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Abstract

Clarity-Level Classification predicts the degree
of clarity of a response to a query. It is essential
to the advancement of many NLP applications,
including conversational Al, customer support
automation, and instructional technology. How-
ever, it is challenging to assess the clarity of an
answer due to unclear wording, incomplete an-
swers, and the contextual dependency in Q/A.
In this paper, we present our approach to the
shared task on clarity classification introduced
in SemEval 2026 Task 6. We formulate the
problem as both a regression and multi-class
classification task over question—answer pairs
and propose a transformer-based architecture to
model their contextual interactions. Our system
leverages a fine-tuned DeBERTa-v3-base back-
bone to capture nuanced semantic relationships
between questions and answers. To mitigate
class imbalance, we incorporate class-weighted
loss functions and apply data-level oversam-
pling techniques. Experimental results demon-
strate that our approach achieves competitive
performance in the shared task, highlighting
the effectiveness of transformer-based contex-
tual modeling combined with imbalance-aware
training strategies.

1 Introduction

Strategic ambiguity is common in political dis-
course, especially in high-stakes situations like
public press conferences, presidential debates, and
interviews. Politicians often use evasive commu-
nication techniques that leave listeners wondering
whether a question has been sufficiently answered.
This phenomenon, also known as evasion or equivo-
cation, happens when responses purposefully omit
giving direct or unambiguous answers (Bull, 2003).
Speakers can handle delicate subjects, keep their
messaging flexible, and affect public opinion with-
out making overt claims thanks to this ambiguity.

*The first two authors have equal contributions.

There are a number of difficulties in automati-
cally identifying and categorizing response clarity.
It can be challenging to define a label when re-
sponses contain both evasive and informative con-
tent. Because clarity depends so heavily on context,
models must take into account both the question
and its response. Additionally, there is a significant
imbalance in the dataset provided for SemEval-
2026 Subtask-1: clear replies and clear non-replies
are underrepresented, while ambiguous or evasive
responses predominate. This imbalance raises the
possibility of biased predictions by making model
evaluation and training more difficult.

In this work, we propose a transformer-based
method for clarity-level classification for a given
question-answer pair as defined in SemEval-2026
Task 6 Subtask 1 (Thomas et al., 2026). The task
builds upon the CLARITY dataset and taxonomy
introduced in prior work on response clarity clas-
sification (Thomas et al., 2024). To address the
dataset imbalance, we use class-balancing tech-
niques, including class-weighted loss and oversam-
pling. Later, we fine-tune a pre-trained DeBERTa-
v3-base model on question-answer pairs. Our ap-
proach seeks to provide precise, scalable, and auto-
mated identification of evasive or unclear responses
in political discourse by capturing the contextual
relationship between questions and answers.

2 Related Work

Our approach to the CLARITY task combines
transformer-based language models with targeted
training strategies for three-class response-clarity
classification, building upon research in pre-trained
architectures, class-imbalanced text classification,
and question answering.

Recent classification stems largely from lever-
aging pre-trained transformers. BERT introduced
bidirectional context encoding, establishing strong
baselines for question answering and classifica-
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tion (Devlin et al., 2019). DeBERTa improved
upon this by disentangling content and position in-
formation (He et al., 2021), while DeBERTa-v3 fur-
ther optimized pre-training with ELECTRA-style
training and gradient-disentangled embedding shar-
ing for better downstream performance (He et al.,
2023). These advances directly inform our model
initialization phase, where we adopt DeBERTa-v3
as our backbone.

Class imbalance presents a key challenge in real-
world classification tasks, including response clar-
ity prediction. Prior work in lexical complexity pre-
diction at SemEval-2021 Task 1 addressed skewed
distributions through ensemble methods (Shard-
low et al., 2021), feature engineering (Mosquera,
2021), multi-task learning (Taya et al., 2021), and
combinations of deep learning with hand-crafted
features (Zaharia et al., 2021). Some systems com-
bined multiple transformer models to improve pre-
diction robustness (Aziz et al., 2021), while others
employed assembly models with novel phonolog-
ical measures (Islam et al., 2021). These strate-
gies inform our class balancing approach, which
combines oversampling before data splitting with
weighted loss during training.

The CLARITY task extends prior work on ques-
tion answering by focusing specifically on response
clarity. This connects to answerability detection in
datasets like SQuAD 2.0, which introduced unan-
swerable questions to reading comprehension (Ra-
jpurkar et al., 2018). More directly, the “I Never
Said That” dataset formalized response clarity
classification in QA pairs, providing both a tax-
onomy of unclear responses and baseline trans-
former adaptations (Thomas et al., 2024). Our data
preprocessing—combining question and answer
texts before encoding—follows approaches vali-
dated in this prior work. Recent shared tasks have
explored related challenges in structured contexts;
SemEval-2025 Task 8 addressed QA over tabular
data using LLM-driven code generation (Site et al.,
2025), chain-of-thought prompting (Mokhtar et al.,
2025), and SQL-based pipelines (Giobergia, 2025;
Tyagi et al., 2025; Antropova et al., 2025; Gao et al.,
2025; Osés Grijalba et al., 2025). While focused
on structured data, these approaches demonstrate
the broader trend of combining pre-trained models
with task-specific pipelines.

Collectively, these research streams inform our
workflow: we adopt a DeBERTa-v3 backbone vali-
dated in prior classification tasks, incorporate over-
sampling and weighted loss to address class imbal-

ance, and frame response clarity as a three-class
clarity classification problem building on the *“/
Never Said That” taxonomy.

3 Proposed Framework

In this section, we describe our political question
clarity classification framework as shown in Fig-
ure 1. Our goal is to predict the clarity label of an
answer given the corresponding question.
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Figure 1: Overview of our proposed framework

In our framework, we use a sentence-pair
classification approach with transformer models
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to perform clarity classification, in which input
question-answer pairs are concatenated into a sin-
gle sequence. After performing question-answer
pair classification through the DeBERTa-v3-base
model, we estimate the final clarity label. Our pair-
wise learning strategy jointly encodes the question
and the answer to detect directness versus ambigu-
ity, essential in political discourse, where evasive
responses are common.

3.1 Fine-tuned Transformer Model

We fine-tune the transformer model to perform
sentence-pair classification for Question Answer
Clarity Classification (QACC) using DeBERTa-v3-
base. We describe the details approach in subse-
quent sections.

3.1.1

We practice with question-answer pairs to gain a
deeper understanding of their contextual relation-
ship, which helps us determine how clear the an-
swer is to the question. We use the Huggingface
transformers library (Wolf et al., 2020) for paired
training, in which the input question and response
are disconnected with the [SEP] token and form a
single sequence. We make use of the DeBERTa-
v3-base pre-trained transformer model (He et al.,
2023). The model’s initial token for QACC task
training is the unique [CLS] token, which appears
at the start of each sequence and is also responsible
for the final-layer classification logits. For each
sequence, we separate every pair with [SEP] token
(as presented in Figure 1) where the question be-
longs to text_a and the answer belongs to text_b.
We fine-tune the architecture using the pre-trained
DeBERTa-v3-base model to assess clarity.

In order to maximize computational efficiency,
we additionally shorten the input sequences, re-
stricting questions to 80 characters and replies to
120 characters. Preliminary tests revealed that
lengthier sequences only slightly improved perfor-
mance at a greater computational cost.

Input Representation

3.1.2 DeBERTa-v3-base

By utilizing an improved mask decoder and
disentangled attention mechanisms, DeBERTa
(Decoding-enhanced BERT with disentangled at-
tention) (He et al., 2021) outperforms the BERT
and RoBERTa models. The third iteration of the
DeBERTa model, known as DeBERTa-v3-base,
adds even more enhancements to pre-training effec-
tiveness and downstream task performance. On a

variety of NLP tasks, including text classification,
sentence-pair regression/classification, and natural
language understanding, it achieves state-of-the-
art results. We utilize the DeBERTa tokenizer and
model to classify question-answer pairs in which
the query and response form a single sequence.

In case of CUDA unavailability or memory con-
straints, we implement a fallback mechanism to
BERT-base-uncased (Devlin et al., 2019) to ensure
system robustness across different hardware con-
figurations. DeBERTa-v3-base was successfully
loaded and used throughout our testing; no reported
run resulted in the BERT fallback.

3.2 C(Class Balancing Techniques

We use two complementary methods - oversam-
pling and the class-weighted loss function to rectify
the class imbalance in the training data.

3.2.1 Oversampling

Class imbalance in the initial training data may
have skewed the model in favor of the majority
classes. To counteract this, we oversample minority
groups to achieve a balanced distribution of 1500
samples per class. While the majority of classes
are kept in their original format, classes with fewer
than 1500 samples are replicated until the desired
number is obtained.

3.2.2 Class-Weighted Loss

By adding class weights to the loss function during
training, we further mitigate class imbalance. The
following formula determines the class weights:

N
w, =
© kxne

ey

where N is the total number of samples, £ is
the number of classes (3), and n. is the number
of samples in class c. The weighted cross-entropy
loss is then computed as:

k
L=- Z We + Ye - log(Fe) (2

c=1

where v, is the ground truth and g is the pre-
dicted probability for class c.

4 EXPERIMENTS AND EVALUATION

4.1 Dataset Description

The organizers of SemEval-2026 Task 6: CLAR-
ITY introduced a benchmark dataset on response
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clarity classification, focusing on political inter-
views (Thomas et al., 2026). The QEvasion dataset
is constructed from U.S. presidential news confer-
ences, spanning four presidents: George W. Bush,
Barack Obama, Donald J. Trump, and Joseph R.
Biden. Each instance consists of an interview ques-
tion and the corresponding answer, annotated for
clarity using a two-level hierarchical taxonomy.

The CLARITY task is divided into two subtasks:
Task 1 focuses on three-class classification of re-
sponse clarity, while Task 2 focuses on fine-grained
nine-class evasion classification. Our participation
is limited to Task 1. The top-level taxonomy for
Task 1 includes three labels: Clear Reply, where
the answer directly addresses the question; Ambiva-
lent Reply, where the answer partially addresses
the question but remains ambiguous; and Clear
Non-Reply, where the answer avoids addressing the
question entirely.

The complete dataset contains approximately
3700 annotated instances, with 3448 in the train-
ing set and approximately 300 in the test set. The
dataset is stored in Parquet format and accessible
via the Hugging Face datasets library. Table 1
presents the distribution of instances across the
dataset splits for Task 1.

4.2 Experimental Settings

We now describe the set of parameters we used to
design our proposed response-clarity classification
model for Task 1. In our system, we utilize the
DeBERTa-v3-base model (He et al., 2023) from
the Huggingface Transformers library (Wolf et al.,
2020) with fine-tuning. DeBERTa-v3 improves
upon previous transformer models through disen-
tangled attention mechanisms and ELECTRA-style
pre-training with gradient-disentangled embedding
sharing. We implement our system using PyTorch
and the Huggingface Transformers library.

Data Preprocessing: For each instance, we
combine the interview question and answer into
a single input sequence using the format: “Ques-
tion: {question} Answer: {interview_answer}”.
To manage computational constraints, we truncate
questions to 80 characters and answers to 120 char-
acters, resulting in a maximum sequence length
of 192 tokens. This character-level truncation is
implemented as a preprocessing step before tok-
enization; the tokenizer then encodes the resultant
strings with a maximum sequence length of 192 to-
kens. Preliminary tests showed little effect on clas-
sification performance for this dataset, even though

this method may occasionally truncate responses
mid-sentence.We map the three clarity labels to
integer values: Ambivalent (0), Clear Non-Reply
(1), and Clear Reply (2).

Class Balancing: In order to mitigate class im-
balance, we oversample the minority classes prior
to splitting, aiming for 1,500 samples per class
through repetition, which yields roughly 4,500 bal-
anced samples. This balanced dataset was then
stratified into training (80%), validation (10%), and
test (10%) sets. We recognize that using oversam-
pling before splitting may result in duplicate sam-
ples showing up across splits, which could cause
naively inflated validation estimates. We there-
fore conduct the final evaluation using a different
held-out test set, created from the original non-
oversampled data, to obtain a more accurate mea-
sure of real-world performance (see Final Evalua-
tion below).

Model Configuration: We fine-tune the model
using the following hyperparameters: number of
epochs = 10, learning rate = 2e-5, batch size = 8
(CPU) or 4 (GPU), maximum sequence length =
192 tokens, and weight decay = 0.01. We employ
the AdamW optimizer with a linear learning rate
scheduler, including warmup for the first 10% of
training steps. To further address class imbalance,
we compute class weights based on the original
training distribution and use them with the class-
weighted loss formula.

Training Procedure: We train our system on the
balanced training data for 10 epochs, evaluating on
the validation set after each epoch. We monitor the
macro-averaged F1-score on the validation set to
select the best model checkpoint, saving the model
state that achieves the highest validation F1.

Final Evaluation: After selecting the best
model based on validation performance, we eval-
uate on a test set that preserves the original class
distribution. We create this test set by splitting
the original (non-oversampled) data using an 85/15
train-test split with stratification to maintain the
original class distribution. This ensures that our
final results reflect real-world performance on nat-
urally occurring data.

4.3 Evaluation Measures

To evaluate the performance of participants’ re-
sponse clarity classification systems for Task 1, the
CLARITY task organizers defined macro-averaged
F1-score as the primary evaluation measure. This
metric is particularly appropriate for the task, given
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the dataset’s inherent class imbalance, as it treats all
three clarity categories equally, regardless of their
frequency. Following the task guidelines, systems
are ranked based on macro F1-score.

4.4 Results and Analysis

Our DeBERTa-v3-based system achieved a macro
F1-score of 0.67 on the test set, ranking 31st among
participating systems for Task 1. Table 1 presents
the performance of the top-4 ranked participating
systems, along with our result.

Here, we see that our proposed method ob-
tained moderate performance compared to the top-
performing systems. The gap of 0.22 macro F1
between our system and the top-ranked system
(TeleAl) indicates several areas for improvement.

System Macro F1 Rank
csecudsg 0.67 31

Top performing systems based on macro F1
TeleAI 0.89 1
AsymVerify 0.85 2
CSE-UOI 0.85 3
Rasende Rakete 0.83 4

Table 1: Comparative results with top-4 performing
participants for Task 1.

5 CONCLUSION AND FUTURE
DIRECTIONS

In this work, we described our method for the
question-answer clarity classification challenge. To
address the issue, we used the DeBERTa-v3-base
transformer model within a unified architecture to
classify question-answer pairs. We used paired
learning to estimate the clarity label by leverag-
ing the contextual relationships between question-
answer pairs. To address imbalanced training data,
we implemented class balancing via oversampling
and class-weighted loss. Our proposed classifi-
cation framework outperformed the baseline and
achieved competitive scores.

In the future, we intend to use cutting-edge neu-
ral techniques in conjunction with a variety of man-
ually constructed linguistic variables to extract re-
lationships between question-answer pairs and esti-
mate clarity. We also intend to investigate ensemble
approaches that combine several transformer mod-
els. Complementary signals for the classification
of clarity may also be obtained through multi-task
learning with related tasks such as attitude analysis

and response relevance. Applying our framework
to other relevant domains of interest, as well as in
low-resource language settings (e.g., Bangla), can
be another avenue.
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