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Abstract

We describe our system for predicting sense
plausibility in short narratives. Our approach
centers on task decomposition: instead of pre-
dicting a score directly, we break the problem
into simpler subtasks and combine their outputs.
We further improve performance by ensem-
bling complementary signals, including word
sense disambiguation and fine-tuned embed-
ding models. We also find empirical support for
the one-homonym-per-translation principle of
Hauer and Kondrak (2020a). Our best ensem-
ble system achieves competitive performance
in the official evaluation. Our code and data are
available on GitHub.

1 Introduction

This paper describes our submission to SemEval-
2026 Task 5: Rating Plausibility of Word Senses
in Ambiguous Sentences through Narrative Un-
derstanding (Gehring et al., 2026). The task is
based on the AmbiStory dataset (Gehring and Roth,
2025). Each instance in this dataset contains a short
narrative of four or five sentences. The fourth sen-
tence contains a polysemous word (“homonym”)
whose meaning is ambiguous, with two candidate
senses. The objective is to predict, on a 1–5 scale,
how plausible it is that the homonym expresses
each candidate sense in context. The task reflects
the assumption that meaning in natural language
may be graded rather than strictly categorical. The
creators of the dataset report promising results us-
ing few-shot prompting, making approaches based
on large language models (LLMs) the most widely
explored avenue for this task.

This paper extends our prior work on the theo-
retical and empirical study of relationships among
closely related semantic tasks. We have argued that
certain semantic tasks can be reduced to one an-
other under a shared framework where word mean-
ings are represented as discrete concepts (Hauer
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Figure 1: Overview of our system. The input story
is processed separately by multiple components. TD
reduces Task 5 to four binary decisions followed by
regression. Its outputs, together with those from WSD,
Story Ending, and direct LLM prompting, are combined
using a ridge regression ensemble to produce the final
plausibility score. The pie chart shows the normalized
ridge coefficients as the relative contributions of each
component, of which TD accounts for more than half.
GPT5 1Shot is omitted for clarity (see text for details).

and Kondrak, 2022). We applied such concept-
based approaches in prior SemEval tasks (Hauer
et al., 2020, 2022; Ogezi et al., 2023; Shi et al.,
2024, 2025), most notably in Hauer et al. (2021),
which leveraged translation as a signal for meaning
in the word-in-context (WiC) task. We continue
this investigation by examining whether word sense
disambiguation (WSD) and multilingual methods
can be applied to Task 5. Specifically, we posit that
Task 5 is a non-binary variant of the target sense
verification (TSV) task (Pilehvar and Camacho-
Collados, 2019), which was shown to be theoret-
ically equivalent to WSD by Hauer and Kondrak
(2022), and thus can be reduced to WSD.

Task 5 is equivalent to TSV under an assumption
known as the sender axiom (Hauer and Kondrak,
2020b, 2023). Specifically, we assume “that any
given sentence is intended by the sender to have
a single specific meaning, even if it may appear
ambiguous to the receiver.” Under this formulation,
uncertainty is not inherent to the text, but is rather
a reflection of the reader’s imperfect estimation.
Assume that we have a TSV oracle which has per-
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fect access to the sender’s true intent. The oracle
returns TRUE if word w in context C is intended
to express the sense s, and FALSE otherwise. We
can then define a reduction from Task 5 to TSV as
follows:

Task5(C,w, s) =

{
5 if TSV(C,w, s) is TRUE
1 otherwise

The exclusion of intermediate scale values follows
naturally from the presence of an oracle. Because
the oracle determines the sender’s intention with
absolute certainty, the output maps strictly to one
of the task’s two extreme labels, i.e., “the sense is
not plausible at all given the context” (score = 1)
or “the sense is the only plausible meaning given
the context” (score = 5). In practice, because the
AmbiStory dataset features intentional ambiguity
where the sender axiom may not strictly hold, our
computational models instead estimate this intent,
yielding continuous scores across the full 1-5 scale.

As established by the initial AmbiStory base-
lines, existing approaches to Task 5 and related
tasks often rely on LLMs. While LLMs achieve
WSD performance comparable to state-of-the-art
specialized systems (Meconi et al., 2025), prior
work also shows that they struggle with simple nu-
merical reasoning tasks, including magnitude com-
parison (Li et al., 2025). This limitation may pose
a significant challenge for Task 5, whose Spearman
correlation metric emphasizes the relative magni-
tude of numerical outputs. Furthermore, recent
work demonstrates that LLM performance on rea-
soning tasks is highly sensitive to question format
(Song et al., 2025) and that decomposing complex
tasks for LLM prompting improves generalization
(Khot et al., 2023).

Motivated by these observations, we address
Task 5 using an ensemble built around a task de-
composition (TD) model. Rather than asking an
LLM to directly predict a plausibility score, TD
breaks the problem into several simpler subtasks,
and combines their outputs via regression. In addi-
tion to TD, our ensemble incorporates three com-
plementary approaches: continuous WSD, fine-
tuned embeddings focused on the story ending,
and targeted prompting across multiple LLMs. To-
gether, these signals form a diverse ensemble that
captures complementary indicators of the sense
expressed in context.

We also investigate whether the principle of “one
homonym per translation” (OHPT) can serve as a

disambiguation signal in Task 5. The OHPT prin-
ciple, which was proposed by Hauer and Kondrak
(2020a), and justified theoretically in Habibi et al.
(2021), states that a truly homonymous word token
is necessarily disambiguated by its lexical transla-
tion. However, its role as a predictive signal for
downstream tasks such as WSD remains underex-
plored.

Our results show that the ensemble achieves
competitive performance, ranking second on the of-
ficial leaderboard at the time of submission. Analy-
sis shows that TD is the strongest individual compo-
nent, and that combining diverse signals improves
prediction quality. Additional experiments provide
empirical evidence that translation can serve as a
useful disambiguation cue in this setting.

2 Methods

In this section, we describe our methods for Task
5. We begin with the LLM-based approaches, first
presenting our TD method, which breaks the task
into simpler subtasks, followed by approaches that
prompt the model to predict plausibility scores di-
rectly. We then turn to systems that do not use
LLM prompting: an embedding approach, a contin-
uous WSD method, and a translation-based method
grounded in the OHPT principle.

2.1 Task Decomposition (TD)

TD attacks Task 5 by decomposing plausibility pre-
diction into simpler binary decisions to be made by
an LLM. Inspired by findings that LLMs perform
better when complex reasoning is reduced to sim-
pler subproblems (Khot et al., 2023), we employ
four prompts, each eliciting a binary decision: (1)
which of the two senses of the homonym is more
plausible in context, (2) whether it is clear which
sense is expressed, (3) whether at least one mean-
ing fits the story, and (4) whether the given meaning
is definitively correct. In addition, the zero-shot
template provided by the organizers (Gehring and
Roth, 2025) lets the model predict a plausibility
score directly. The four binary outputs are encoded
as binary features, and the plausibility response is
included as a scalar feature. Together with a binary
indicator specifying whether the instance contains
an optional ending, these features are passed to a
regression model trained on the training set, which
produces a final plausibility score in the range of
[1, 5]. The exact prompts are shown in Tables 6
and 7 in the Appendix.
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2.2 Prompt Engineering
Another approach to Task 5 is to prompt LLMs
directly (see Table 7). Since LLMs are sensitive
to prompt design (Zhao et al., 2021), we vary the
prompt format while keeping the stories and can-
didate senses fixed, in order to examine how dif-
ferent formulations affect model judgments. The
official prompt provided by the organizers mirrors
the human annotation procedure; the model rates
the plausibility of each candidate sense on a five-
point scale. We simplify the official prompt to
create a baseline setting (Base) by removing un-
necessary wording, which serves as a foundation
for constructing additional variants. A more fine-
grained scoring format (Percent) allows clearer
distinctions between interpretations. Its outputs
are linearly rescaled to match the five-point scale.
Finally, to study in-context learning (1Shot), we
prepend a fully labeled example to the test instance
(Brown et al., 2020).

2.3 Story Ending
The Story Ending model predicts plausibility by
jointly encoding the story context, candidate sense,
and story ending. This is similar to the WSD encod-
ing strategy of GlossBERT (Huang et al., 2019),
where context-gloss pairs are jointly encoded to
model compatibility between the context and a
candidate sense. Inspired by the structure of the
AmbiStory dataset, where alternative endings are
intended to support different candidate senses, we
seek to capture the interaction between the candi-
date sense and the story ending. Each input se-
quence concatenates the sense description, precon-
text, ambiguous sentence, homonym, and ending,
with a special separator token before the ending, if
present. The sequence is passed through an encod-
ing model followed by a regression head to produce
a scalar plausibility score. The model is fine-tuned
on the training set.

2.4 Word Sense Disambiguation (WSD)
Motivated by the interpretation of Task 5 as a non-
binary variant of TSV, we use continuous WSD
scores as a proxy for sense plausibility. For each
story, a WSD system assigns to each candidate
sense a probability value, which we linearly rescale
to the plausibility range [1, 5] of Task 5.

2.5 One Homonym Per Translation
In order to apply the OHPT principle to Task 5, we
translate the full instance into a target language, and

identify the lexical translation of the ambiguous
homonym using a word alignment system. If the
translation is correct and its lemma appears among
the possible translations in the lexical resources,
OHPT produces a discrete sense decision, which
can then be mapped onto the plausibility scale in
various ways.

3 Experimental Setup

In this section, we present the implementation de-
tails of our methods for Task 5, and explain how
they are combined into a unified system.

3.1 Ensemble

The final prediction is produced by an ensemble
that combines the outputs of the systems described
earlier (TD, Story Ending, WSD, and seven LLM
prompting variants) to produce a single continuous
plausibility score. Since some component models
are trained on the official training set, to avoid data
leakage, we construct and evaluate the ensemble
using only the development set. We split the de-
velopment set into training and validation subsets
using a 70/30 ratio. To preserve the plausibility
score distribution, we apply stratified sampling by
dividing the gold scores into five bins. After select-
ing the best configuration on the validation subset,
the ensemble is retrained on the full development
set.

To determine the optimal ensembling strategy,
we evaluated both ridge regression and XGBoost
(Chen and Guestrin, 2016). We performed a grid
search over the hyperparameter space of both mod-
els, measuring their performance on the validation
subset. For XGBoost, we independently varied the
combination of input systems, the learning rate, the
number of estimators, and the group size across a
set of candidate values. For ridge regression, we
tuned both the combination of input systems and
the regularization parameter, α.

We found that both models achieved comparable
performance on the validation subset. Given these
results, we selected ridge regression as our final
ensemble method for its interpretability and speed.
The grid search revealed that integrating all 10 sys-
tems listed in Table 1 yielded the best performance.
Therefore, the optimal configuration uses ridge re-
gression over these systems with a regularization
parameter of α = 10. Finally, the ensemble pre-
dictions are further adjusted using post-processing
scaling, described and ablated in Section 4.4.
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3.2 Tools and Resources

For TD, we query both GPT5 and GPT-4o from the
GPT series (OpenAI et al., 2024) of LLMs. The
resulting 10 outputs, together with the ending flag,
are ensembled with an XGBoost regressor, using
hyperparameters shown in Table 3.

For Story Ending, we fine-tune the DeBERTa en-
coder (He et al., 2021). Human ratings are linearly
adjusted to the range [0, 1] for training. Optimiza-
tion combines a regression objective with a con-
trastive loss, where normalized scores are grouped
into five bins to define positive and negative pairs.
Contrastive logits are computed using cosine sim-
ilarity between in-batch embeddings. Additional
training details can be found in Appendix A.1.

For WSD, we use ConSeC (Barba et al., 2021)
in interactive mode, which takes as input the
homonym, the relevant text, and a set of lemma-
definition pairs, and returns probabilities between
0 and 1 indicating the likelihood of each sense. We
implement a Python interface to query the model
programmatically.

For OHPT, we select Spanish as the target lan-
guage, GPT-4o as the translator (the prompt is
shown in Table 5), and SimAlign (Jalili Sabet
et al., 2020) as the word aligner. To determine
the set of possible lexical translations for each
homonym, we match the dataset’s sense description
to its most similar gloss in BabelNet (Navigli and
Ponzetto, 2012). In most cases, the string match is
exact, as both AmbiStory and BabelNet use con-
cept glosses from Princeton WordNet (Gehring and
Roth, 2025). We then retrieve the translations from
the corresponding target-language BabelNet synset,
to which we add the lemma from the translated ex-
ample sentence, if applicable.

For direct prompting baselines, we evaluate sev-
eral LLMs from different model families, including
GPT, DeepSeek (Guo et al., 2025), and Gemini
(Team et al., 2025) through their APIs. In ad-
dition, we include the fully open-source model
Qwen (Team, 2025) from HuggingFace (Wolf et al.,
2020), which allows local execution and improves
reproducibility. We use most systems with the
organizer-defined prompt, resulting in methods we
denote GPT-4o, DeepSeek, and Qwen. We query
Gemini using the Base prompt, which we refer to
as Gemini Base. Finally, we employ GPT5 with
each of our variant prompts, resulting in GPT5 Base,
GPT5 Percent and GPT5 1Shot. By varying both
prompts and model families, this setup enables us

to assess the robustness of our systems and to an-
alyze how prompt variation and model diversity
contribute to the ensemble. Specific versions of
every LLM model mentioned in this paper can be
found in Table 4.

4 Results

We evaluate our methods on the AmbiStory dataset
using the official evaluation metrics. We report the
performance of the ensemble system, its compo-
nent models, and the baselines on the validation
and test sets. We then analyze the ensemble struc-
ture, compare system variants, and present error
analysis as well as OHPT-focused experiments.

4.1 Baselines
We employ three baselines. The majority and ran-
dom baselines, both provided by the organizers,
always predict 4 and a random integer between 1
and 5, respectively. The Spearman correlation of
the majority baseline is undefined. We also define a
more frequent sense (MFS) baseline: given the pair
of senses associated with a story, it assigns 5 to the
sense that is more frequent in Princeton WordNet
(Miller et al., 1990) and 1 to the other.

4.2 Official Results
Table 1 shows the Spearman correlation results.1

TD is clearly the strongest individual component.
TD and Story Ending, both supervised systems
trained on the training set, show the largest drop
in performance from validation to test, suggesting
possible overtuning to the development set. Over-
all, the ensemble improves over the best component
system, achieving a Spearman correlation of 0.840
on the test set, comparable to the estimated hu-
man upper bound of 0.834 reported by Gehring
and Roth (2025). These results demonstrate that
combining diverse signals through ensembling is
effective for Task 5.

Performance among LLM-based methods is con-
sistently high but variable. All LLM-based ap-
proaches outperform the two non-LLM systems
(WSD and Story Ending). Among the GPT-based
methods, GPT5 Base performs best, while the
1Shot and Percent prompts slightly degrade re-
sults. While Gehring and Roth (2025) found that 4-
shot prompting improved performance on this task,
in our experiments, 1-shot prompting slightly wors-
ens results. Similarly, allowing scores in a wider

1All three evaluation metrics are reported in Table 2, with
similar conclusions.
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System Val. Test

Random 0.079 -0.014
MFS 0.142 0.098

Story Ending 0.601 0.538
WSD 0.605 0.639
DeepSeek 0.653 0.641
Qwen 0.631 0.653
Gemini Base 0.635 0.694
GPT-4o 0.743 0.724
GPT5 Percent 0.733 0.735
GPT5 1Shot 0.748 0.743
GPT5 Base 0.778 0.763
TD 0.831 0.803

Ensemble 0.843 0.840

Table 1: Spearman results on the validation and test sets.

range (0–100) does not improve performance, pos-
sibly because the base prompt explicitly anchors
the score interpretation (“3 = neither implausible
nor plausible”).

4.3 Ensemble Analysis

Figure 1 on the first page of the paper shows the
ridge coefficients learned by the ensemble.2 TD
receives the largest weight, accounting for more
than half of the total contribution. WSD and Story
Ending are assigned higher weights than most di-
rect LLM prompts, except for the strongest variant,
GPT5 Base. This indicates that the ensemble does
not simply favor the highest individual performer
but also values signals that add complementary in-
formation.

Figure 2 presents the correlations between com-
ponent outputs on the test set. The GPT5 variants
(including TD) are highly correlated with one an-
other, all above 0.75. Correlations between GPT
and other LLM families such as Qwen and Gem-
ini are lower, and correlations with our non-LLM
systems (WSD and Story Ending) are lower still.
This aligns with the ridge weights: systems that
are less correlated with the dominant GPT variants
tend to receive higher ensemble weights, suggest-
ing that diversity of signals contributes to improved
performance.

2GPT5 1Shot is excluded from the chart, as its contribu-
tion to the final ensemble is marginal at best, with a negative
coefficient of −0.030.
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Figure 2: Correlations between outputs of component
systems on the test set.

4.4 Impact of Scaling

To better align predictions with the shared task met-
rics, we apply a monotonic post-processing step
to the ensemble outputs. As shown in Figure 3,
values below 2 are moved closer to 2 and values
above 4 are moved closer to 4. The scaling strength
is tuned on the validation set. Because task accu-
racy counts predictions within one point of the gold
score, extreme values offer little benefit. Since the
transformation is monotonic, it preserves the rank-
ing of predictions and therefore does not change
Spearman correlation.

We compare three variants: integer predictions
obtained by clipping and rounding, raw float pre-
dictions, and scaled float predictions. The integer
version achieves 0.856 accuracy and 0.813 Spear-
man. The float version improves to 0.919 accuracy
and 0.840 Spearman. The scaled version, which
is our final system, further increases accuracy to
0.925 while maintaining the same Spearman score
of 0.840.

4.5 Error Analysis

Error analysis on the test set shows that many in-
correct predictions occur when annotation scores
for both candidate senses are relatively high. This
pattern became apparent during manual inspection
of 20 randomly sampled errors, defining errors
as instances that fail the official Accuracy-within-
Standard-Deviation criterion. In many of these
cases, both candidate senses have relatively high
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Figure 3: Distribution of float and scaled ensemble
predictions.

plausibility scores, with one often appearing in-
flated. This effect is especially pronounced for in-
stances where one sense is more widely used than
the alternative. For example, in a narrative where
riders examine a crop, the story concludes, “It was
an expensive brand that had clearly been bought
to impress.” The mention of an expensive brand
suggests the sense “handle of a whip”; however,
the “agricultural yield” sense received a high plau-
sibility score from annotators. We attribute this to
the fact that when a sense is presented in isolation,
as in the AmbiStory annotation process (Gehring
and Roth, 2025), it may appear plausible simply
because the rare alternative sense does not come
to mind. When both senses are contrasted, as in
our TD method, plausibility judgments may shift
downward.

Motivated by this observation, we analyze all
test-set errors programmatically. Error cases ex-
hibit higher combined human ratings across both
senses on average (3.35 vs. 3.13 for non-errors),
consistent with our qualitative observations.

4.6 OHPT Analysis

Because OHPT produces discrete sense selections
rather than continuous plausibility scores, it is not
included in our main results table. Instead, we
assess it using (1) ROC-AUC against human anno-
tations, and (2) binary sense disambiguation accu-
racy.3

We compute ROC-AUC by treating human
scores as a continuous ground truth, and OHPT
sense selections as binary predictions. Although
this reverses the typical ROC-AUC formulation,
the metric remains appropriate as it evaluates rank-
ing consistency between OHPT outputs and hu-
man annotations. We test three translation systems:
GPT-4o, Qwen, and Google Translate (translation

3This binary accuracy measure differs from the Accuracy-
within-Standard-Deviation defined by the task organizers.

details are described in Table 5). Using these sys-
tems, OHPT achieves ROC-AUC scores of 0.679,
0.623, and 0.564 respectively, outperforming ran-
dom (0.500) and MFS (0.556) baselines. GPT-
4o performs best, followed by Qwen and Google
Translate. This aligns with qualitative impressions
of translation quality, and suggests that OHPT per-
formance depends on translation accuracy.

We further test the hypothesis that when trans-
lation is correct and clearly disambiguates a sense,
OHPT will select the contextually appropriate
sense. We therefore restrict evaluation to instance
pairs that can be treated as binary decisions. Specif-
ically, we impose two conditions: (1) the in-context
translation of the homonym appears in exactly one
of the two expanded synsets, and (2) human anno-
tators also prefer one example over the other, i.e.,
ties are excluded. With our strongest translation
system (GPT-4o), 374 test instances satisfy these
criteria. Treating the sense preferred by human
annotators as gold, OHPT achieves 86% accuracy
under this binary formulation. These results sup-
port the hypothesis that OHPT is effective for sense
disambiguation.

5 Conclusion

We investigated a diverse set of approaches to Task
5. Our results show that aggregating complemen-
tary signals through a simple ridge-regression en-
semble yields highly competitive performance. In
particular, decomposing plausibility prediction into
simpler subtasks was found to be very effective,
and combining these signals with additional sys-
tems further improved results. At the time of sub-
mission, our system ranks second among the offi-
cial submissions, achieving performance compara-
ble to the reported human upper bound. Overall,
our findings reinforce the value of task decompo-
sition, signal diversity, and cross-lingual evidence
for modeling graded lexical meaning.

Future work could expand the application of
OHPT and the TD framework to a broader range
of languages and semantic tasks. It remains to be
seen how varying levels of resource availability and
morphological richness affect the performance of
these components. It would be interesting to eval-
uate them in standard WSD environments, where
the contrastive structure and graded plausibility
constraints of Task 5 are removed.
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Limitations

The task structure supports contrast-based reason-
ing but may simplify the disambiguation problem
compared to open-domain text, where the num-
ber of possible senses and contextual cues can be
less clearly defined. Human plausibility ratings are
inherently subjective, and variation among annota-
tors limits the reliability of gold scores. In addition,
the evaluation metrics likely reward predictions
within a tolerance band, which may favor moder-
ate scores over sharper distinctions. Finally, while
our primary system was developed for English, the
generalizability of these findings to more diverse
languages or domains remains to be tested.

Several assumptions were required to evaluate
the extension of the OHPT principle to this data.
Due to the binary nature of OHPT, we utilized
ROC-AUC and a restricted interpretation of accu-
racy rather than the official task metrics. Comput-
ing accuracy by restricting evaluation to cases with
a binary preference may not be reflective of real-
world contexts. Further, our investigation of OHPT
was limited to Spanish as a translation language,
and assumed the availability of high-quality transla-
tions and specific multilingual semantic resources.
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A Appendix

A.1 Story Ending Training
Each input to the DeBERTa embedding model that
forms the backbone for the Story Ending model
is formed by concatenating two segments. The
first segment contains the sense description marked
with “Sense:”, the three-sentence precontext, the
ambiguous sentence, and the homonym marked
with “Homonym:”. The second segment contains
the candidate story ending, and may be empty. So,
an input would take the format: “Sense: <sense>
<precontext> <sentence> Homonym: <homonym>
[SEP] <ending>”. Inputs are tokenized using
the associated tokenizer and passed through a
DeBERTa-v3-large encoder. The representation
corresponding to the [CLS] token is fed into a pro-
jection layer, followed by a feed-forward regression
head with GELU activation and dropout, produc-
ing a scalar plausibility score. Human plausibility
ratings on the 1–5 scale are linearly normalized to
the interval [0, 1] for training.

To reduce regression collapse toward the mean,
we augment the regression objective with a super-
vised contrastive loss. Normalized ratings are dis-
cretized into five bins using the following thresh-
olds:

bin(t) =





1 t ≤ 0.29

2 t ≤ 0.49

3 t ≤ 0.69

4 t ≤ 0.89

5 otherwise

Instances assigned to the same bin are treated as
positive pairs, while instances from different bins
are treated as negatives. Contrastive logits are
computed using cosine similarity between in-batch
embeddings. The total training objective is the
(equally weighted) sum of the regression loss (for-
matted as binary cross-entropy) and the contrastive
loss.

Model selection is performed based on
development-set mean squared error. After train-
ing, Platt scaling is applied to calibrate predicted
probabilities, and outputs are rescaled to the 1–5
range and rounded to obtain final discrete predic-
tions. Training required approximately 90 seconds
per epoch for a total runtime of about 45 minutes
over 30 epochs on an NVIDIA Quadro RTX6000
GPU with 24 GB memory.
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System Val. Test

Accuracy Spearman Average Accuracy Spearman Average

Majority Baseline 0.576 - - 0.558 - -
Random Baseline 0.497 0.079 0.288 0.445 -0.014 0.215
MFS Baseline 0.350 0.142 0.246 0.360 0.098 0.229

Story Ending 0.706 0.601 0.654 0.639 0.538 0.588
WSD 0.684 0.605 0.644 0.686 0.639 0.663
DeepSeek 0.763 0.653 0.708 0.748 0.641 0.695
Qwen 0.644 0.631 0.637 0.625 0.653 0.639
Gemini Base 0.610 0.635 0.622 0.672 0.694 0.683
GPT-4o 0.734 0.743 0.739 0.712 0.724 0.718
GPT5 Percent 0.706 0.733 0.720 0.737 0.735 0.736
GPT5 1Shot 0.734 0.748 0.741 0.763 0.743 0.753
GPT5 Base 0.763 0.778 0.770 0.789 0.763 0.776
TD 0.898 0.831 0.865 0.892 0.803 0.848

Ensemble 0.932 0.843 0.888 0.925 0.840 0.882

Table 2: System performance comparison including all three metrics.

Parameter Value

n_estimators 2000
learning_rate 0.01
max_depth 100
subsample 0.8
colsample_bytree 0.8
reg_lambda 10.0
reg_alpha 0.1
objective reg:squaredlogerror
random_state 42
n_jobs -1

Table 3: Hyperparameters for the XGBoost regressor
used in TD.

Model Source

DeBERTa deberta-v3-large
DeepSeek DeepSeek-R1
Gemini Gemini-3-Pro
GPT-4o gpt-4o-2024-11-20
GPT5 gpt-5-2025-08-07
Qwen Qwen3-14B

Table 4: Pretrained models and their exact versions.

GPT-4o / Qwen Translation Prompt

You are an expert translator.
Translate from {SOURCE_LANGUAGE} to {TARGET_LANGUAGE}.
Provide only the translation without explanations.

Google Translate

Accessed via the googletrans Python package:
https://pypi.org/project/googletrans/

Table 5: Translation methods for our experiments.
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Subtask 1 Subtask 2

You MUST answer in exactly one line.

Return ONLY:
ANSWER: 1
or
ANSWER: 2

Do NOT explain your reasoning. Do NOT output
anything else.

HOMONYM: homonym

POSSIBLE MEANINGS:
1. meaning1
2. meaning2

CONTEXT: Precontext: precontext
Sentence: sentence
Ending: ending

Which meaning (1 or 2) is more plausible?

You MUST answer in exactly one line.

Return ONLY one of:
ANSWER: CLEAR
ANSWER: AMBIGUOUS

CLEAR = One meaning is clearly more plausible.
AMBIGUOUS = Multiple meanings plausible OR insuffi-
cient evidence.

Do NOT choose meaning 1 or meaning 2.
Do NOT explain.
Do NOT output anything else.

MEANING 1:
meaning1

MEANING 2:
meaning2

CONTEXT:
Precontext: precontext
Sentence: sentence
Ending: ending

Is this CLEAR or AMBIGUOUS?

Subtask 3 Subtask 4

You MUST answer in exactly one line.

Return ONLY one of:
ANSWER: NEITHER
ANSWER: OK

NEITHER = Neither meaning is plausible in the con-
text.
OK = At least one meaning is plausible (even if both could
fit).

Do NOT explain.
Do NOT choose meaning 1 or meaning 2.
Do NOT output anything else.

MEANING 1:
meaning1

MEANING 2:
meaning2

CONTEXT:
Precontext: precontext
Sentence: sentence
Ending: ending

Does EITHER meaning fit the context?

You MUST answer in exactly one line.

Return ONLY one of:
ANSWER: CORRECT
ANSWER: NOT

Definitions:
CORRECT = The judged meaning is unquestionably
correct, guaranteed, fully supported by the context, and has
extremely high plausibility (near 100% certainty).
NOT = The judged meaning is only moderately plausible,
weakly supported, context-dependent, ambiguous, or NOT
guaranteed.

Do NOT output anything except one of the answers
above.
Do NOT justify.

CONTEXT:
Precontext: precontext
Sentence: sentence
Ending: ending

JUDGED MEANING:
meaning

Is the judged meaning GUARANTEED CORRECT?

Table 6: The prompts for each of four subtasks used in TD.
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Official

You will see a short text in which one sentence is marked with “**”. That sentence contains a
HOMONYM, a word that can have multiple meanings.
Your task: Rate how plausible the GIVEN MEANING of that homonym is IN CONTEXT.
Use this scale:
1 = Not plausible at all
2 = Weak plausibility
3 = Ambiguous / both meanings similarly plausible
4 = Mostly plausible
5 = The only plausible meaning
Return ONLY the number 1, 2, 3, 4, or 5.
HOMONYM:
{homonym}
TEXT:
Precontext: precontext
**{sentence}**
Ending: {ending}
Meaning being judged: “{meaning}”
Return ONLY a single digit (1–5). No words.

Base

You are an expert human annotator for word-sense plausibility. Your task is to judge how plausible a
given word sense would feel to a human reader in the context of a short story. Base your judgment only
on the provided story, the given sense definition, and the example. Return only the score from 1 to 5
without explanation, where:
1 = very implausible
2 = implausible
3 = neither implausible nor plausible
4 = plausible
5 = very plausible

Percent

You are an expert human annotator for word-sense plausibility. Your task is to judge how plausible a
given word sense would feel to a human reader in the context of a short story. Base your judgment only
on the provided story, the given sense definition, and the example. Return only the score from 0 to 100
without explanation, where:
0 = completely implausible
100 = completely plausible

1Shot

You are an expert human annotator for word-sense plausibility. Your task is to judge how plausible a
given word sense would feel to a human reader in the context of a short story. Base your judgment only
on the provided story, the given sense definition, and the example. Return only the score from 1 to 5
without explanation, where:
1 = very implausible
2 = implausible
3 = neither implausible nor plausible
4 = plausible
5 = very plausible
Target word: “bugs”
Story: “Anna was having a tough week. Her room was a mess, and her computer kept crashing.
Frustrated by everything going wrong, she called Jen. She asked her friend to help her get rid of the
bugs. They were crawling on the keyboard. Maybe that was the reason it didn’t work.”
Sense Definition: “general term for any insect or similar creeping or crawling invertebrate”
Sense Example: “The garden was full of bugs.”
Rating: 5
Sense definition: “a fault or defect in a computer program, system, or machine”
Sense example: “There’s a bug in the software.”
Rating: 1

Table 7: Prompt templates used for direct LLM plausibility rating. Official stands for the prompt provided by the
task organizer, while Base provides a simplified baseline version. Percent employs a finer-grained 0–100 scale to
examine the effect of scoring resolution. 1Shot extends the Base prompt with a fully labeled example to evaluate
in-context learning effects.
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