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Abstract
Political discourse frequently involves strate-
gically ambiguous responses, particularly in
high-stakes settings such as presidential de-
bates and interviews. Detecting whether a
politician has directly answered a question, pro-
vided an ambiguous reply or issued a clear
non-reply remains a challenging task due to the
pragmatic and rhetorical nature of political lan-
guage. This paper describes our participation
in the SemEval 2026 CLARITY shared task
on response ambiguity detection and classifi-
cation in English. We focused exclusively on
Task 1 (Clarity-level Classification) and pro-
posed a weighted soft-voting ensemble that
combines four fine-tuned encoder-only trans-
former models: RoBERTa-large, BERT-large-
cased, DistilBERT-cased and ModernBERT-
large. Each model was optimized through grid
search and their predicted class probability dis-
tributions were aggregated using a weighted
linear combination. On the official test set,
our system achieved a macro-F1 score of 0.71,
ranking 26th out of 41 participating teams.
Even with the performance gap compared to
top-ranked systems, our results demonstrate
that a lightweight set of moderately sized en-
coder models can provide stable and compet-
itive performance without relying on external
data or large-scale architectures.

1 Introduction

Political discourse is inherently rich in ambiguity,
often serving strategic communicative purposes. In
high-stakes settings such as presidential debates
or interviews, politicians frequently employ eva-
sive language that leaves audiences with multiple
interpretations of whether the requested informa-
tion was conveyed. This phenomenon, known as
equivocation or evasion, has been extensively docu-
mented in political communication research, which
shows that politicians provide direct replies signifi-
cantly less often than non-politicians in compara-
ble contexts (Bull and Mayer, 1993; Bull, 2012).

Such findings highlight the strategic nature of polit-
ical communication in public settings and motivate
the need for automated methods that can assess
response clarity at scale.

Automatically detecting ambiguity in political
discourse remains challenging. Political language
relies on rhetorical strategies, connotations and con-
textual dependencies that are difficult for surface-
level models to capture (Paci et al., 2025). Since
questions may address multiple issues simultane-
ously, accurate clarity assessment also requires re-
liable contextual grounding (Thomas et al., 2024).
From an NLP perspective, ambiguity manifests at
lexical, syntactic and pragmatic levels, and cur-
rent language models still struggle with implicit
meaning and speaker intention in political contexts
(Fortuny and Payrató, 2024; Paci et al., 2025).

The CLARITY shared task on response ambigu-
ity detection and classification in English (Thomas
et al., 2026), organized as part of SemEval 2026,
aims to advance computational methods for iden-
tifying and categorizing ambiguous responses in
political discourse. The task focuses on QA pairs
extracted from presidential debates and interviews,
challenging systems to assess the clarity of a politi-
cian’s reply in relation to the question posed. The
task is divided into two “subtasks”: (1) Clarity-
level Classification, which requires systems to
classify each answer as Clear Reply, Ambiguous or
Clear Non-Reply; and (2) Evasion-level Classifica-
tion, which extends this formulation by requiring
fine-grained categorization of ambiguous responses
into one of nine predefined evasion techniques de-
rived from political communication theory.

In this work, we focus exclusively on the Clarity-
level Classification subtask. Our approach is based
on a weighted soft-voting ensemble that combines
multiple fine-tuned encoder-only transformer mod-
els. Each model is trained to perform ternary clas-
sification over the clarity labels, and their predicted
probability distributions are aggregated through
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a weighted linear combination. The final predic-
tion corresponds to the class with the highest ac-
cumulated weighted probability. This ensemble-
based strategy aims to leverage architectural diver-
sity and complementary prediction patterns to im-
prove robustness in detecting ambiguous political
responses.

On the official test set, our system achieved a
macro-F1 score of 0.71, ranking 26th out of 41 par-
ticipating teams. Our quantitative and qualitative
analyses indicate that the system performs reliably
on clear replies and clear non-replies, while it en-
counters greater difficulty when distinguishing gen-
uinely ambiguous answers from subtly evasive but
contextually grounded responses. These findings
highlight both the effectiveness and the limitations
of sequence-level modeling for capturing nuanced
pragmatic phenomena in political discourse.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work on ambiguity
detection, equivocation in political discourse and
recent advances in transformer-based text classifi-
cation. Section 3 presents the architecture of our
weighted soft-voting ensemble and details the mod-
eling approach adopted for the Clarity-level Clas-
sification subtask. Section 4 describes the dataset,
the training configuration, hyperparameter selec-
tion and the evaluation performed. Section 5 re-
ports and analyzes the official test set results, in-
cluding quantitative performance and qualitative
observations. Finally, Section 6 summarizes our
main findings and outlines directions for future re-
search.

2 Background Information

Political QA exchanges, particularly in televised
interviews and debates, frequently exhibit strategic
ambiguity, that is, responses that appear relevant
while preserving multiple plausible interpretations
or avoiding explicit commitment. In political com-
munication research, this phenomenon is described
as equivocation or evasion, arising from commu-
nicative dilemmas in which direct answers may
be politically costly. Early theoretical accounts
formalized equivocation as a situational strategy
rather than a speaker-specific trait (Bavelas et al.,
1988), while interview-based studies documented
systematic avoidance patterns and interactionally
well-formed non-answers (Bull and Mayer, 1993;
Bull, 2012). Pragmatic perspectives further empha-
size that clarity depends not only on literal content

but also on connotation and interpretation (Drăm-
nescu, 2016). These foundations motivate compu-
tational approaches that operationalize clarity as a
measurable annotation target (Thomas et al., 2024).

Prior to large-scale NLP modeling, polit-
ical interview research proposed operational
schemes to distinguish answers from non-answers.
Conversation-analytic and pragmatic frameworks
described how politicians can preserve topical rel-
evance while strategically withholding requested
information (Harris, 1991). Bull and colleagues
introduced systematic annotation distinctions be-
tween replies and non-replies, showing that eva-
siveness can be consistently identified in transcript
data (Bull, 1994; Bull and Mayer, 1993), and sub-
sequent microanalytic work consolidated recur-
ring avoidance strategies within institutional in-
terview dynamics (Bull, 2012). These structured
taxonomies laid the groundwork for later computa-
tional formulations.

Modern clarity classification systems typically
build upon pretrained transformer encoders, whose
contextual representations can be fine-tuned for
supervised text classification (Devlin et al., 2019;
Liu et al., 2019). Improvements in encoder archi-
tectures, such as DeBERTa (He et al., 2020), and
parameter-efficient adaptation methods, including
adapters (Houlsby et al., 2019) and low-rank up-
dates (LoRA) (Hu et al., 2022), have facilitated
experimentation with larger models under compu-
tational constraints. In parallel, multi-task learn-
ing provides a principled way to share represen-
tations across related objectives (e.g., clarity and
evasion), often improving generalization when la-
bels are sparse or noisy (Ruder, 2017).

Ensembling remains a widely adopted strategy
for improving predictive performance and robust-
ness by combining diverse models (Dietterich,
2000; Alpaydin, 2007). Beyond majority voting,
modern NLP systems frequently aggregate proba-
bilities (soft voting) and may use higher-level com-
bination schemes such as stacking, where a meta-
learner is trained to fuse base predictions (Wolpert,
1992). Such approaches are particularly relevant
in ambiguity detection settings, where different
models may capture complementary pragmatic or
semantic cues.

Recent work on the CLARITY dataset primarily
employs transformer-based classifiers fine-tuned
on QA pairs, reflecting the strength of pretrained
encoders for supervised natural language under-
standing (Thomas et al., 2024). In addition, prompt-
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based large language model approaches, including
chain-of-thought and few-shot learning strategies,
have been explored, revealing that prompt design
can meaningfully affect clarity and evasion pre-
diction quality (Prahallad et al., 2026). Comple-
mentary research suggests incorporating discourse
and pragmatic signals, such as hedging or uncer-
tainty detection (Farkas et al., 2010), persuasion-
technique modeling (Dimitrov et al., 2021) and
emotional analysis (Cochrane et al., 2022), which
may contribute to improved ambiguity detection.

3 System overview

Figure 1 illustrates the overall system architec-
ture for the clarity level classification subtask.
At the core of the system lies a weighted soft-
voting ensemble composed of multiple fine-tuned
transformer-based models. Each model indepen-
dently produces a probability distribution over the
three clarity labels. These probabilities are ag-
gregated through a weighted linear combination,
where each model contributes according to a prede-
fined weight reflecting its individual performance.
The final prediction corresponds to the label with
the highest aggregated weighted probability.

Given a question and its corresponding answer
extracted from presidential debates or interviews,
the system performs ternary text classification to
determine whether the politician’s response con-
stitutes a Clear Reply (“Clear Reply”, label 0), a
Clear Non-Reply (“Clear Non-Reply”, label 1) or
an Ambiguous answer (“Ambivalent”, label 2).

To construct the ensemble, six Transformer-
based encoder-only models were evaluated:
RoBERTa-large (Liu et al., 2019), BERT-large-
cased (Devlin et al., 2019), DistilBERT-cased
(Sanh et al., 2019), EuroBERT-610M (Boizard
et al., 2025), NeoBERT (Breton et al., 2025) and
ModernBERT-large (Warner et al., 2025). Each
model was fine-tuned for the ternary clarity classi-
fication task using a supervised learning setup with
a task-specific classification head.

Hyperparameter selection was performed
through grid search independently for each model.
The explored search space included the following
values: learning rate ∈ [1 × 10−5, 2 × 10−5,
3× 10−5], per-device batch size ∈ [8, 16], number
of training epochs ∈ [3, 5, 10] and weight decay
∈ [0.0, 0.01]. The final configuration for each
model was selected based on its performance on
the development set.

After obtaining the optimized individual mod-
els, we conducted a systematic search to iden-
tify the best-performing ensemble configuration.
Specifically, we evaluated all possible model com-
binations ranging from pairs to the full six-model
ensemble. For each combination, we explored a
weighted soft-voting scheme where model weights
were drawn from the grid [0.0, 0.5, 1.0, 1.5, 2.0]
and subsequently normalized to sum to one.

Given a set of M models and their corresponding
normalized weights w1, . . . , wM , the final predic-
tion for a given instance is computed by aggregat-
ing the weighted class probabilities:

ŷ = argmax
c∈C

M∑

m=1

wm · Pm(c)

where Pm(c) denotes the probability assigned
by model m to class c and wm is its normalized
weight.

Each ensemble configuration was evaluated us-
ing macro-averaged F1-score on the validation
set. The final system corresponds to the combina-
tion and weight assignment achieving the highest
macro-F1 score.

We used the HuggingFace Transformers library
to perform fine-tuning for the clarity level classi-
fication subtask, formulating it as a ternary text
classification problem. Each input instance was as-
signed a single label according to the clarity level
of the answer: 0 for Clear Reply, 1 for Clear Non-
Reply and 2 for Ambiguous.

For the encoder-only models, a task-specific clas-
sification head was added on top of the encoder.
This head consists of a single linear layer applied
to the contextualized representation of the [CLS]
token, producing logits for the three target classes.
These logits were optimized using cross-entropy
loss.

Fine-tuning was carried out using the Trainer
API. Standard preprocessing steps were applied
prior to training, including tokenization of the input
texts, truncation or padding to a fixed maximum
sequence length, and dynamic batching for efficient
GPU utilization.

The tokenizer automatically handled the inser-
tion of special tokens and padding according to
the requirements of each model architecture. Since
the task was formulated as sequence-level classifi-
cation, no additional label masking or token-level
supervision was required.
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Figure 1: System architecture for the clarity level classification subtask.

4 Experimental setup

For the clarity level classification subtask, our ex-
periments were based exclusively on the training
and development sets provided by the task organiz-
ers. Table 1 shows the number of examples and
class distribution for each split.

Table 1: Clarity level classification subtask dataset dis-
tribution. Each cell reports the number of examples and
the percentage they represent.

Training Development

Total examples 3448 308
Clear Reply 1052 (30.5%) 79 (25.6%)
Clear Non-Reply 356 (10.3%) 23 (7.5%)
Ambiguous 2040 (59.2%) 206 (66.9%)

To build the final ensemble for this subtask,
we selected the four models that achieved the
highest macro-F1 scores on the development set:
RoBERTa-large, BERT-large-cased, DistilBERT-
cased and ModernBERT-large. The ensemble
weights were determined through the systematic
search procedure described in Section 3, selecting
the configuration that maximized macro-F1 on the
development split.

The optimal weighted soft-voting configuration
assigned the following raw weights (prior to nor-
malization) to each model: RoBERTa-large (1.5),
BERT-large-cased (0.5), DistilBERT-cased (2.0)
and ModernBERT-large (0.5). These weights were
subsequently normalized to sum to one and used
to aggregate the class probability distributions pro-
duced by the individual models.

Regarding hyperparameters, the following con-
figurations correspond to the best-performing set-
tings identified during the grid search procedure
described in Section 3, selected based on macro-
F1 score on the development set. RoBERTa-large

was fine-tuned for 5 epochs with a learning rate of
1 × 10−5, no weight decay and a batch size of 8.
BERT-large-cased was fine-tuned for 3 epochs with
a learning rate of 2× 10−5, no weight decay and a
batch size of 8. DistilBERT-cased was fine-tuned
for 3 epochs with a learning rate of 3 × 10−5, a
weight decay of 0.01 and a batch size of 8. Finally,
ModernBERT-large was fine-tuned for 5 epochs
with a learning rate of 3× 10−5, no weight decay
and a batch size of 8.

In addition to the hyperparameter configuration,
we provide further implementation details regard-
ing input representation and training configuration
for reproducibility. Each instance was constructed
by concatenating the question and the correspond-
ing answer into a single sequence using the format:
Question: <question> Answer: <answer>.
The resulting sequence was tokenized using the
corresponding tokenizer of each model, with trun-
cation and padding applied to a maximum sequence
length of 128 tokens.

All encoder-based models were fully fine-tuned
end-to-end using the HuggingFace Transformers
Trainer API, updating all parameters during train-
ing. No layers were frozen, and the classification
head was trained jointly with the encoder using
cross-entropy loss.

5 Results

In this section, we present and analyze the results
obtained by our top-performing submission on the
official test set. During the development phase, we
conducted multiple experiments, exploring differ-
ent fine-tuning configurations, alternative model
combinations for the ensemble and various weight-
ing strategies for aggregating model predictions in
the clarity level classification subtask. The results
discussed here correspond to the best-performing
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configuration submitted.
To better understand the contribution of the pro-

posed ensemble approach, we compare its perfor-
mance on the development set against the individ-
ual models that compose the final ensemble, as
well as an unweighted soft-voting variant of the en-
semble. Table 2 summarizes the macro-F1 scores
obtained by each model and the different ensem-
bling strategies.

Table 2: Comparison between individual models and
ensemble strategies on the development set.

Model Macro-F1 score

RoBERTa-large 0.60
BERT-large-cased 0.56
DistilBERT-cased 0.55
ModernBERT-large 0.43
Unweighted ensemble 0.63
Weighted ensemble 0.66

As shown in Table 2, the weighted ensem-
ble outperforms both the individual models and
the unweighted soft-voting variant. In particular,
it achieves an improvement of +0.06 macro-F1
points over the best-performing individual model
(RoBERTa-large) and +0.03 points over the un-
weighted ensemble. These results highlight the
benefit of combining complementary prediction
patterns across heterogeneous architectures, while
assigning differentiated importance to each model
further improves performance.

Table 3 reports the official results of the clar-
ity level classification subtask, ranked by macro-
averaged F1-score (the official evaluation metric).
Our system (tbernal) ranked 26th overall, achiev-
ing an F1-score of 0.71.

As shown in Table 3, the top-performing systems
achieved macro-F1 scores above 0.85, with the best
submission reaching 0.89. Our approach obtained
a macro-F1 score of 0.71, ranking 26th out of 41
participating systems. This positions our model
within the central performance band of the compe-
tition, clearly outperforming lower-ranked systems
while remaining below the leading approaches.

The performance gap between our system and
the top-ranked submissions (approximately 0.18
macro-F1 points) suggests that additional gains
could potentially be achieved through more sophis-
ticated modeling strategies, such as larger-scale
architectures, external data augmentation or more
advanced ensembling techniques. Nevertheless, the

Table 3: Clarity level classification subtask results, the
table shows the F1-score (evaluation metric) obtained.

Place Name F1-score

1 TeleAI 0.89
2 AsymVerify 0.85
3 CSE-UOI 0.85
4 Rasende Rakete 0.83
5 Evaluators 0.83

...
26 tbernal 0.71
27 rafsan 0.68
28 mikebeth 0.68

...
33 B&B 0.64
34 AI@UMS 0.62
35 uir_cis 0.61

...
39 Happy frogs 0.42
40 lakksh 0.31
41 yx-ym 0.28

proposed weighted soft-voting ensemble demon-
strates stable and competitive performance using
only task-provided data and standard fine-tuning
procedures. Importantly, our approach relies exclu-
sively on encoder-only models of moderate size and
does not incorporate external resources, making it
a comparatively lightweight and computationally
efficient solution.

It is important to consider the dataset character-
istics when interpreting these results. The class dis-
tribution is notably skewed toward the Ambiguous
category (approximately 60% of the training data),
which increases the difficulty of optimizing macro-
F1 score, as improvements in minority classes have
a stronger influence on the final score. In this work,
we deliberately preserve the original class distribu-
tion and do not apply explicit balancing techniques
(e.g., resampling or class weighting), in order to
reflect the natural data conditions defined by the
task and avoid introducing additional biases during
training.

In this context, the ensemble approach con-
tributes to performance stability by combining
complementary prediction patterns from heteroge-
neous architectures. The relatively higher weight
assigned to DistilBERT-cased in the optimal config-
uration further indicates that architectural diversity,
rather than model size alone, plays a meaningful
role in capturing ambiguity-related cues.
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To provide a more detailed understanding of the
system behavior, we further analyze performance
at the class level. Table 4 reports the per-class
precision, recall and F1-score obtained by the final
weighted ensemble on the development set.

Table 4: Per-class performance of the final weighted
ensemble on the development set.

Class Precision Recall F1-score

Clear Reply 0.64 0.53 0.58
Clear Non-Reply 0.69 0.48 0.56
Ambiguous 0.79 0.87 0.83

As shown in Table 4, performance varies sig-
nificantly across classes, largely influenced by the
dataset distribution. The Ambiguous class, which
represents the majority of the data, achieves the
highest performance, with an F1-score of 0.83,
supported by both high precision (0.79) and recall
(0.87).

In contrast, the Clear Reply and Clear Non-
Reply classes exhibit lower performance, with F1-
scores of 0.58 and 0.56, respectively. In particular,
both classes show reduced recall (0.53 for Clear Re-
ply and 0.48 for Clear Non-Reply), indicating that
the ensemble tends to misclassify these instances,
often predicting them as Ambiguous. This behavior
is consistent with the class imbalance present in the
dataset, where the dominance of the Ambiguous
class biases the model towards this category.

Overall, these results highlight the inherent diffi-
culty of distinguishing subtle pragmatic differences
between response types, especially in underrepre-
sented classes. They also suggest that improving
minority class recognition remains a key challenge
for future work.

6 Conclusion and Further Work

In this work, we presented our system for the Se-
mEval 2026 CLARITY shared task, focusing on
the clarity level classification subtask. Our ap-
proach is based on a weighted soft-voting ensemble
that combines four fine-tuned encoder-only trans-
former models. The final system achieved a macro-
F1 score of 0.71 on the official test set, ranking
26th out of 41 participating teams.

The results demonstrate that combining het-
erogeneous encoder-based architectures through
probability-level aggregation provides a stable and
competitive solution for determining the clarity
level of politicians’ responses in English-language

presidential debates and interviews. Despite rely-
ing exclusively on task-provided data and standard
fine-tuning procedures, the proposed ensemble
achieved solid mid-tier performance while main-
taining a relatively lightweight and computationally
efficient design.

The performance gap with respect to the top-
ranked systems suggests that clarity classification
remains a challenging problem, particularly in
cases involving Ambiguous responses. These in-
stances often exhibit subtle linguistic cues, implicit
evasion strategies or partial answers that blur the
boundary between clear replies and non-replies.
This highlights the intrinsic difficulty of modeling
ambiguity in political discourse using sequence-
level classification alone.

For future work, several directions may further
improve performance. First, incorporating larger
pretrained architectures or parameter-efficient adap-
tation techniques could enhance representational
capacity without significantly increasing computa-
tional cost (Bernal-Beltrán et al., 2025; Xu et al.,
2026). Second, exploring more advanced ensem-
bling strategies, such as probability calibration,
stacking or meta-learning approaches, may allow
for more effective aggregation of complementary
model behaviors (Malebary and Abulfaraj, 2024;
Ruder, 2017).

Finally, integrating discourse-level or pragmatic
features, such as emotional and rhetorical analysis,
potentially through multi-task learning or auxiliary
objectives, could provide deeper insight into ambi-
guity patterns beyond surface-level lexical signals
(Song et al., 2025; Pan et al., 2025). Enhancing the
system’s ability to differentiate between genuinely
clear responses and strategically ambiguous ones
is particularly relevant, since political discourse
often relies on persuasive strategies, hedging, and
emotionally charged language that may contribute
to perceived ambiguity.
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