigned narrative label(s). Secondly,
given narrative labels and the generated explana-
tion, the model produces 10 new synthetic claims
for the same narrative label(s). We sampled 10,000
synthetic claims under this procedure, which were
subsequently used in a supervised pre-training ob-
jective.

We perform parameter-efficient supervised fine-
tuning of using LoRA adapters with rank r» = 16,
o = 16. The original training data is split further
into an 80% train and a 20% validation set. The
model is pre-trained on the augmentation data with
the validation loss as an early stopping criterion
at a patience of 3. Then the model is further fine-
tuned using the same criterion on the 80% train
split. Finally, we perform a short 2-epoch tuning on
the validation split to get maximum mileage out of
the limited train data.
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Experiment Macro-F1 Macro-P Macro-R Micro-F1  Weighted-F1
Baseline 51.36 52.99 57.37 79.78 78.44
Zero-shot 42.85 45.51 50.98 74.51 73.54
Zero-shot + CoT 38.24 39.59 46.50 68.38 69.33
Zero-shot + H 43.13 39.37 58.18 58.01 62.50
Zero-shot + Reasoning 56.19 61.46 58.23 84.18 80.75
Zero-shot + CoT + Reasoning 62.48 70.71 63.11 84.42 82.06
A+FT 54.18 55.18 57.96 84.33 82.20
H+A+FT 54.22 57.97 56.84 83.57 81.86
RL 57.20 64.91 59.60 84.33 81.68
CoT + RL 60.47 70.21 58.80 83.05 81.56

Table 2: Performance metrics across experiments using Qwen3-8B as base model. All values in %. Best
results (highest) per metric are highlighted in bold. Baseline results were provided by organizers via
fine-tuning Qwen3-8B on task training data. Zero-shot = no additional training was applied, A = additional
pre-training using augmented data, FT = fine-tuning on original training data, H = hierarchical prompting,
CoT = chain-of-thought prompting, RL = additional fine-tuning with reinforcement learning using GRPO.

Prompt Engineering. We compare three prompt-
ing strategies:

(1) Simple A direct instruction-based prompt asks
the model to classify a claim according to the tax-
onomy without explicitly structuring the reasoning
process.

(2) Hierarchical The classification is decomposed
into a two-turn conversation, where first, the model
identifies the high-level narrative group(s). Second,
conditioned on this prior selection, it predict the fine-
grained sub-label(s). This explicitly operationalizes
hierarchical classification.

(3) CoT To arrive at its prediction the model is
instructed to follow an implicit hierarchical process
with three steps: (i) extracting the core assertion(s)
and separating non-disinformation claims, (i) se-
lecting the appropriate high-level narrative group
(1_x to 5_x), and (iii) choosing the most specific
sub-label. This encourages hierarchical reasoning
while maintaining a single forward pass.

We provide an overview of the exact prompt tem-
plates in the Appendix A.

GRPO Fine-Tuning. We experiment with further
reasoning optimizations using GRPO as imple-
mented in the TRL library (von Werra et al., 2020).
The base model was prepared using LoRA (Hu
et al., 2021) with rank » = 32, a = 32. We train for
250 steps with a learning rate of 5 x 107% and 8
sampled generations per prompt.

Claims for GRPO fine-tuning are sampled using
the same skewed inverse-frequency reweighting
as for data augmentation (with « = 0.5). GRPO
uses a weighted and signed reward function, which
simply assigns the inverse class-weight for correct
predictions and an equal negative weight for incor-
rect predictions. In addition, a brevity reward pe-
nalizes overly long generations beyond 250 words
to prevent excessive reasoning.
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4. Results

We report classification metrics and environmen-
tal impact for all evaluated approaches on Task 2.
Table 2 summarizes predictive performance.

Experiment Time Emissions Energy

s kgCO2eqg kWh
ZS 187 0.0053 0.0138
ZS + CoT 119 0.0055 0.0145
ZS +H 700 0.0352 0.0924
ZS + Reasoning 4838 0.1489 0.3910
ZS + CoTl + Reasoning 2438 0.1296 0.3403
A+FT 206 0.0090 0.0237
H+A+FT 160 0.0045 0.0118
RL 2458 0.1261 0.3310
CoT + RL 2541 0.1229 0.3226

Table 3: Emission statistics for the evaluated ex-
periments at inference time. Best (lowest) values
are in bold. ZS = Zero-Shot setting.

Table 3 provides the corresponding inference-
time environmental statistics, including duration (in
seconds), estimated emissions (kgCO-eq), and
energy consumption (kWh), measured using Code-
Carbon under identical hardware conditions.

Figure 2 visualizes the trade-off between predic-
tive performance (Macro-F1) and computational
cost (inference duration), mostly induced by use of
reasoning capabilities.

5. Discussion

Performance Trends. Across all approaches,
structured reasoning substantially improves zero-
shot performance. In terms of Macro-F1, naive
zero-shot approaches lag considerably behind fine-
tuning and structured reasoning methods. Intro-
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Figure 2: Macro-F1 (%) versus inference duration
(s). Blue denotes reasoning-based approaches,
orange non-reasoning approaches. Point size pro-
portionally indicates emissions in kgCOseq.

ducing explicit reasoning steps yields consistent
gains, with the highest overall Macro-F1 achieved
for CoT prompting with reasoning. This suggests
that guided intermediate reasoning helps the model
better differentiate fine-grained narrative categories,
particularly in a highly imbalanced multi-label set-
ting.

Hierarchical prompting as an intermediate step
between simple zero-shot and reasoning methods
does not yield significant improvements. Nor does
its augmented and fine-tuned variant deviate in any
significant way from non-hierarchical augmentation
and fine-tuning. Augmented fine-tuning improves
over the fine-tuning baseline and yields strong
Weighted-F1, reflecting improved alignment with
the dominant class. However, Macro-F1 gains re-
main moderate compared to reasoning-based zero-
shot methods. This indicates that synthetic data
improves robustness but fails to resolve minority-
class discrimination.

Reinforcement learning via GRPO improves rea-
soning performance for the naive prompt setting but
surprisingly falls short when using the CoT-prompt
variant. These results remain non-conclusive on
how reward shaping with class-sensitive weighting
affects minority class predictions.

Efficiency vs Performance Trade-off. The en-
vironmental analysis reveals a clear and expected
trade-off between predictive quality and computa-
tional cost. Pure zero-shot and lightweight prompt-
ing strategies are highly efficient but underperform
in Macro-F1. In contrast, reasoning-heavy ap-
proaches dramatically increase inference time and
emissions. Notably, augmentation with subsequent
fine-tuning achieves competitive performance with
comparatively low emissions. Figure 2 illustrates
this Pareto-like frontier.

Error Patterns. As the test set is not made public
we cannot provide any confusion matrices. How-
ever, minority labels with extremely low training
frequency remain challenging across all methods,
indicating that imbalance persists even after aug-
mentation and reward weighting.

Limitations. First, Macro-F1 remains sensitive
to extremely rare labels, some of which contain
only one or two instances. Second, reasoning-
based methods incur substantial computational
overhead, which inhibits performance comparison
across multiple runs to show how stable (or not)
our experimental results are. Third, synthetic aug-
mentation relies on model-generated claims which
introduces distributional artifacts that do not fully
reflect real-world disinformation patterns. Finally,
reinforcement learning rewards are label-exact and
do not explicitly account for partial or hierarchical
correctness, potentially underestimating semanti-
cally close predictions.

Overall, our results highlight the importance of
structured reasoning and class-aware optimization
for fine-grained narrative classification, while under-
scoring the need to balance predictive gains with
environmental and computational cost.

6. Conclusion

We presented our contribution to Task 2 of Climat-
eCheck 2026 on Disinformation Narrative Classi-
fication. Using owen3-8B as a fixed backbone,
we systematically compared data augmentation,
prompt engineering, and reinforcement learning.
Our results demonstrate that structured reasoning,
particularly using a CoT-based prompting strategy,
improves Macro-F1, ultimately achieving first place
in the shared task with ~0.625 Macro-F1.

Beyond predictive performance, we evaluated
the environmental cost of each method. Our
findings contextualize a stark trade-off between
reasoning-based gains and computational over-
head, highlighting the importance of reporting emis-
sions alongside accuracy in shared tasks. While
augmentation and GRPO can provide additional
improvements, they do not consistently outperform
carefully constructed prompting strategies in this
low-resource setting.

Future work should explore the stability of pre-
dictive performance across multiple inference runs,
hybrid reward formulations to account for hierar-
chical correctness, and techniques for reducing
the computational footprint of reasoning-heavy ap-
proaches.
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A. Appendix

We provide the exact prompt templates used in our
experiments for data augmentation and prompt-
based classification.

Explanation Prompt This prompt generates a
concise explanation of why a claim fits specific dis-
information narratives. Itis used as an intermediate
step in the data augmentation pipeline to improve
the quality of synthetic samples.

Your task is to concisely explain why
the following claim fits specific

disinformation narrative(s) on climate
change.

Claim: {claim}

Narrative IDs: {narrative_codes}
Narrative descriptions:

- {narrative_descs}

Provide a short reasoning of why the
claim caters to the specific

narrative(s). Do not repeat the claim
and output nothing else.

Start directly with the explanation and
limit your response to one
paragraph.

Augmentation Prompt This prompt generates
synthetic training examples conditioned on a claim,
its narrative labels, and an explanation. It is used
to create additional labeled data for fine-tuning.

Your task is to augment training data
for a classifier to combat climate
change disinformation. Claims in the
dataset are categorized by the
following taxonomy:

{taxonomy}

Example claim: {claim}
Narrative ID: {narrative_codes}
Narrative descriptions:
{narrative_descs}
Explanation: {explanation}

Generate 10 new claims that cater ONLY
to the described disinformation

narrative(s) on climate change.

Each new claim must be distinct and
consistent with the narrative(s).

Do not include any extra keys,
commentary, emojis or markdown.

Output ONLY a JSON list in the
following format:

{"claim": "...", "narrative": "..."},

Simple Classification Prompt This prompt per-
forms direct zero-shot classification without explic-
itly guiding the reasoning process.

You are an expert in detecting climate
change related disinformation.

Your task is to classify the claim
using the provided taxonomy.

Taxonomy :
{taxonomy}

Rules:

— Output ONLY a wvalid JSON list of
strings.

- Each item MUST be exactly "key ->
value".

— If no disinformation is found, output:
["0_0 —> No disinformation narrative"]

Claim:
Output:

"{claim}"

Basic Reasoning Prompt This prompt performs
direct classification without explicitly guiding inter-
mediate reasoning steps. It serves as a lightweight
baseline for zero-shot classification.

You are an expert in detecting climate
change related disinformation.

You get a claim and your task is to
classify the claim using the
taxonomy

codes provided.

Rules:
— Output ONLY a wvalid JSON list of
strings.
- Each item MUST be exactly "key ->
value" where key is a taxonomy code
and value is its narrative name.
- If no disinformation is found, output:
["0_0 => No disinformation narrative"]
- Do not output anything else.

Taxonomy :
{taxonomy_str}

Claim:
Output:

"{claim}"

CoT-style Reasoning Prompt This prompt intro-
duces structured reasoning by guiding the model
through a three-step process: extracting claims,
identifying high-level narratives, and selecting fine-
grained labels.

You are an expert in detecting climate

change related disinformation.

Your task is to classify the claim
using the provided taxonomy.
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Taxonomy:
{taxonomy}

Follow this 3-step reasoning process
internally:

Step 1 - Extract the core assertion(s)

Step 2 - Identify the high-level
narrative group

Step 3 - Choose the most specific
sub-label

Output ONLY a valid JSON list of

strings.
Claim: "{claim}"
Output:

Hierarchical Prompt (Level 1) This prompt rep-
resents the first stage of hierarchical classification,
where the model predicts coarse narrative groups.

You are an expert in detecting climate
change related disinformation.

Your task is to classify the claim
using the provided taxonomy.

Taxonomy :
{taxonomy}

Step 1 - Extract the core assertion(s)
Step 2 - Identify the high-level
narrative group(s)

Claim: "{claim}"
Output:

Hierarchical Prompt (Level 2) This prompt rep-
resents the second stage of hierarchical classifi-
cation, where the model refines predictions into
fine-grained narratives.

Now complete step 3 using your answers
from step 2:

Step 3 - Choose the most specific
sub-label

Output ONLY a wvalid JSON list of

strings.
Claim: "{claim}"
Output:
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