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Abstract

Detecting equivocation is essential, as indi-
rect or evasive responses can shape public
perception, influence political narratives, and
undermine transparency in democratic dis-
course. To address the challenge of de-
tecting evasive political responses on digi-
tal platforms, participation in the CLARITY
SemEval-2026 Task was undertaken, which
focuses on (i) clarity-level classification and
(ii) fine-grained evasion-type classification in
political question-answer contexts. This study
introduces a data-centric framework that sys-
tematically examines the effects of class dis-
tribution and refinement strategies on the per-
formance of Large Language Models (LLMs).
A distribution-aware, LLM-augmented dataset
was constructed by selectively paraphrasing
minority-class instances to enhance class bal-
ance, and its performance was benchmarked
against full, rebalanced, and undersampled
training configurations. To comprehensively
assess the proposed method, Qwen3-14B, Phi-
4, Gemma-2 9B, and Mistral 7B were eval-
uated in in-context learning (ICL) settings
(zero-shot and few-shot) and with LoRA fine-
tuning. Experimental results indicate that
fine-tuning Phi-4 with class rebalancing yields
strong performance, achieving 74.77% on
Subtask-1 and 51.55% on Subtask-2. Conse-
quently, the system ranked 21st in Subtask-1
and 22nd in Subtask-2 on the official evalua-
tion leaderboard.

1 Introduction
Political communication is inherently strategic,
especially in high-stakes settings such as televised
debates and presidential interviews, where speak-
ers often give indirect or ambiguous responses. In-
stead of directly answering questions, politicians
may shift topics, use vague language, or repeat
prepared talking points. This strategy is known
as equivocation or evasion, used to manage public

*Authors contributed equally to this work.

perception and mitigate risk (Thomas et al., 2024).
In today’s fast-paced media landscape, the strate-
gic use of ambiguity has even greater impact, as
televised and social media messages rapidly shape
public narratives. Evasive responses can influence
how audiences interpret political positions, often
leaving voters uncertain about leaders true stances.
Despite extensive research in political science, au-
tomatic evasion detection remains under-explored
in computational linguistics.

To address these challenges, we participated in
the CLARITY shared task (Thomas et al., 2026) at
SemEval-2026 (Ghosh et al., 2026),1 which com-
prises two subtasks: (i) clarity-level classification
of answers and (ii) fine-grained evasion-type clas-
sification, which focuses on detecting and analyz-
ing question evasion and answer clarity in English
political discourse. To solve this task, this work
constructs a distribution-aware LLM-augmented
dataset by selectively paraphrasing minority-class
and systematically compares it against the origi-
nal, rebalanced, and undersampled dataset config-
urations. The main contributions of this work are
as follows:

• Propose a data-centric training framework
that utilizes LLM-based refinement to rebal-
ance the CLARITY dataset and systemati-
cally compares it with original, rebalanced,
and undersampled variants.

• Provide a comprehensive empirical study
of four decoder-only LLMs across ICL
and LoRA fine-tuning settings, offering de-
tailed insights into their behavior under low-
resource and balanced-data scenarios.

• Demonstrate that performance gains stem
primarily from controlled refinement and
class-distribution strategies, rather than from

1https://konstantinosftw.github.io/
CLARITY-SemEval-2026/
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model scale alone, showing that carefully de-
signed data setups enable mid-sized LLMs to
deliver competitive results.

Several challenges persist in the current im-
plementation. Performance remains sensitive to
class imbalance, particularly for low-frequency
evasion categories, while paraphrasing with large
language models can introduce distribution shifts.
Additionally, most models fail to capture task-
specific structure in zero-shot and few-shot sce-
narios, resulting in limited task alignment. These
limitations underscore the necessity for improved
data strategies and enhanced generalization across
training methodologies.
2 Literature Review
Equivocation, or evasion in political discourse, has
been extensively studied in linguistics and polit-
ical science prior to computational approaches.
Dillon (2025) characterized it as a strategy for re-
sponding without directly answering a question.
Harris (1991) and Bull and Mayer (1993) ana-
lyzed political interviews, distinguishing replies
from non-replies and identifying systematic eva-
sion patterns. Bull (2003) proposed a structured
framework distinguishing direct replies, indirect
replies, and various forms of non-replies.

Despite extensive social science research,
equivocation has only recently gained attention in
computational linguistics. Earlier NLP work fo-
cused on related topics, such as discourse structure
and conversational intent, rather than on response
clarity itself. Majumder et al. (2020) constructed
a large-scale political dialogue dataset and mod-
eled persuasion and discourse strategies. Contex-
tualized representations of political agendas in so-
cial media discourse have been examined by Pujari
and Goldwasser (2021). Another adjacent field
concerns deception detection. Girlea (2017) stud-
ied linguistic cues of deceptive intent using prob-
abilistic models, and Ferracane et al. (2021) intro-
duced a dataset to analyze whether political speak-
ers answered questions and how sincere their re-
sponses were perceived to be. Although NLP stud-
ies political discourse at scale, equivocation, as a
clarity classification task, remains underexplored.
Trotta and Tonelli (2021) examined multimodal
aspects of political interviews, including gestures
and non-verbal cues. In contrast, we treat response
clarity as a structured classification problem using
the dataset introduced by Thomas et al. (2024).

In contrast to prior work’s theoretical analyses

or adjacent NLP tasks (persuasion, deception, dis-
course), our approach adopts a data-centric per-
spective, i.e., we use the dataset to systemati-
cally investigate how controlled LLM-based re-
finement, class rebalancing, and training strategies
influence performance on clarity and evasion clas-
sification, emphasizing thoughtful data engineer-
ing over model scale to achieve scalable outcomes.
3 Dataset and Task Description
The CLARITY SemEval-2026 shared task com-
prises two subtasks focused on classifying answer
clarity levels and fine-grained evasion types in po-
litical discourse.

• Subtask 1 (Clarity-level Classification):
This subtask2 requires classifying an answer,
given a question-answer pair, into one of
three predefined categories.

• Subtask 2 (Evasion-level Classification):
The second subtask3 focuses on fine-grained
evasion detection. Given a question-answer
pair, the goal is to classify the answer into
one of nine predefined evasion techniques.

Both subtasks draw on the dataset introduced by
Thomas et al. (2024), which provides a hierarchi-
cal taxonomy and benchmark for response clarity
and evasion classification in political QA settings.
Table 1 shows that the dataset comprises 3,348
training instances, 308 development instances, and
237 test instances, along with total words, total
unique words, and average sample length across
various dataset settings.
Datasets TS TW TUW LAvg

Original Dataset 3,348 1,061,074 24,006 307.74
Rebalanced Dataset 2,250 620,391 18,289 275.73
Refined Dataset 3,101 921,627 23,329 297.2
Undersampled Dataset 711 193,581 12,156 272.27
Development Dataset 308 105,100 5,864 341.23
Test Dataset 237 34,748 3,510 146.62

Table 1: Counts of total samples (TS), total words
(TW ), unique words (TUW ), and average sample length
(LAvg) across all dataset settings.

4 System Overview
This section outlines the data-centric approach to
the task, including the problem formulation, data
refinement strategy, model configurations, and the
overall pipeline.

2https://www.codabench.org/
competitions/10879/

3https://www.codabench.org/
competitions/11131/
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4.1 Problem Formulation
The CLARITY shared task is formulated as a hi-
erarchical multi-class text classification problem
over political QA pairs.

Let D = {(qi, ai, yci , yei )}Ni=1 denote the labeled
dataset, where qi represents the question and ai
represents the corresponding answer. For Sub-
task 1, the clarity label yci belongs to one of three
classes: Clear Reply, Ambivalent, or Clear Non-
Reply. For Subtask 2, the fine-grained evasion la-
bel yei belongs to one of nine categories: Explicit,
Implicit, Dodging, General, Deflection, Partial,
Declining, Ignorance, or Clarification.

Following the taxonomy proposed by Thomas
et al. (2024), a deterministic mapping from fine-
grained evasion types to high-level clarity cate-
gories is defined as follows: the Explicit type maps
to Clear Reply; the Implicit, Dodging, General,
Deflection, and Partial types all map to Ambiva-
lent; and the Declining, Ignorance, and Clarifica-
tion types all map to Clear Non-Reply.We model
both subtasks jointly using a generation-based for-
mulation. Given an input prompt constructed from
the question-answer pair xi = (qi, ai), let z de-
note the generated target label sequence enclosed
within the predefined <LABEL> tags, correspond-
ing to one of the fine-grained evasion categories.
Prediction is obtained as shown in Eq. (1).

ẑi = arg max
z

P (z | xi; θ), (1)

from which the fine-grained evasion label is ex-
tracted as defined in Eq. (2).

ŷei = Parse(ẑi), ŷci = f(ŷei ). (2)

Supervised fine-tuning minimizes the token-
level cross-entropy (negative log-likelihood) of the
target label sequence zi conditioned on the input
xi, as shown in Eq. (3).

L(θ) = − 1

N

N∑

i=1

|zi|∑

t=1

logP (zi,t | xi, zi,<t; θ) .

(3)
Figure 1 presents the overall system archi-

tecture. The implementation, source code, and
the augmented dataset are publicly available on
GitHub.4

4https://github.com/Sojib001/
CLARITY-Political-Question-Evasions
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Figure 1: Abstract representation of our methodol-
ogy pipeline, including data rebalance, LLM-based ap-
proaches, and model evaluation.

4.2 Class rebalancing
The original dataset exhibits notable class imbal-
ance across clarity and evasion categories. To
analyze the impact of class distribution on per-
formance, we evaluated multiple data distribution
strategies as follows:

• Full Dataset: We first trained and evaluated
the models on the original dataset, thereby
preserving the inherent class distribution de-
fined in the shared task.

• Rebalancing: We applied class-balanced re-
balancing by setting a target of 250 in-
stances per class. Minority classes were over-
sampled with replacement, while majority
classes were undersampled without replace-
ment (seed=42), producing a balanced train-
ing set.
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• Random Undersampling: To examine strict
majority-class reduction, we applied random
undersampling by limiting each class to 79
instances, the size of the smallest class in the
original training set. For each label, 79 sam-
ples were randomly selected without replace-
ment (seed=42), producing a balanced but re-
duced dataset.

• LLM-based Paraphrastic Refinement: In
this setting, we rebalanced the dataset using
paraphrased versions generated by an LLM.
We paraphrased only the answer column of
selected minority-class instances while pre-
serving the original questions and labels. Ma-
jority classes, such as Explicit, were reduced
from 1052 to 600 instances and Dodging
from 706 to 500 to better match smaller
classes. Minority classes-Declining to an-
swer from 145 to 222, Claims ignorance
from 119 to 214, Clarification from 92 to
155, and Partial/half-answer from 79 to 155-
were expanded through controlled paraphras-
ing. Classes with moderate frequencies (Im-
plicit: 488, General: 386, Deflection: 381)
remained unchanged. The final dataset is
shuffled before training. This controlled
redistribution improves class balance while
preserving semantic intent and label consis-
tency. We used GPT-5.1 (Singh et al., 2025)
to paraphrase answers. To ensure quality, a
human-in-the-loop verification step was con-
ducted to validate the outputs before inclu-
sion in the final dataset. The prompt used for
LLM-based paraphrasing is provided in Ap-
pendix F.2, and examples of paraphrased data
points are shown in Appendix D. The aug-
mented dataset is also publicly available on
our GitHub repository.

4.3 Decoder-only Models
We evaluated four decoder-only LLMs: Qwen3-
14B (Yang et al., 2025), Phi-4 (Abdin et al.,
2024), Gemma-2 9B (Team et al., 2024), and Mis-
tral 7B (Chaplot, 2023) across multiple training
paradigms to analyze prompt-based learning, su-
pervised fine-tuning, and the effects of data bal-
ancing strategies on both subtasks. We selected
these models to represent a diverse set of widely
used decoder-only LLMs for a fair comparison
across learning settings. All fine-tuning exper-
iments were conducted on base models, while

instruction-tuned (-it) variants were used for zero-
shot and few-shot (ICL) evaluations.

• Zero-shot Learning: We first evaluated
the models in a zero-shot setting using
an instruction-style prompt that included a
question-answer pair and a predefined eva-
sion taxonomy with brief label definitions.
The full prompt is provided in Appendix F.3.

• Few-shot Learning: We further evaluated
the models in a few-shot setting using an
instruction-style prompt with labeled exam-
ples. Each input included a Question-Answer
pair, a fixed evasion taxonomy, detailed def-
initions, and two illustrative examples per
label. The full prompt is available in Ap-
pendix F.4.

• Fine-tuning: We further evaluated the mod-
els via supervised fine-tuning on the original
dataset and three class-rebalancing strategies.
We employed the UnSloth framework with
Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to enable memory-efficient and scal-
able adaptation of LLMs. The training
prompt is available in Appendix F.1.

The official submission achieved a Macro F1
score of 74.77% (ranked 21st) on Subtask-1 using
Phi-4 trained on the original dataset for 3 epochs.
For Subtask-2, our submission achieved 44.17%
(ranked 22nd) using Phi-4 trained on the oversam-
pled dataset for 5 epochs. Post-submission exper-
iments revealed an improved model for Subtask-
2, which is reported in this paper. We also con-
ducted preliminary experiments training directly
on the Subtask-1 objective; however, these yielded
inferior performance compared to the hierarchical
approach, consistent with prior findings Thomas
et al. (2024).

Appendix A details the hyperparameter con-
figurations and implementation settings for all
decoder-only model experiments.
5 Results and Discussion
Table 2 presents the performance of different
methods, evaluated using macro F1 score on the
official evaluation-stage test data. The results of-
fer a comparative analysis across the approaches,
highlighting their relative strengths and potential
limitations.
Phi-4 Achieves Consistently Strong Perfor-
mance. Across all configurations, Phi-4 consis-
tently achieved the strongest performance. On the
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Model Epochs Subtask-
1

Subtask-
2

LLM-Based Paraphrastic Refinement Dataset

Qwen3 14B 3 59.98 32.46
Qwen3 14B 4 61.22 36.00
Phi-4 3 74.77 48.60
Phi-4 4 73.85 51.55
Gemma-2 9b 3 70.41 48.97
Gemma-2 9b 4 72.65 47.22
Mistral 7b 3 70.23 47.03
Mistral 7b 4 69.54 46.18

Full original dataset

Qwen3 14B 3 65.48 38.89
Phi-4 3 74.54 48.62
Gemma-2 9b 3 69.15 42.98
Mistral 7b 3 68.59 45.35

Rebalanced Dataset

Qwen3 14B 3 58.98 29.85
Qwen3 14B 5 62.40 34.01
Phi-4 3 64.41 39.80
Phi-4 5 69.20 44.17
Gemma-2 9b 3 66.16 41.99
Gemma-2 9b 5 63.97 39.58
Mistral 7b 3 66.07 41.86
Mistral 7b 5 68.37 40.31

Undersampled Dataset

Qwen3 14B 3 49.52 22.92
Qwen3 14B 10 59.12 36.62
Phi-4 3 62.63 36.22
Phi-4 10 59.12 36.18
Gemma-2 9b 3 36.90 17.99
Gemma-2 9b 10 54.07 34.38
Mistral 7b 3 50.54 35.78
Mistral 7b 10 55.76 37.12

Zero-shot

Qwen3-14B-it – 17.59 06.54
Phi-4 – 70.80 39.88
Gemma-2 9b-it – 20.25 07.19
Mistral 7b-it – 17.59 06.54

Few-shot

Qwen3-14B – 17.59 06.54
Phi-4 – 64.91 45.64
Gemma-2 9b-it – 18.66 06.52
Mistral 7b-it – 56.23 31.31

Table 2: Model performance comparison on Subtask-1
(Clarity Classification) and Subtask-2 (Evasion Classi-
fication), using Macro F1, reported in %.

LLM-augmented dataset, it reached 74.77% on
Subtask-1 (3 epochs) and 51.55% on Subtask-2
(4 epochs). This advantage remained on the full
original dataset (74.54% and 48.62%), as well as
in zero-shot and few-shot settings, highlighting its
strong generalization capabilities. Overall, Phi-4’s
architecture and pre-training appear better aligned
with the target tasks than those of the other evalu-
ated LLMs.

LLM-Based Paraphrastic Refinement Shows

Mixed Impact on Performance. LLM-based re-
finement contributed to overall performance gains
across multiple models when compared to training
on the full original dataset, with all comparisons
made under identical 3-epoch settings. Phi-4 at
showed improvement on Subtask-1 (∆ = +0.23%)
while maintaining nearly identical performance
on Subtask-2 (∆ = -0.02%). Phi-4 achieved al-
most the same performance on both subtasks,
with ∆ = +0.23% on Subtask-1 and ∆ =
−0.02% on Subtask-2. Gemma-2 9B bene-
fited more clearly from refinement, improving
by ∆ = +1.26% on Subtask-1 and ∆ = +5.99%
on Subtask-2. Mistral 7B achieved consistent
improvements across both subtasks (∆ = +1.64%
and ∆ = +1.68%). For Qwen3-14B, refinement
led to a decrease of ∆ = -5.50% on Subtask-1 and
∆ = -6.43% on Subtask-2. Overall, these findings
demonstrate that controlled paraphrase refinement
can meaningfully improve model performance.
Qwen3-14B gained performance when trained for
4 epochs, with ∆ = +1.24% on Subtask-1 and
∆ = +3.54% on Subtask-2, while Gemma-2 9B
gained ∆ = +2.24% on Subtask-1 but slightly
decreased by ∆ = −1.75% on Subtask-2. While
LLM-based paraphrasing improved class balance,
it may also introduce subtle distribution shifts or
stylistic biases that affect model learning. In some
cases, these effects offset the gains from balanc-
ing minority classes, especially when the original
dataset already captures the task distribution well.
As a result, model performance appears to depend
more on data quality and alignment than on refine-
ment alone.
Rebalancing Fails to Improve Performance,
While Undersampling Severely Degrades It.
Training with a rebalanced dataset for 3 epochs
did not improve performance over the full dataset
baseline: Qwen3-14B declines by ∆= -6.50% on
Subtask-1 and ∆ = -9.04% on Subtask-2. Phi-4
drops by ∆ = -10.13% and ∆ = -8.82%, respec-
tively. Gemma-2 9B decreases by ∆ = -2.99% on
Subtask-1 and ∆ = -0.99% on Subtask-2. Mis-
tral 7B shows reductions of ∆ = -2.52% and
∆ = -3.49% across Subtasks 1 and 2. These results
suggest that redundancy limits generalization.
Training with undersampling for 3 epochs de-
graded performance compared to the full-dataset
setting. Qwen3-14B declined by ∆ = -15.96% on
Subtask-1 and ∆ = -15.97% on Subtask-2. Phi-
4 dropped by ∆ = -11.91% and ∆ = -12.40%.
Gemma-2 9b experienced the largest degradation,
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with ∆ = -32.25% on Subtask-1 and ∆ = -24.99%
on Subtask-2. Overall, reduced data volume out-
weighed any benefits from class rebalancing, ren-
dering undersampling ineffective across both sub-
tasks. Although extended training in both rebal-
anced and undersampled settings partially miti-
gated these declines for some models, none recov-
ered to baseline levels.

Zero-Shot and Few-Shot Inference Fall Short of
Fine-Tuned Performance. Without task-specific
fine-tuning, most models struggled to capture the
task structure. Qwen3-14B-it, Gemma-2 9B-it
produced similarly low scores in both zero-shot
and few-shot settings, trailing their fine-tuned
baselines by over ∆ = -47% on Subtask-1 and
∆ = -38% on Subtask-2. Few-shot prompting pro-
vided negligible gains (less than ∆ = +1.07%).
Mistral 7B-it achieved 17.59% and 6.54% in zero-
shot, which increased significantly to 56.23% and
31.31% in few-shot (∆ = +38.64%, +24.77%),
yet still lagged behind fine-tuned performance.
Phi-4 achieved 70.80% and 39.88% in zero-shot,
indicating stronger intrinsic alignment with the
label schema. Its few-shot results improved
Subtask-2 by ∆ = +5.76% but decreased Subtask-
1 by ∆ = -5.89%, showing inconsistent benefits
from added examples. It observes that the maxi-
mum output token limit was initially set to 16; to
investigate whether this constraint contributed to
the poor ICL performance, we increased it to 128,
but observed no change in the results. Overall,
these findings highlight that supervised fine-tuning
is crucial for reliable performance, and ICL alone
is insufficient without strong prior task alignment.
The details of the evaluation metrics and sample
predictions for both subtasks are provided in Ap-
pendices B and E, respectively. Appendix C il-
lustrates the error analysis of the best-performed
model.

6 Conclusion
In this work, we explored response clarity and eva-
sion detection using multiple decoder-only LLMs
under zero-shot, few-shot, and LoRA-based fine-
tuning settings. Our results show that task-specific
fine-tuning is essential for reliable performance,
as most models struggled under in-context learn-
ing alone. From a data-centric perspective, sim-
ple resampling proved ineffective: rebalancing
introduced redundancy, whereas undersampling
significantly degraded performance. In contrast,
controlled LLM-based paraphrasing led to per-

formance improvements. Overall, our findings
highlight that effective dataset design and class-
distribution strategies play a more critical role than
model scale in clarity and evasion classification.
Limitations
Despite promising findings, this study has sev-
eral limitations. First, the dataset size remains
relatively small, particularly for low-frequency
evasion categories, which may limit generaliza-
tion. Second, although paraphrastic refinement
improves class balance, LLM-generated rewrites
may introduce subtle stylistic biases or distribu-
tion shifts that affect downstream learning. Third,
all experiments rely on decoder-only models;
encoder-based or hybrid architectures were not ex-
plored. Future work should explore larger-scale
datasets, cross-domain generalization, multilin-
gual evaluation, and more advanced refinement
or augmentation techniques to further improve ro-
bustness.
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Appendix
A Hyperparameter Configurations
For the LoRA fine-tuning approach, we utilized
the Unsloth framework with 4-bit quantization to
ensure memory-efficient training and a maximum
sequence length of 4096 tokens. LoRA adapters
were configured with r = 32 and α = 32 to tar-
get the projection layers (query, key, value, output,
gate, up, and down projections). LoRA dropout
was set to 0, and gradient checkpointing was en-
abled using the optimized Unsloth mode. Models
were trained with a learning rate of 2 × 10−4, us-
ing the AdamW 8-bit optimizer. A linear learning
rate scheduler with 5 warmup steps and weight de-
cay of 0.001 was applied. Models were instructed
to output the predicted label strictly within the
<LABEL> </LABEL> tags. For inference, we
generated model outputs using greedy decoding
to ensure deterministic label predictions. During
generation, we set max_new_tokens=16, disabled
sampling (do_sample=False) with a single beam
(num_beams=1), and left sampling-related param-
eters (temperature, top_p, top_k) unset.
B Evaluation Metric
System performance for both subtasks was eval-
uated using the macro F1-score as the official
metric. Macro F1 computes the F1-score for
each class independently and then averages them
equally across all classes, as formulated in Eq. (4).

F1macro =
1

L

L∑

l=1

2 · Pl ·Rl

Pl +Rl
(4)

where Pl and Rl denote precision and recall
for class l, and L is the number of classes (3 for
Subtask-1 and 9 for Subtask-2). This metric en-
sures balanced evaluation by giving equal weight
to both frequent and rare classes.
C Error Analysis
In Subtask-1 (Figure C.1a), misclassifications
were concentrated around the Ambivalent cate-
gory. Of the 117 true Ambivalent instances, 18
were predicted as Clear Non-Reply and 16 as
Clear Reply. This bidirectional confusion aligns
directly with findings reported by Thomas et al.
(2024), where inter-annotator agreement between
Ambivalent and the other two categories was sub-
stantially lower (κ = 0.65 with Clear Reply and
κ = 0.71 with Clear Non-Reply). The confusion
mainly comes from ambivalent answers, which
can often be seen as either somewhat helpful or

fully informative. In contrast, clear non-replies are
the easiest to distinguish, with no cases being mis-
taken for clear replies.

In Subtask-2 (Figure C.1b), most misclassified
Dodging instances were predicted as General or
Deflection, consistent with Thomas et al. (2024),
who report low agreement between these cate-
gories (κ = 0.57 and κ = 0.62). Their conceptual
overlap and shared surface cues (e.g., vague phras-
ing, topic shifts) likely cause the model to rely
on lexical patterns rather than intent. Explicit re-
sponses were also confused with General and Im-
plicit, mirroring low agreement (κ = 0.58). Sim-
ilarly, Declining to answer was mistaken for De-
flection (κ = 0.77), as both may involve refusal-
like language (e.g., I cant comment) or shifting
responsibility (thats for others to decide). Fi-
nally, the low-frequency Partial/half-answer cat-
egory was often absorbed into more frequent la-
bels, reflecting limited training data and its hybrid
nature.

(a) Clarity Prediction (Subtask 1)

(b) Evasion Prediction (Subtask 2)

Figure C.1: Confusion matrices for the best model
(Phi-4 with distribution-aware refinement). (a) Clarity-
level classification. (b) Fine-grained evasion-type clas-
sification.
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D Paraphrased Dataset Samples
Table D.1 presents representative examples from our LLM-based paraphrastic refinement stage, where
only the answer text in each instance is paraphrased while the associated question, clarity, and evasion
labels are kept unchanged.

Original Answer Paraphrased Answer Clarity Label Evasion Label
I’ll let other people analyze that. But
what I will emphasize is that one of the
nice things about being in the sixth year
of your Presidency is that you’ve seen a
lot of ups and downs, and you’ve got-
ten more than your fair share of atten-
tion. And I’ve had the limelight, and
I’vethere have been times where the re-
quests for my appearances were end-
less. There have been times when, po-
litically, we were down. And it all kind
of evens out, which is why what’s most
important, I think, is keeping your eye
on the ball, and that is, are you actually
getting some good done? Scott Horsley
[National Public Radio], last question.

I’ll leave that for others to interpret.
What I want to stress, though, is that
one of the benefits of being in the sixth
year of a presidency is having experi-
enced plenty of highs and lows, along
with more than enough attention. Ive
had my time in the spotlight, and there
were moments when requests for ap-
pearances never seemed to end. There
were also times when we were polit-
ically struggling. In the end, it all
balances out. Thats why the most
important thing is staying focused on
what really matterswhether youre ac-
tually accomplishing something worth-
while. Scott Horsley from NPR, final
question.

Clear Non-
Reply

Declining to
answer

You know, on the first question, I can’t
answer that. I’m not going to give you
intelligence data, number one. Number
two, we would respond. We would re-
spond if he uses it. The nature of the
response would depend on the use.Josh
[Josh Wingrove] of Bloomberg.

On your first question, I cant address
that because I wont share intelligence
information. What I can say is that we
would respond if he used it, and the na-
ture of that response would depend on
how he used it.

Ambivalent Partial/half-
answer

But read the reports. China issued a
statement that it was an airborne dis-
ease. I heard it was an airborne dis-
ease. I assumed it early on. The fact
is that there must be calm. You don’t
want me jumping up and down, scream-
ing: There’s going to be great death.
There is something going on that is re-
ally causing very serious problems for
the country. If Bob Woodward thought
what I said was bad, he should have
immediately, right after I said it, gone
to the authorities so they could prepare
and notify them.

But look at the reports. China issued a
statement saying it was an airborne dis-
ease. I heard early on that it was air-
borne, and I assumed that from the be-
ginning. The reality is that there needs
to be a sense of calm. You dont want
me jumping up and down, shouting that
theres going to be massive death and
panicthat would have caused extremely
serious problems for the country. If
Bob Woodward believed what I said
was so alarming, then he should have
gone straight to the authorities at the
time and informed them so they could
prepare and take action.

Clear Non-
Reply

Claims igno-
rance

Table D.1: Example format for original and paraphrased answers with clarity and evasion labels
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E Prediction Examples
Tables E.1 and E.2 present sample predictions for the two subtasks. In Table E.1, example question-
answer pairs are shown alongside their predicted and actual clarity labels, where predictions are obtained
using the Phi-4 model trained for 3 epochs on the augmented dataset. In Table E.2, sample question-
answer pairs are presented with their corresponding predicted and actual evasion labels, generated using
the Phi-4 model trained for 4 epochs on the augmented dataset.

Question–Answer Pair Predicted Clarity
Label

Actual Clarity La-
bel

Sample1: Q: Do you think that is a good thing?
A: THE PRESIDENT. I think it’s a good thing. I was very
lucky. When I went to the Senate, I got three major com-
mittees. I was put on the Appropriations Committee, on
the Interstate Commerce Committee

Clear Reply Clear Reply

Sample2: Q: Does the Prime Minister feel that that would
have a major impact on the peace talks?
A: The President. Nice try. The Prime Minister. I don’t
deal with domestic political American or personal domes-
tic American problems.

Clear Non-Reply Ambivalent

Sample3: Q: Is that in public?
A: President Trump. Okay? Do you have a question here?

Ambivalent Ambivalent

Table E.1: Sample predictions with actual and predicted labels for clarity classification.

Question–Answer Pair Predicted Evasion
Label

Actual Evasion
Label

Sample1: Q: Do you think that is a good thing?
A: THE PRESIDENT. I think its a good thing. I was very
lucky. When I went to the Senate, I got three major com-
mittees. I was put on the Appropriations Committee, on
the Interstate Commerce Committee

Explicit Explicit

Sample2: Q: Does the Prime Minister feel that that would
have a major impact on the peace talks?
A: The President. Nice try. The Prime Minister. I dont
deal with domestic political American or personal domes-
tic American problems.

Declining to an-
swer

Dodging

Sample3: Q: Is that in public?
A: President Trump. Okay? Do you have a question here?

Dodging Dodging

Table E.2: Sample predictions with actual and predicted labels for evasion-type classification.
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F Prompt Design
F.1 Prompt used for training
Table F.1 presents the prompt used during supervised fine-tuning for evasion-level classification. The
prompt guides the model to evaluate how directly a given answer addresses its corresponding question
and to generate the appropriate evasion label accordingly. To ensure consistent, structured outputs, the
model is instructed to produce only the selected label, enclosed within predefined <LABEL> tags, with-
out any additional explanation or reasoning.

Prompt used for zero-shot learning for evasion-level classification

You are classifying the type of answer given to a question.
Question: question
Answer: answer
First, decide how directly the answer addresses the question. Then, output ONLY the evasion
label between <LABEL> </LABEL>.

Table F.1: Prompt used for training for evasion-level classification

F.2 Prompt Design for LLM-Based Text Paraphrasing
Table F.2 presents the structured prompt used for LLM-based paraphrasing. The prompt instructs the
model to rewrite the given answer while strictly preserving its original meaning, intent, and approxi-
mate length. It explicitly prohibits adding new information, removing important details, altering factual
content or stance, or significantly changing the length of the response. The model must output only the
paraphrased answer, without any explanations or additional text.

Prompt Design for LLM-Based Text Paraphrasing

Your task is to paraphrase the answer while preserving:
-The original meaning and intent
-The overall length (do not significantly shorten or expand it; keep it approximately the same
length)
-Do NOT add new information
-Do NOT remove important details
-Do NOT change the stance or factual content
-Do NOT make it substantially shorter or longer
Output only the paraphrased version of the answer. Do not include explanations, comments, or
any additional text.
Answer: {answer}

Table F.2: Paraphraing prompt
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F.3 Prompts used for Zero-shot training
Table F.3 illustrates the prompt design used for zero-shot learning in evasion-level classification. The
prompt instructs the model to evaluate an answer strictly with respect to its corresponding question and
to assign exactly one label from a predefined evasion taxonomy. The taxonomy comprises nine fine-
grained evasion categories, each accompanied by a concise definition to ensure consistent interpretation.
The prompt also enforces strict output formatting rules, requiring the model to produce only the selected
label wrapped within predefined tags, without any explanation or additional text.

Prompt used for zero-shot learning for evasion-level classification

You are classifying the type of answer given to a question in a political interview.
Question: {question}
Answer: {answer}
Your task:
1) Judge the Answer ONLY with respect to the given Question.
2) Choose EXACTLY ONE evasion label from the taxonomy below.
Evasion label taxonomy (choose one):
- Explicit: The information requested is explicitly stated (in the requested form).
- Implicit: The information requested is given, but not explicitly stated (not in the expected form).
- General: The information provided is too general / lacks the requested specificity.
- Partial/half-answer: Provides only a specific component of the requested information.
- Dodging: Ignores the question altogether (does not acknowledge it, shifts to another topic).
- Deflection: Acknowledges the question but shifts focus and makes a different point than what
is asked.
- Declining to answer: Acknowledges the question but refuses to answer at the moment (directly
or indirectly).
- Claims ignorance: Claims/admits they do not know the answer.
- Clarification: Asks for clarification instead of providing the requested information.
Output format rules:
- Output ONLY the chosen label wrapped exactly like this: <LABEL>...</LABEL>
- Do NOT output explanations, reasoning, or any other text.
Now classify the Answer relative to the Question and respond with only:
<LABEL>YOUR_LABEL</LABEL>

Table F.3: Prompt used for zero-shot learning for evasion-level classification
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F.4 Prompts used for Few-shot training

Table F.4 presents the prompt used for few-shot evasion-level classification with taxonomy description.
In this version, each evasion category is accompanied by a concise definition and two illustrative ques-
tionanswer examples. These in-context examples are designed to guide the model toward a clearer un-
derstanding of the distinctions between closely related evasion strategies.

The prompt explicitly instructs the model to evaluate the answer strictly with respect to the given
question and to select exactly one label from the nine-category taxonomy. Strict output formatting con-
straints are imposed, requiring the model to produce only the selected label wrapped within predefined
tags, without any additional explanation or reasoning.

Prompt with taxonomy and examples for evasion-level classification

You are classifying the type of answer given to a question in a political interview.
Your task:
1) Judge the Answer ONLY with respect to the given Question.
2) Choose EXACTLY ONE evasion label from the taxonomy below.
TAXONOMY (definitions + 2 examples each)
1) Explicit
Definition: The information requested is explicitly stated (in the requested form).
Example 1
Question: What is the unemployment rate right now?
Answer: It is 6.1 percent in the latest labor report.
<LABEL>Explicit</LABEL>
Example 2
Question: Did you vote for the bill?
Answer: Yes, I voted for it.
<LABEL>Explicit</LABEL>
2) Implicit
Definition: The information requested is given, but not explicitly stated (not in the expected form).
Example 1
Question: Did you raise the corporate tax rate?
Answer: Corporations contribute more today than before our reform.
<LABEL>Implicit</LABEL>
Example 2
Question: Are you against the policy?
Answer: Ive been critical of it from the beginning.
<LABEL>Implicit</LABEL>
3) General
Definition: The information provided is too general / lacks the requested specificity.
Example 1
Question: How many new homes will be built under this plan?
Answer: Were going to build a lot of homes and make housing more affordable.
<LABEL>General</LABEL>
Example 2
Question: Which companies received the contracts?
Answer: A number of qualified firms were involved through a proper process.
<LABEL>General</LABEL>
4) Partial/half-answer
Definition: Provides only a specific component of the requested information.
Example 1
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Question: Which two cities will receive the new hospitals?
Answer: One will be built in Chittagong.
<LABEL>Partial/half-answer</LABEL>
Example 2
Question: What are the three main causes of the delay?
Answer: One cause was a shortage of materials.
<LABEL>Partial/half-answer</LABEL>
5) Dodging
Definition: Ignores the question altogether (does not acknowledge it, shifts to another topic).
Example 1
Question: Did you meet with the lobbyist last week?
Answer: Our administration is focused on delivering results for the people.
<LABEL>Dodging</LABEL>
Example 2
Question: Did you use government funds for personal travel?
Answer: Let me tell you about the strong ethics reforms weve introduced.
<LABEL>Dodging</LABEL>
6) Deflection
Definition: Acknowledges the question but shifts focus and makes a different point than what is
asked.
Example 1
Question: Why did you cut the education budget?
Answer: I understand the concern, but what matters is that student outcomes are improving.
<LABEL>Deflection</LABEL>
Example 2
Question: Did your office ignore the warning?
Answer: I hear what you’re sayingthis is really about fixing the system so it never happens again.
<LABEL>Deflection</LABEL>
7) Declining to answer
Definition: Acknowledges the question but refuses to answer at the moment (directly or indi-
rectly).
Example 1
Question: Will you resign if the investigation finds wrongdoing?
Answer: Im not going to discuss hypotheticals while the investigation is ongoing.
<LABEL>Declining to answer</LABEL>
Example 2
Question: Did you speak with the prosecutor?
Answer: I cant comment on that at this time.
<LABEL>Declining to answer</LABEL>
8) Claims ignorance
Definition: Claims/admits they do not know the answer.
Example 1
Question: What was the exact cost of the project?
Answer: I dont know the exact figure off the top of my head.
<LABEL>Claims ignorance</LABEL>
Example 2
Question: How many people were affected in total?
Answer: Im not sure of the exact number right now.
<LABEL>Claims ignorance</LABEL>
9) Clarification
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Definition: Asks for clarification instead of providing the requested information.
Example 1
Question: When did you first learn about the allegations?
Answer: Which allegations are you referring to, and from which report?
<LABEL>Clarification</LABEL>
Example 2
Question: Did you approve the plan?
Answer: Which plan do you meanthe initial proposal or the revised version?
<LABEL>Clarification</LABEL>
Now classify the following:
Question: {question} Answer: {answer}
Output format rules:
- Output ONLY the chosen label wrapped exactly like this: <LABEL>...</LABEL>
- Do NOT output explanations, reasoning, or any other text.
Now classify the Answer relative to the Question and respond with only:
<LABEL>YOUR_LABEL</LABEL>

Table F.4: Prompt with taxonomy and in-context examples for evasion-level classification
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