YNU-HPCC at SemEval-2026 Task 6: Hierarchical Taxonomy Prompting
and CoT Distillation for Political Clarity Classification

Canning Wen, Jin Wang and Xuejie Zhang
School of Information Science and Engineering
Yunnan University
Kunming, China

Contact:

Abstract

In political interviews, politicians frequently
employ evasion strategies to avoid direct an-
swers, making it challenging to evaluate re-
sponse clarity in Natural Language Processing.
This paper presents the YNU-HPCC system
for SemEval-2026 task 6: clarity classification
in political interviews. To address the limi-
tation where traditional models capture only
surface-level semantics, this paper proposes
two reasoning-enhanced frameworks. First,
we introduce Hierarchical Taxonomy Prompt-
ing. This method guides LLMs to follow a
strict top-down classification logic. Specifi-
cally, the model determines the clarity level
before identifying specific evasion techniques.
Furthermore, it explicitly articulates the rea-
soning process. Second, to balance reason-
ing capability with resource constraints, we
employ Chain-of-Thought Distillation. We
utilize DeepSeek V3.1 as a teacher model
to generate comprehensive reasoning chains,
which are then used to SFT the smaller stu-
dent models. Experimental results demonstrate
the effectiveness of our approach: The system
achieved 6th place in Task 1 and 5th place
in Task 2 among all participating teams, high-
lighting the importance of reasoning processes
in detecting complex linguistic evasion. The
code can be found at: https://github.com/
wencanning/SemEval2026-Task6

1 Introduction

In recent political interviews, politicians increas-
ingly tend to give ambiguous responses and deflect
from topics (Thomas et al., 2024). To discern the
true intent behind such rhetoric, employing natu-
ral language processing (NLP) techniques (Shen
et al., 2026) for implication detection has become
imperative. However, prior research has scarcely
addressed the evaluation of political clarity. This
task bridges the gap.

Task 6 in the SemEval-2026 (Thomas et al.,
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A
L What about the redline, sir? ]

=]

aWell, the world has made it clear that these tests caused
us to come together and work in the United Nations to
send a clear message to the North Korean regime.
We're bound up together with a common strategy to

solve this issue peacefully through diplomatic means.

2.2

N
— <think>
First, I need to classify the response based on the given
taxonomy.

- The interviewee talks about the world coming ...

- The response doesn't directly address the redline...
Based on the taxonomy:

- Explicit: Not applicable, as the redline isn't explicitly
stated.

- Implicit: The information isn't given in any form;

Therefore, the classification should be "Deflection".
</think>

Label: Deflection

\ J

Figure 1: An example of how LLM takes the evaluation
of response clarity.

2026) is a classification task. It consists of two
subtasks.

* Task 1: This task has 3 labels. We need to
identify the clarity level of the interview ques-
tion answer pair, which is Clear Reply, Am-
bivalent, and Clear Non-Reply.

* Task 2: This task has 9 labels. Based on the
clarity label, further classify the evasion strat-
egy the politician used.

In previous political clarity classification tasks,
researchers used simple prompt engineering and
supervised finetuning (SFT) to study clarity levels
and evasion strategies. However, these traditional
Prompt Engineering methods, such as one-shot,
few-shot, and SFT, only instruct the LLM to output
the final label. Because the LLM lacks token-level
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Figure 2: Comparison between traditional prompt engineering and the proposed HTP framework.

consumption, it only understands surface-level se-
mantic information in the text. This led previous
work to struggle with the classification accuracy.
In contrast, we force the LLM to output the anal-
ysis (Guo et al., 2025) before the final label. By
producing a long chain-of-thought (CoT) (Zheng
et al., 2024), the LLM can analyze the interview
question-answer pair more carefully.

The study primarily employs two methodolog-
ical frameworks to classify question clarity and
evasion techniques. The first approach is based
on prompting. We adopt hierarchical taxonomy
prompting (HTP), instructing the LLM to strictly
adhere to the taxonomy proposed by the task orga-
nizers. Specifically, the model first classifies the
clarity level to determine the high-level category.
Based on this high-level classification, the LLM
then identifies the specific evasion technique em-
ployed by the politician. To enhance classification
accuracy, we require the LLM to articulate the rea-
soning process (Chen et al., 2024) for determining
both label levels before generating the final output.
The second approach is based on finetuning. To
fully leverage the capabilities of reasoning models
while adhering to resource constraints, we opt for
CoT distillation on smaller models. Specifically,
we employ DeepSeek V3.1 (Liu et al., 2024) as the
teacher model, while Qwen3 (Yang et al., 2025)
and the Llama 3.1 series (Grattafiori et al., 2024)
serve as student models. We input the QEvasion
training set into DeepSeek using designed prompt
templates to generate comprehensive reasoning, ex-
tracting these chains as distillation data. Finally,

the smaller models (Chen et al., 2025) perform SFT
on the extracted reasoning chains.

2 Related Work

CoT Prompting. Chain-of-Thought prompting
guides models to explicitly generate intermediate
reasoning steps before producing the final output.
Extensive prior work has demonstrated that engag-
ing in such comprehensive reasoning significantly
enhances LLLM performance (Wei et al., 2022). In
the system, comparisons between models that incor-
porate reasoning processes and those that directly
predict answers reveal performance gains of up to
9 percentage points.

Knowledge Distillation. Knowledge Distillation
(Hinton et al., 2015) is primarily employed in
resource-constrained scenarios. The standard
paradigm involves selecting a powerful, large-scale
model as the teacher and a smaller model as the
student with appropriate parameters. The student
model aims to mimic the teacher’s outputs, thereby
acquiring the teacher’s capabilities. In our ap-
proach, we perform SFT on the student model us-
ing high-quality Chain-of-Thought data generated
by DeepSeek V3.1, a method often referred to as
black-box distillation.

3 Overview of System

3.1 Hierarchical Taxonomy Prompting

We designed a structured prompt to guide the
LLM’s reasoning process. This prompt strictly
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Task 1 Task 2
Method Model Ace Fl Ace F1
HTP MiMo-V2-Flash ~ 0.814 0.776 0.529 0.559
Fine Tuning DeBERTa-base 0.256 0.136 0.373 0.06
RoBERTa-base 0.405 0.402 0431 0.258
ModernBERT-base  0.610 0.534 0.457 0.344
DeBERTa-large 0.334 0.228 0.428 0.114
RoBERTa-large 0.256 0.136 0.373 0.060
ModernBERT-large 0.717 0.633 0.529 0.476
SFT Only Qwen3-14B 0.720 0.668 0.526 0.411
Llama-3.1-8B 0.646 0.529 0.490 0.285
SFT on DeepSeek CoT Qwen3-4B 0.789 0.703 0.405 0415
Qwen3-8B 0.785 0.672 0399 0.423
Qwen3-14B 0.792 0.715 0.445 0.509
Llama-3.1-8B 0.824 0.753 0.448 0.489

Table 1: Results of different methods and models on Task 1 and Task 2. The best performance within each method
category is underlined, while the best overall performance across all methods is bolded.

adheres to the hierarchical taxonomy. It forces the
model to execute a two-step decision tree workflow.
First, the prompt defines the classification rules.
It explicitly instructs the model to determine the
clarity label in step 1. The model must analyze
whether the response is Clear Reply, Clear Non-
Reply, or Ambivalent Reply. This step filters the
response into one of three main branches. Second,
the prompt guides the model to identify the evasion
label in step 2. The logic depends on the branch
selected in step 1. For Ambivalent replies, we
incorporated specific logical tests into the prompt.
These include a logic check for implicit answers,
a completeness check for partial answers, and a
pivot test to distinguish between deflection and
dodging. Finally, to ensure the reasoning process is
explicit, the prompt enforces a strict output format.
The model must generate a textual macro analysis
and micro analysis before outputting the final label.
This mechanism ensures that the model performs a
detailed analysis before reaching a conclusion.

Ana, Label = LLM(P(Q,SubQ,Ans)) (1)

The entire process can be formalized as Equation
1, where Q denotes the journalist’s question, SubQ
denotes the specific sub-question addressed by the
politician (since the initial question may contain
multiple parts), and Ans denotes the politician’s
response. P represents the prompt template. Ana
and Label refer to the detailed analysis and the final
predicted evasion level label generated by the LLM,
respectively.

3.2 Finetuning and CoT Distillation

We conducted finetuning on both Encoder-Only
and Decoder-Only models to compare the perfor-
mance of different architectures on this task.

For Encoder-Only models, we selected a series
of BERT-based models (Devlin et al., 2019) for
experimentation. We first concatenate the journal-
ist’s question, the politician’s response, and the
specific sub-question addressed. This sequence is
then fed into BERT to extract feature vectors. Fi-
nally, a fully connected layer maps the extracted
feature vector to a 9-dimensional vector, and the
final label is obtained via softmax and argmax op-
erations. For Decoder-Only models, we utilized
the Qwen3 and Llama 3.1 model series. To en-
hance the reasoning capabilities of these smaller
models, we implemented CoT distillation using
DeepSeek. First, we input the interview Q&A pairs
into DeepSeek using a carefully designed prompt
to collect both the reasoning process and the final
evasion label, resulting in an augmented dataset
in the format (prompt, reasoning, label). Subse-
quently, we performed SFT on the smaller models
using this dataset, where the reasoning process is
encapsulated within <think> </think> XML tags.
Post SFT, when presented with a Q&A pair, the
model explicitly generates the reasoning process
wrapped in tags before outputting the final evasion
label.
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Task 1 Task 2
Method Acc F1 Acc F1
zero-shot 0.799 0.742 0.456 0.486
one-shot 0.799 0.751 0.493 0.490
few-shot 0.799 0.734 0.513 0.503
CoT 0.792 0.733 0435 0470
HTP 0.814 0.776 0.529 0.559

Table 2: Performance comparison of MiMo-V2-Flash
across different prompt engineering methods. The best
performing metrics are highlighted in bold.

4 Experiment Details

Dataset. We exclusively utilized the QEvasion
dataset! provided by the task organizers. The most
critical fields utilized in our experiments are in-
terview_question and interview_answer. All data
entries are in English. The dataset consists of 3,450
training samples and 308 test samples.

Model Selection. For the prompting-based ap-
proach, we employed the MiMo-V2-Flash (Xiao
et al., 2026). Regarding Encoder-Only models, we
selected ModernBERT (Warner et al., 2025), De-
BERTa (He et al., 2020), and RoBERTa (Liu et al.,
2019). For Decoder-Only models, we opted for the
Qwen3 series and the Llama 3.1 series. Addition-
ally, we employed DeepSeek V3.1 to perform CoT
distillation.

Hyper-Parameter Selection. Regarding the API
configuration, the temperature was set to O to en-
sure reproducibility, and the reasoning mode was
enabled. For the finetuning approach, we used the
Hugging Face trl 2library for SFT, in conjunction
with the unsloth 3 library to accelerate training. Re-
garding the specific training hyperparameters, the
learning rate was set to 2e-4 and the number of
epochs to 3. Furthermore, we employed 4-bit quan-
tization (Banner et al., 2019) and integrated LoRA
(Hu et al., 2022), setting the rank of the low-rank
matrices to 16.

Evaluation Metrics. The evaluation metric is the
macro Fl-score. To provide a more comprehensive
assessment of model performance, we additionally
include Accuracy as a supplementary metric.

"https://huggingface.co/datasets/ailsntua/
QEvasion

2https://github.com/huggingface/trl

Shttps://github.com/unslothai/unsloth
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Explicit - 0.41

Implicit-  0.06

Dodging - 0.00

Deflection-  0.02

Partial/half-answer - 0.11

Declining to answer -

Claims ignorance - 0.00

Clarification - 0.00

-0.0

Figure 3: Confusion matrix of the Llama-3.1-8B model
fine-tuned via CoT distillation on Task 2.

S5 Results and Analysis

The final experimental results are presented in Ta-
ble 1. Among Encoder-Only models, Modern-
BERT outperforms other BERT variants by a sig-
nificant margin. Its peak performance approaches
that of SFT-adapted Decoder-Only models. This
demonstrates the superiority of the latest BERT
architecture on this task. Within Decoder-Only
models, the best performance is achieved by the
Llama model trained with CoT Distillation. Perfor-
mance gains from distillation are clearly evidenced
by comparing non-distilled and distilled models.
Finally, the highest F1 scores for both Task 1 and
Task 2 are obtained by MiMo-V2-Flash utilizing
HTP. This underscores the robust capability of the
proposed HTP. The strategy effectively guides the
model to reason and subsequently enhances perfor-
mance.

Prompt Engineering. In this paper, multiple fun-
damental prompting strategies are employed to
benchmark against the proposed HTP. For one-
shot and few-shot, analysis processes generated by
DeepSeek are incorporated into the prompt. This
inclusion assists the model in better comprehend-
ing the analytical procedure. For few-shot, a sin-
gle example is added for Clear Reply, Clear Non-
Reply, and Ambivalent Reply respectively. Re-
garding CoT, the model is instructed to explicitly
generate the analysis process before the final label.
The quantitative results are presented in Table 2.
HTP achieves superior performance across all met-
rics. As indicated by the data, performance on Task
2 improves as the number of examples increases.
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Figure 4: Performance of the Llama-3.1-8B model on Task 1 and Task 2 at different temperature settings.

Conversely, performance on Task 1 remains largely
unaffected.

Error Analysis. To further investigate the per-
formance bottlenecks on the fine-grained evasion
classification in Task 2, we analyzed the confusion
matrix of the predictions, as illustrated in Figure 3.
The distribution reveals that the misclassifications
are not random but exhibit distinct, concentrated
biases.

The most prominent observation is the model’s
overwhelming tendency to classify various distinct
rhetorical strategies as Deflection. For instance,
a substantial number of samples are misclassified
into the Deflection category, specifically 35 Ex-
plicit instances, 37 Implicit instances, and 34 Dodg-
ing instances. This indicates that while the CoT-
distilled model successfully detects the overarch-
ing presence of an evasive maneuver, it frequently
adopts Deflection as a safe, default label when con-
fronting ambiguous semantics.

The matrix highlights the severe difficulty in
separating Dodging from Deflection. Although
the model correctly identifies Dodging in 11 in-
stances, the high misclassification rate of 34 in-
stances shows that the linguistic bridges politicians
use to talk around a question often mimic direct
topic deflection. Furthermore, Implicit replies are
rarely classified correctly, with only 11 instances
identified accurately, and are heavily confused with
Deflection. This suggests that the student model
occasionally lacks the cultural or contextual world
knowledge required to decode implied meanings,
thus failing the logic check.

Temperature Sensitivity. The temperature pa-
rameter was tuned to enhance the performance of
Decoder-Only models. During the experiments,
top_p was fixed at 1 and max_new_tokens was set
to 4096. Fine-grained tuning was conducted on the
Llama-3.1-8B model. Specifically, the temperature
was increased from O to 1 in increments of 0.2. As
illustrated in Figure 4, the poorest performance is
observed at intermediate temperatures and the op-
timal performance is achieved at a temperature of
0.8.

6 Conclusion

In this paper, we presented the YNU-HPCC sys-
tem for SemEval-2026 Task 6. We focused on the
challenge of classifying clarity and evasion in po-
litical interviews. To address this, we proposed
two methods: Hierarchical Taxonomy Prompting
and CoT distillation. HTP guides the model to
identify the clarity level first, then the specific eva-
sion strategy. CoT distillation transfers reasoning
capabilities from the DeepSeek teacher model to
smaller student models. Experiments show that
our approach is effective. The system achieved 6th
place in Task 1 and 5th place in Task 2.
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