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Abstract

This paper describes our approach to Subtask
1: Clarity-level Classification in SemEval-2026
Task 6. The task focuses on determining the
clarity of political responses with respect to
their corresponding questions. To enhance
model performance, we introduced a direct an-
swer generation strategy as an additional input
feature and applied Task-Adaptive Pre-Training
(TAPT) to enhance encoder-only Transformer
models with the task domain. We further ex-
plored both cross-entropy and focal loss to ad-
dress potential class imbalance. Experimental
results show that TAPT enhanced encoder mod-
els, particularly DeBERTa-V3-base, achieved
the strongest performance, while generative
small language models fine-tuned via parame-
ter efficient methods exhibited comparatively
lower results. Our system obtained a macro-
F1 score of 0.72 on the official evaluation set,
ranking 24th out of 40 teams.

1 Introduction

Any form of question evasion can be defined as
a strategic approach to avoid providing direct an-
swers to questions. In this regard, politicians have a
long-standing tradition of avoiding direct responses
to questions (Bull and Mayer, 1993; ffiigo-Mora
and Deligiorgi, 2007). To address response ambi-
guity in political questioning, SemEval-2026 Task
6: CLARITY - Unmasking Political Question Eva-
sions(Thomas et al., 2026) featured a novel, two-
level taxonomy approach "I Never Said That": A
dataset, taxonomy and baselines on response clarity
classification (Thomas et al., 2024) paper.

We participated in Subtask 1: Clarity-level Clas-
sification. This subtask involves a multiclass text
classification problem aimed at determining the
clarity level of a given answer with respect to its
corresponding question. The dataset paper primar-
ily experimented with prompting and fine-tuning
various large language models. While their work

focused on large neural architectures, our study
emphasizes the effectiveness of more resource effi-
cient small language models less than or around 1B
parameters. To extend their work, we introduced
the following contributions:

* We expanded the dataset features by gener-
ating concise answers to questions from the
given interviews using small language mod-
els.

* Encoder-only Transformer models were ex-
plored with Task-Adaptive Pre-Training
(TAPT) to improve task-specific performance.
Additionally, several generative small lan-
guage models were fine-tuned to evaluate their
effectiveness on the classification task.

Our key finding is that the TAPT enhanced mod-
els outperformed the large language model results
reported in the dataset paper. However, the perfor-
mance of standalone small language models was
not competitive with the large language models
evaluated in the original study.

2 Related Work

Research in question answering (QA) and related
response interpretation has been an active area of
natural language processing. Early QA systems
focused on rule-based information retrieval and
fact extraction techniques. In parallel, evaluation
initiatives such as the TREC QA established foun-
dational benchmarks for answer retrieval from text
corpora (Voorhees and Tice, 2000).

The introduction of large pre-trained Trans-
former models such as BERT significantly ad-
vanced QA performance by contextualizing lan-
guage representations through self-attention mech-
anisms (Devlin et al., 2018). Benchmarks such
as SQuAD 2.0 (Rajpurkar et al., 2018) extended
the task beyond extractive QA by incorporating
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unanswerable questions, thereby encouraging re-
search into response quality, ambiguity, and answer
informativeness. More recently, large language
model approaches have been explored for gen-
erative QA and instruction-following tasks, with
methods such as prompt-based fine-tuning and
parameter-efficient adaptation (e.g., LoRA and
PEFT) enabling effective deployment under limited
computational resources (Dettmers et al., 2023).

3 System Overview

The objective of the system is to determine the
clarity level of a given answer with respect to its
corresponding question. The proposed system con-
sists of three main components: (i) Direct Answer
Extraction (ii) Task-Adaptive Pre-Training (TAPT)
and (iii) supervised fine-tuning for multiclass clas-
sification.

3.1 Direct Answer Extraction

To enrich the input representation, an additional fea-
ture was generated by producing a concise, direct
answer to each question from the corresponding
interview context. This was accomplished using
small language models with fewer than 2B param-
eters. Given an interview transcript containing a
question—answer pair, then model was prompted
to extract or generate a short, direct response to
the question based on the interview content. The
generated concise answer was then incorporated
as an auxiliary feature alongside the original ques-
tion—answer pair.

The motivation behind this step is that explic-
itly modeling a “direct answer” representation may
help the classifier better capture discrepancies be-
tween the original response and a clear, focused
reply. This additional feature aims to reduce ambi-
guity and improve clarity-level discrimination. The
prompt used for direct answer extraction is shown
in App. A.1.

3.2 Task-Adaptive Pre-Training (TAPT)

Recent studies (Gururangan et al., 2020) indi-
cate that Task-Adaptive Pre-Training is less ex-
pensive to run than (Domain-Adaptive Pretrain-
ing) DAPT. To enhance task specific performance,
encoder-only Transformer models underwent Task-
Adaptive Pre-Training before supervised fine-
tuning.

TAPT was performed using unlabeled task re-
lated data drawn from the same distribution as the

shared task dataset, including a small amount of
additional in domain data'. During this stage, the
models continued pretraining using a masked lan-
guage modeling objective to better adapt to the
linguistic characteristics and discourse patterns of
political interviews. By aligning the model parame-
ters more closely with the task domain before fine-
tuning, TAPT enhances contextual understanding
and facilitates improved downstream classification
performance.

3.3 Supervised fine-tuning

Following Task-Adaptive Pre-Training (TAPT), su-
pervised fine-tuning was conducted on the labeled
clarity level classification dataset. For encoder-only
architectures, pre-trained Transformers (Wolf et al.,
2020) models such as BERT (Devlin et al., 2018),
RoBERTa (Liu et al., 2019), DeBERTaV3 (He et al.,
2021), ModernBERT (Warner et al., 2024) and AL-
BERT(Lan et al., 2019) were fine-tuned by adding
a task-specific classification head on top of the rep-
resentation. Both cross-entropy and focal loss (Lin
et al., 2018) were investigated for multiclass clas-
sification, with focal loss considered to mitigate
potential class imbalance.

In addition, several small instruction tuned
generative language models were adapted us-
ing Parameter-Efficient Fine-Tuning (PEFT) tech-
niques (Mangrulkar et al., 2022). Specifically,
QLoRA (Dettmers et al., 2023) was employed,
which combines Low-Rank Adaptation (LoRA)
with 4-bit quantization through the bitsandbytes
library. Under this framework, the base model
weights remain frozen while only lightweight low-
rank adapter parameters are updated, enabling
memory efficient fine-tuning without substantial
degradation in performance. This approach allows
effective adaptation of language models under con-
strained computational resources. The prompt used
for LoRA fine-tuning is shown in App. A.2.

4 Experimental Setup

Table 1 illustrates the hyperparameter setting of our
trained models. We utilized the Kaggle platform
for experimental purposes and implemented our
model using Transformers Trainer and PyTorch
library (Paszke et al., 2019).

1https://huggingface.co/datasets/shihab—@x@/
presidents-news-conferences
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Parameters Value Model Score (F1-Macro)
Batch size 16 LFM?2.5-1.2B-Instruct 0.27

Epochs 5 SmolLM2-360M-Instruct 0.33
Learning rate 2x107° Qwen2.5-0.5B-Instruct 0.26

Loss function CE Loss | Focal Loss

Optimizer AdamW Table 4: Performance comparison of fine-tuned small
Max sequence length 512 language model results on test dataset

Warmup ratio 10%

Weight decay 0.01 In contrast, as shown in Table 4, fine-tuned
Focal Loss Gamma 2.0 small language models (LFM2.5-1.2B-Instruct (Al,
Focal Loss Alpha 0.25 2025), SmolLM2-360M-Instruct (Allal et al., 2025)

Table 1: Hyperparameter values. (Abbreviations: CE =
Cross-Entropy)

5 Results

Table 2 presents the official rankings of participat-
ing teams in SemEval-2026 Task 6 (Subtask 1).
The proposed system, achieved an F1-macro score
of 0.72, securing 24th position among 40 teams.

Teams Rank Score (F1-Macro)

TeleAl 1 0.89
AsymVerify 2 0.85

argha 20 0.75
SyntaxMind 24 0.72

uir_cis 35 0.61

lakksh 40 0.31

Table 2: Performance ranking of participating teams in
SemEval-2026 Task 6 (Subtask 1) on evaluation dataset

Model (TAPT) CE Loss Focal Loss
BERT-base 0.53 0.50
RoBERTa-base 0.54 0.53
ModernBERT-base 0.45 0.46
DeBERTa-V3-base 0.53 0.61
ALBERT-V2-base 0.32 0.41

Table 3: Macro-F1 performance comparison of fine-
tuned model results on test dataset

Table 3 reports the performance comparison of
fine-tuned encoder-only Transformer models using
cross-entropy (CE) and focal loss. Among the eval-
uated models, DeBERTa-V3-base achieved the best
overall performance, reaching an F1-macro score
of 0.61 with focal loss. Across most models, focal
loss consistently improved performance compared
to cross-entropy loss. This improvement suggests
that addressing class imbalance plays a significant
role in clarity-level classification.

and Qwen2.5-0.5B-Instruct (Team, 2024)) exhib-
ited substantially lower performance compared
to encoder-only classifiers. The best performing
SmolLM2-360M-Instruct model, achieved 0.33
macro-F1 which remains considerably below the
encoder-based (TAPT) approaches. This indicates
that, under limited parameter budgets and direct
fine-tuning settings, small generative models may
struggle with fine-grained clarity-level classifica-
tion compared to specialized encoder architectures.

5.1 Error Analysis
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Figure 1: Confusion matrix of DeBERTa-V3-base with
focal loss on the test dataset for SemEval-2026 Task 6
(Subtask 1)

The confusion matrix in Figure 1 reveals sev-
eral systematic misclassification patterns across the
three classes. The model performs strongest on
the Ambivalent class, correctly predicting 170 in-
stances out of 206.

For the Clear Non-Reply class, performance is
comparatively weaker. While 16 instances are
correctly identified, misclassification into Ambiva-
lent (7 cases) suggests that the model struggles to
distinguish between vague responses and explicit
non-answers. The most significant challenge is ob-
served in the Clear Reply class. A large portion
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of true clear replies (51 cases) are incorrectly pre-
dicted as Ambivalent, indicating that the model
tends to underestimate clarity and favors a more
neutral or uncertain classification. This bias may
arise from class imbalance or insufficient modeling
of explicit answer patterns.

6 Conclusion

This paper presented a system for Clarity-level
Classification in SemEval-2026 Task 6. The pro-
posed approach implements direct answer gener-
ation as an additional input feature and leveraged
Task-Adaptive Pre-Training (TAPT) to enhance do-
main alignment. Experimental results demonstrate
that encoder-only Transformer models achieved the
strongest performance, with focal loss further im-
proving robustness under class imbalance. In future
work, we intend to improve small language model
performance so that they can achieve more com-
petitive results while maintaining computational
efficiency.
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A Prompting Details

A.1 Direct Answer Extraction Prompt

System Prompt

You are an information extraction assistant.
Given a question and an interview transcript, ex-
tract the full contiguous portion of the transcript
that constitutes the responder’s answer.

Rules

- Do not select only a single sentence if more
answer-related text follows

- Do not repeat the question
- Do not add attribution phrases
- Do not paraphrase, summarize, or explain

- Use only words that appear verbatim in the
transcript

- Include indirect, evasive, qualifying, or ex-
tended responses

- If the answer spans multiple sentences, in-
clude all of them

- Return the extracted answer text

User Prompt
QUESTION: {question}
TRANSCRIPT: {interview_answer}

A.2 Prompt for LoRA fine-tuning

System Prompt

You are a classification assistant. Given an inter-
view question and its answer, classify the answer
into exactly one of the following categories:

- Clear Reply
- Clear Non-Reply
- Ambivalent

Respond with only the category name.

User Prompt
Question: {question}
Answer: {answer}
Interview
{interview_question}
Interview Answer: {interview_answer}

Question:
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