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Abstract

To assess homograph appropriateness in nar-
rative contexts for SemEval-2026 Task 5, we
propose a contrastive regression framework.
This approach combines candidate sense defi-
nitions with full narrative texts to establish an
MSE regression baseline, further enhanced by
a contextual grouping ranking loss that mod-
els relative rationality among senses. Eval-
uated on the official AmbiStory dataset, our
method consistently outperforms the baseline
in accuracy and Spearman correlation. These
results validate the efficacy of relative or-
der modeling for capturing fine-grained se-
mantic nuances in complex narratives. The
code is available at: https://github.com/
daojiaxu/Semeval2026_task5.

1 Introduction

Word Sense Disambiguation, as the core task of
natural language understanding, has always faced
challenges such as fuzzy semantic boundaries and
strong context dependence. Traditional tasks as-
sume a "unique correct solution", which differs
from the coexistence of polysemy in real language
scenarios. SemEval-2026 Task 5 (Gehring et al.,
2026)focuses on the assessment of the appropriate-
ness of homographs in narrative contexts, requiring
models to provide a 1-5 point rationality judgment
for candidate senses, which is more aligned with
human language cognition habits.

For this task, this study proposes a modeling
method based on contrastive regression: first, the
specific meanings of candidate senses are com-
bined with complete narrative texts as model in-
puts, and the semantic matching relationship is
directly modeled through the MSE regression base-
line; further, a contextual grouping and contrastive
sorting strategy is introduced to construct relative
rationality constraints between senses within the
same narrative framework, in order to enhance the

model’s ability to distinguish subtle semantic dif-
ferences. The experiment is conducted based on
the official AmbiStory dataset, aiming to verify the
added value of relative order modeling to the task
and provide new ideas for semantic evaluation in
complex contexts.

2 Related Work

Pre-trained language models (PLMs) such as
BERT, RoBERTa, and DeBERTa have become
mainstream solutions for semantic understanding
and evaluation tasks (Devlin et al., 2019; Liu et al.,
2019; He et al., 2020). The design of their training
objectives is crucial for task performance. Some
studies have achieved dual optimization of nu-
merical fitting accuracy and relative order consis-
tency by introducing margin ranking loss within
a regression framework. Word sense disambigua-
tion (WSD), as one of the core tasks of seman-
tic understanding, is considered a long-standing
challenge in Al due to the inherent ambiguity
of word senses. Traditional methods are divided
into three categories: supervised, unsupervised,
and knowledge-based, and there is still significant
room for improvement in overall accuracy (Nav-
igli, 2009). In recent years, large language models
(LLMs) have brought new breakthroughs to the
task of word sense disambiguation. Sumanathilaka
et al. combined prompt enhancement mechanisms
with knowledge bases and evaluated on the FEWS
dataset, finding that models such as GPT-4 Turbo
performed excellently. Prompt optimization can
improve disambiguation accuracy in complex sce-
narios (Sumanathilaka et al., 2024). Kaskov et al.
focused on the issue of homonym duplication in dif-
fusion models and proposed an LLM-based prompt
word expansion method, effectively reducing dupli-
cation rates and semantic ambiguity (Kaskov et al.,
2025).

In terms of evaluating the ambiguity comprehen-
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sion ability of LLMs, Keluskar et al. found that off-
the-shelf LLMs are prone to misunderstandings and
hallucinations when dealing with ambiguity issues,
but adding context and other untrained disambigua-
tion methods can effectively improve performance
(Keluskar et al., 2024). Cross-domain research has
also provided new ideas, such as Tang et al. propos-
ing a ranking-based contrastive loss function (RCL)
to optimize recommendation systems (Tang et al.,
2023), and Setitra et al. integrating deep models
with LLMs to enhance visual polysemy and word
sense disambiguation performance (Setitra et al.,
2025). Large language models are prone to hallu-
cinations due to ambiguous understanding biases.
The LI framework proposed by Oxford University
can accurately detect such hallucinations and as-
sess the reliability of model outputs by tracking the
flow of information at each layer(Kim et al., 2025).

Contrastive learning is a self-supervised repre-
sentation learning method that trains models by
distinguishing between similar and dissimilar sam-
ples, and has demonstrated excellent performance
across multiple domains(Hu et al., 2024). Zhang
Jing and others proposed the LA-UCL framework,
which introduces a large language model to en-
hance contrastive learning for text classification
with limited samples. Through self-enhancement
and external enhancement modules, it improves
discrimination and mitigates overfitting, achiev-
ing experimental results superior to the baseline
model (Zhang et al., 2024). Xu Xiaodan and oth-
ers proposed the CodeGPTSensor model, which
is based on a contrastive learning framework and
UniXcoder semantic encoder, and outperforms ex-
isting baselines (Xu et al., 2025).

Overall, pre-trained language models have be-
come a core driving force for semantic understand-
ing and evaluation tasks, demonstrating great po-
tential in scenarios such as word sense disambigua-
tion and ambiguous question answering. Future re-
search can further explore directions such as cross-
domain knowledge fusion and efficient prompt
learning to enhance the model’s understanding and
processing capabilities in complex semantic sce-
narios.

3 Task and Dataset

SemEval 2026 Task 5 focuses on the semantic ra-
tionality scoring of homographs in narrative con-
texts, requiring the model to provide a relevance
judgment on a scale of 1-5 for candidate senses

Data Sample

homonym bugs
judged general term for any insect or similar \%ug(
meaning creeping or crawling invertebrate.
a.  Anna was having a tough week.
b, Her room was a mess, and her computer kept
precontext crashing.
c.  Frustrated by everything going wrong, she
called Jen.
She asked her friend to help her get rid of
sentence the bugs.
. They were crawling on the keyboard.
ending Maybe that was the reason it didn't work.

[ Posibility of “bugs” meaning |
&5 &5 &1 A2 A5

( nonsensical |

3.6
1.94

2 false B false B false & false 8, false

|f example sentence W ‘ The garden was full of bugs.

Figure 1: data sample

of the target word. Unlike traditional word sense
disambiguation tasks that assume a "unique correct
solution", this task is more closely aligned with
real-life language scenarios, allowing for multiple
reasonable interpretations of word senses within
the same context.

The experiment utilizes the official AmbiStory
dataset, which comprises five short stories consist-
ing of three background sentences, one ambiguous
sentence, and an optional ending. The data sam-
ple is shown in Figure 1. The core fields of each
sample include:

a) Description of candidate senses
(judged_meaning), clarifying the spe-
cific meaning of the target word being
evaluated.

b) Narrative context fields (precontext, sentence,
ending) jointly constitute a complete narrative
logic.

¢) For annotation data, the training/dev set con-
tains the scoring lists (choices) and their aver-
age scores (average) from at least 5 annotators,
while the test set does not contain annotation
information.

To directly model the matching relationship be-
tween candidate senses and contexts, we construct
the input as a sentence pair: (judged_meaning,
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full_context), where full_context is the concate-
nated text of precontext+sentence+ending, and the
maximum input length is set to 512. This design
allows the model to simultaneously capture the
semantic features of senses and contextual informa-
tion, enabling precise judgment of the rationality
of senses in a specific narrative.

4 Methods

4.1 MSE regression baseline

The baseline treats SemEval 2026 Task 5 as a re-
gression problem, adopting the classic architecture
of attaching a regression head on top of a pre-
trained encoder. During the training phase, the
mean squared error (MSE) is used as the loss func-
tion to fit the average of the manually annotated
scores for the samples. The input is constructed as
a sentence pair combining the specific meaning of
the candidate senses with the complete narrative
text. After encoding with pretrained models such
as DeBERTa-v3-large, a single output regression
layer is used to predict continuous scores, while
monitoring indicators such as Spearman correlation
coefficient and accuracy to evaluate model perfor-
mance.

In the inference stage, the continuous prediction
values output by the model need to be converted
into discrete scores that meet the requirements. The
specific conversion formula is as follows:

a) Round to the nearest whole number:
Jround = round () (1
b) Truncate to the interval [1,5]
Yfinal = clip(Jround; 1, 5) (2)

The final result is output in JSONL format, with
each line containing the sample ID and a prediction
result ranging from 1 to 5, in the format of {"id":
"...", "prediction": 1..5 } . This method directly
models the degree of matching between senses and
contexts, fits the overall trend of human subjective
scoring through a regression task, and provides a
basic benchmark model for the task.

4.2 Contextual grouping, comparison, and
sorting enhancement

In response to the characteristic of multiple can-
didate senses corresponding to the same narrative
context in tasks, we propose a context grouping and

comparative sorting enhancement strategy. Sam-
ples sharing the same precontext+sentence+ending
are divided into the same context group. During
training, paired samples are sampled from within
the same group to construct sorting constraints,
guiding the model to learn the relative rationality
relationships between senses.

Loss function design: Let the model outputs of
two samples within the same group be denoted as
s; and s;, and their corresponding average human
annotations as y; and y;. Define the ranking ob-
jective as t = sign(y; — y;) € {+1, —1}, where
t=+1 ifyi > Y andt = —1 ifyi < Yj. Note
that when y; = y;, the sample pair is masked out
and does not contribute to the ranking loss, which
avoids degenerate gradients that would arise from
a zero-valued target. The margin-ranking loss is
employed:

Lk = max(0,m —t - (s; — s5)) 3)

Where m represents the margin hyperparameter.
The final loss function is a weighted combination
of regression loss and ranking loss:

L= Lmse + A Lrank (4)

Where A represents the contrastive loss weight
(contrastive_weight). In implementation, mask pro-
cessing is applied to paired samples where y; = y;,
since such pairs yield ¢ = 0 (i.e., no valid ranking
direction) and would produce degenerate zero gra-
dients. Excluding these pairs avoids introducing
invalid ranking signals and effectively enhances the
model’s fine-grained differentiation ability for the
rationality of senses.

S Experiment Setup

5.1 Training configurations

This section reports the key configurations that are
consistent with the warehouse script (see the code
link for specific implementation). All experiments
were conducted on a single NVIDIA GeForce RTX
4090 GPU. The training configuration is shown in
Table 1.

The contrastive learning experiment consistently
employs DeBERTa-v3-large as the base model to
ensure fairness and comparability with the baseline
experiment. During training, intermediate check-
points are automatically cleaned up to conserve
storage space. The final prediction results are saved
in JSONL format, and evaluation metrics are calcu-
lated using the official scoring.py script.
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Configuration item

Parameter value

Maximum input length

512

Optimizer and learning rate

AdamW,2e — 5,weight decay 0.01

Batch size and gradient accumulation

per-device batch size 4,gradient accumulation 4

Mixed precision

fp16 (automatically enabled when GPU is available)

Training epochs:

8 epochs

Evaluation strategy:

Evaluate every 0.5 epochs and save the optimal checkpoint

Model selection basis

Development set Accuracy (metric_for_best_model)

Logging system

SwanLab (records training process and evaluation metrics)

Table 1: Training configurations

5.2 Contrastive learning model structure

Our model builds on DeBERTa-v3-large as a shared
encoder with a dual-input branch structure. At
the input layer, samples sharing the same nar-
rative context (precontext, ambiguous sentence,
and optional ending) are grouped, and contrastive
pairs are formed from different word-sense candi-
dates within each group, creating “sense descrip-
tion + full context” input pairs. These pairs are
encoded by the shared DeBERTa encoder, whose
disentangled attention captures deep sense—context
associations and produces fixed-dimensional rep-
resentations after pooling. The output layer ap-
plies a regression head to predict continuous ap-
propriateness scores, and optimizes via margin-
ranking contrastive loss on paired-sample score
differences, guiding the model to distinguish fine-
grained sense appropriateness under the same con-
text. This shared-encoder design enables efficient
cross-sample transfer by unifying contrastive learn-
ing with regression. The architecture is illustrated
in Figure 2.

6 Results

Our system achieved 20th place in the official
SemEval-2026 Task 5 leaderboard. The follow-
ing subsections detail the experimental results and
analysis.

6.1 Baseline results

The experimental results show that DeBERTa-v3-
large significantly outperforms other baseline mod-
els in both accuracy (70.75%) and Spearman corre-
lation coefficient (0.5934), demonstrating stronger
semantic understanding and ranking capabilities.
The results are shown in Table 2. Our project’s
performance on the test set is as follows: Spearman
Correlation 0.533 and Accuracy 0.688.

Data Input and Preprocessing Layer

sentence -

g

Dynamic sample pair construction

precontext - ending

\ J

5" DeBERTa Tokenizer

Model Encoding Layer

£" DeBERTa-v3-large
a" Sy

| Main sample branch | | Paired sample branches J

Pooling Layer

Output and loss calculation layer
Classification Head

. RV
__Main Predicted Value

Lossyge 0 LOSSqu=L0SSyse th' L0SSpagine S LOSSRaning

. <
Paired Predicted Value y

Figure 2: Model Structure

Model Name Accuracy | Spearman
deberta-v3-large 0.7075 0.5934
roberta-base 0.6327 0.4285
bert-base-uncased 0.6241 0.3581
deberta-v3-base 0.6224 0.3616
roberta-large 0.5748 0.0254
bert-large-uncased | 0.5272 -

Table 2: Performance Comparison of Baseline Models

6.2 Hyperparameter tuning for contrastive

sorting
We perform a grid search over two
key hyperparameters: margin €

{0.1,0.2,0.3,0.5,0.7,1.0,1.5} and contrastive
weight € {0.1,0.2,0.3,0.5,0.7,1.0,1.5}. Ta-
ble 3 shows the two best configurations on the
development set.

A large margin (1.5) paired with a small con-
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Optimization objective | Optimal configuration | Accuracy | Spearman | Baseline improvement
Accuracy margin=1.5, weight=0.2 | 0.7228 0.5854 +1.53%
Sorting ability margin=1.5, weight=0.1 | 0.7211 0.6144 +3.54%

Table 3: Optimal configuration

Hyperparameter Tuning: Accuracy
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Figure 3: tune heatmap accuracy

Hyperparameter Tuning: Spearman
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Figure 4: tune heatmap spearman

trastive weight (0.1-0.2) yields the best results, im-
proving accuracy by 1.53% and Spearman correla-
tion by 3.54% over the DeBERTa-v3-large baseline.
The full tuning landscape is visualized in Figures 3—
5.

7 Discussion and Analysis

This study validates the efficacy of modeling se-
mantic matching by pairing sense descriptions with
narrative contexts. While DeBERTa-v3-large es-
tablishes a robust performance benchmark, our
proposed contextual grouping contrastive loss fur-
ther yields consistent improvements in both accu-
racy and Spearman correlation. This highlights

Tuning Runs: Accuracy vs Spearman
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Figure 5: tune scatter accuracy VS spearman

the value of relative order modeling in mitigating
discretization errors within shared narrative frame-
works.

The divergence in optimal parameters for accu-
racy versus Spearman correlation underscores the
task’s complexity: the former prioritizes absolute
point-to-point matching, while the latter empha-
sizes global ranking consistency. Future research
should explore multi-objective optimization to bet-
ter align loss functions with these dual require-
ments. Additionally, integrating LLM-based com-
monsense reasoning and prompt engineering re-
mains a promising avenue for enhancing semantic
evaluation in complex narrative scenarios.
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