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Abstract

We describe our system for SemEval-2026 Task
5, which requires rating the plausibility of given
word senses of homonyms in short stories on
a 5-point Likert scale. Systems are evaluated
by the unweighted average of accuracy (within
one standard deviation of mean human judg-
ments) and Spearman Rank Correlation. We
explore three prompting strategies using mul-
tiple closed-source commercial LLMs: (i) a
baseline zero-shot setup, (ii) Chain-of-Thought
(CoT) style prompting with structured reason-
ing, and (iii) a comparative prompting strat-
egy for evaluating candidate word senses si-
multaneously. Furthermore, to account for the
substantial inter-annotator variation present in
the gold labels, we propose an ensemble setup
by averaging model predictions. Our best offi-
cial system, comprising an ensemble of LLMs
across all three prompting strategies, placed
4th on the competition leaderboard with 0.88
accuracy and 0.83 Spearman’s ρ (0.86 average).
Post-competition experiments with additional
models further improved this performance to
0.92 accuracy and 0.85 Spearman’s ρ (0.89
average). We find that comparative prompt-
ing consistently improved performance across
model families, and model ensembling signifi-
cantly enhanced alignment with mean human
judgments, suggesting that LLM ensembles are
especially well suited for subjective semantic
evaluation tasks involving multiple annotators.

1 Introduction

The task of word sense disambiguation (WSD)
refers to determining the correct sense of a homony-
mous word in context. In naturally occurring dis-
course such as narratives, however, multiple senses
of a homonym may be plausible. Human interpre-
tations in such cases often reflect graded prefer-
ences rather than a singular objective choice. To
address this, Gehring and Roth (2025) introduced
AmbiStory, a dataset in which a target sentence

is constructed to be ambiguous while surround-
ing sentences provide indirect cues that shift the
relative plausibility of competing senses. Anno-
tators then assigned plausibility ratings on a 1–5
Likert scale, allowing multiple senses to receive
non-zero support. SemEval-2026 Task 5 (Gehring
et al., 2026) builds on this dataset. Given a story
context with a target homonym and a candidate
sense, systems must predict plausibility ratings on
the same 5-point scale as human annotators: 1 (im-
plausible), 2 (less plausible than other senses), 3
(one of several equally plausible senses), 4 (more
plausible than other senses), and 5 (only plausible
sense). Evaluation uses the average of two metrics:
accuracy within one standard deviation of the mean
human judgment, and Spearman correlation.

We explore three prompting strategies using six
closed-source LLMs for this task: (i) a zero-shot
baseline, (ii) Chain-of-Thought (CoT) prompting
with structured intermediate reasoning, and (iii)
comparative prompting that jointly scores compet-
ing senses using a single prompt. To address the
significant annotation variation in the gold human
ratings, we further propose an LLM ensemble that
aggregates predictions from different models and
prompting strategies via unweighted average. Our
best official submission ranked 4th with an aver-
age score of 0.86 (0.88 accuracy, 0.83 Spearman’s
ρ); adding four additional models post-competition
improved this to 0.89 (0.92 accuracy, 0.85 Spear-
man’s ρ). On the development set, we find that
comparative prompting consistently outperformed
the zero-shot baseline and CoT strategies. Finally,
ensembles produced superior performance to indi-
vidual models in general, with ensembles of small
models often aligning better with aggregated hu-
man judgments than larger, more capable models.

Our contributions are threefold. First, we evalu-
ate three prompting strategies using a total of ten
LLMs across three model families for predicting
graded sense plausibility in narrative contexts. Sec-
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ond, we show that evaluating competing senses
jointly in a single comparative prompt generally
improves performance relative to a zero-shot base-
line, while Chain-of-Thought prompting does not.
Third, we also demonstrate that simple LLM en-
sembling significantly improves alignment with ag-
gregated human judgments in a task characterized
by substantial annotation variation.

The remainder of this paper is structured as fol-
lows. Section 2 first provides a background on
word sense disambiguation and LLM-based ap-
proaches. Section 3 describes the task and dataset.
Section 4 presents our prompting strategies and en-
semble method. Section 5 reports development and
test results, including post-competition improve-
ments. Finally, Sections 6 and 7 discuss findings
and limitations.

2 Related Work

Early work on word sense disambiguation (WSD)
treated sense interpretation as single-label clas-
sification over lexical resources such as Word-
Net (Miller, 1995), with systems evaluated on
recovering one correct sense per token in con-
text (Navigli, 2009; Bevilacqua et al., 2021). Par-
allel work on graded word sense annotation and
WSD evaluation instead allowed annotators to dis-
tribute applicability over multiple senses, challeng-
ing the assumption of a single best-fitting sense
and providing evaluation schemes that directly tar-
get graded plausibility (Erk and McCarthy, 2009;
Jurgens, 2012). More recent WSD methods re-
lied on contextualized encoders such as BERT
and gloss-aware architectures, but still typically
assumed discrete sense decisions rather than mod-
eling graded plausibility across competing read-
ings (Hadiwinoto et al., 2019; Loureiro et al., 2021).
Recent studies have also evaluated prompting-
based and instruction-tuned large language models
directly on standard WSD benchmarks, showing
that carefully designed prompts can match or ap-
proach the performance of dedicated WSD sys-
tems while maintaining greater flexibility in how
senses are represented (Sumanathilaka et al., 2024;
Meconi et al., 2025). AmbiStory (Gehring and Roth,
2025) extended WSD to narrative contexts where
multiple senses can remain simultaneously plausi-
ble and human ratings exhibit substantial variation
even within a single story. In contrast to earlier
narrative benchmarks (Mostafazadeh et al., 2016),
AmbiStory considered under-specification and dis-

agreement as central phenomena rather than noise,
aligning with broader work that treats ambiguity
and disagreement in semantic annotation as infor-
mative signals rather than annotation error (Pavlick
and Kwiatkowski, 2019).

Prompting-based LLM methods offer a flexible
alternative to WSD-specific architectures. Chain-
of-Thought (CoT) prompting in particular has been
shown to improve multi-step reasoning by elicit-
ing intermediate rationales across multiple bench-
marks (Wei et al., 2022). However, prior CoT
work commonly assumed objective ground-truth
labels, leaving it unclear how structured reasoning
interacts with subjective, graded judgments such as
those in AmbiStory. Meanwhile, a growing body of
work on LLM-as-a-judge frameworks has explored
pairwise or list-wise comparisons as alternatives
to absolute scoring for evaluating open-ended out-
puts (Li et al., 2025; Lu et al., 2024; Zhou et al.,
2024). This line of work suggests that relative
preference judgments are often more reliable than
direct scoring, motivating comparative prompting
schemes in which models assess competing in-
terpretations to make more informed judgments.
Finally, ensemble-style approaches and sampling-
based strategies aggregate multiple LLM outputs to
reduce variance and improve reliability over single-
pass decoding (Dietterich, 2000; Wang et al., 2022).
While these methods implicitly approximate dis-
tributions over reasoning paths, they have rarely
been applied to explicitly model human disagree-
ment over linguistic interpretations, despite grow-
ing evidence that such disagreement persists even
under carefully controlled conditions (Pavlick and
Kwiatkowski, 2019).

3 SemEval-2026 Task 5

The task uses the AmbiStory dataset (Gehring and
Roth, 2025), comprising 3,798 samples across 633
setups, where each setup features a target homonym
embedded in an ambiguous short story consisting
of either four (open-ended) or five (ended) sen-
tences. For each setup, there are three story vari-
ants: one open-ended version without an ending
sentence and two ended versions, each tailored to
one of the two candidate senses. Combining the
three ending variants with the two candidate senses
yields exactly six samples (3×2 = 6) per setup and
3,798 samples in total. Word sense pairs where one
sense involves a different part of speech than the
other or requires a specific particle were removed.
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Model Accuracy Spearman ρ Average Score

Zero-shot CoT Comp. Zero-shot CoT Comp. Zero-shot CoT Comp.

gpt-5-nano .72 .68 .82 .76 .66 .77 .74 .67 ↓ .80 ↑
gpt-4.1-mini .72 .73 .74 .68 .75 .74 .70 .74 ↑ .74 ↑
gemini-2.5-flash .69 .62 .71 .75 .73 .76 .72 .67 ↓ .73 ↑
gpt-4o-mini .72 .61 .75 .70 .62 .69 .71 .61 ↓ .72 ↑
gemini-2.0-flash .59 .61 .68 .64 .68 .70 .61 .65 ↑ .69 ↑
gemini-2.5-flash-lite .65 .53 .64 .59 .55 .65 .62 .54 ↓ .64 ↑
gpt-5-mini∗ .83 .71 .80 .80 .79 .80 .81 .75 ↓ .80 ↓
Deepseek-v3.2∗ .77 .81 .82 .76 .76 .75 .76 .78 ↑ .79 ↑
gpt-5.1∗ .76 .73 .78 .78 .79 .78 .77 .76 ↓ .78 ↑
gpt-4o∗ .74 .71 .77 .71 .77 .74 .72 .74 ↑ .75 ↑
Average (All Models) 0.72 0.67 0.75 0.72 0.71 0.74 0.72 0.69 ↓ 0.74 ↑

Table 1: Individual model performance under different prompting strategies on the development set. Arrows (↑, ↓)
indicate changes relative to the zero-shot prompting strategy. The horizontal divider separates models used only in
post-competition experiments, marked with (*).

Gold plausibility ratings are averages of 5–6 hu-
man annotations per sample, where annotators rate
word senses on a 5-point Likert scale given the
setup. Inter-annotator agreement, measured us-
ing Krippendorff’s α, is 0.506, and the average
standard deviation per sample is σ = 0.946. The
dataset is split into a labeled training set (2,280
samples), a development set (588 samples), and an
unlabeled test set (930 samples). Test set labels
were made available post-competition. Notably,
homonyms do not appear across multiple splits,
i.e., a homonym that appears in test data, for ex-
ample, does not appear in training or development
set.

Given a target homonym, story context, and can-
didate sense, systems must predict a plausibility
score between 1 and 5. Performance is measured
by the unweighted average of two metrics: (i) Accu-
racy within Standard Deviation, i.e., the proportion
of predictions within one standard deviation of the
mean human ratings, and (ii) Spearman correlation
between predictions and mean human ratings.

4 Approach

We evaluated three prompting strategies together
with an ensemble method that averages predictions
across models and prompting strategies. In our
initial experiments, we used three GPT models and
three Gemini models1. Following the competition,
we extended our experiments with four additional
models2. During system development, we relied

1gpt-4o-mini, gpt-4.1-mini, gpt-5-nano,
gemini-2.0-flash, gemini-2.5-flash, and
gemini-2.5-flash-lite.

2gpt-4o, gpt-5-mini, gpt-5.1, and deepseek-v3.2.

exclusively on the development set and did not
use the larger training set due to cost and time
constraints.

4.1 Prompting Strategies

Zero-shot prompting: We first established a zero-
shot prompting setup as a baseline that closely fol-
lows the prediction prompt described by Gehring
and Roth (2025) with a few modifications. Notably,
we did not include few-shot examples in the prompt
(Appendix A). The authors report mixed effects of
few-shot examples and note that they may even de-
grade performance for some models (e.g., gpt-4o
and gpt-4o-mini). Omitting examples also re-
duced context length and inference cost, which is
particularly beneficial in our multi-model evalu-
ation and ensembling setting. We also required
models to output a brief justification for their plau-
sibility judgments in a structured JSON format. We
used all models at their default temperature values.

Chain-of-Thought prompting: We adopted
a structured Chain-of-Thought (CoT) prompting
strategy that decomposes the plausibility judgment
into five explicit reasoning steps (Appendix B) with
the goal of performing a step-by-step evaluation
of word senses. We guided the model to (1) char-
acterize the overall context type (e.g., open-ended
vs. ended, domain/topic), (2) analyze the gram-
matical and syntactic role of the target word, (3)
assess semantic fit between the proposed sense and
the setup and ending (if present) of the story, (4)
enumerate plausible alternative senses and contrast
them against the candidate meaning, and (5) assign
a final rating on the plausibility scale of 1–5. We
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Figure 1: Distribution of word sense plausibility scores
by human in development and test data in percentage

designed this intermediate reasoning framework to
reduce “first-interpretation” bias by requiring ex-
plicit reflection on competing senses, even when
one interpretation initially appears obvious. How-
ever, this approach did not surpass baseline perfor-
mance on the development set for six of the ten
models (Table 1). The task’s subjective, human-
perceived plausibility judgments likely limit the
benefits of CoT, as step-by-step reasoning can steer
models toward overly analytical interpretations that
diverge from human intuitions.

Comparative prompting: AmbiStory annotates
word senses on a 5-point Likert scale where score
definitions are comparative in nature (e.g., “less
plausible than other meanings”, “one of many simi-
larly plausible meanings”). Moreover, as discussed
in Section 3, there are two different narrative end-
ings (excluding the open-ended variant) for each
story setup where each ending is deliberately con-
structed to increases the plausibility of one of the
two candidate senses of the target homonym. This
makes comparative judgment intrinsic to the task
as plausibility is defined relative to competing in-
terpretations and contexts that bias one sense over
the other. Evaluating a single sense in isolation
risks overlooking this insight, as the model may
not explicitly consider the other competing sense
of the word. Therefore, we adopted a compara-
tive prompting strategy (Appendix C), where we
presented both candidate senses together as two
options to the model for each (homonym, context,
ending) combination. We then asked the model
to assign a plausibility score (1–5) to each op-
tion, along with brief justifications. This design
encourages explicit comparison between compet-
ing senses and aligns model inference with the

Ensembles Accuracy ρ Average

Ezeroshot 0.86 0.79 0.83
ECoT 0.80 0.78 0.79
Ecomp 0.87 0.81 0.84
Eall 0.89 0.84 0.87

Including post-competition models:
Ezeroshot 0.91 0.84 0.88
ECoT 0.86 0.84 0.85
Ecomp 0.89 0.83 0.86
Eall 0.93 0.86 0.89

Best individual model (for reference):
gpt-5-mini(zeroshot) 0.83 0.80 0.81

Table 2: Performance summary of different LLM en-
sembles on development data.

comparative nature of the annotation scheme. This
strategy yields the strongest overall performance
on the development set compared to the baseline
and CoT strategies (Table 1). These results are
further discussed in Section 5.

4.2 LLM Ensemble

A key challenge of this task is the substantial an-
notation variability in the gold human judgments.
Gehring and Roth (2025) reports a relatively low
inter-annotator agreement (Krippendorff’s α =
0.506) while the average per-sample standard devi-
ation (σ = 0.946) is high for a 5-point scale. This
is further reflected in the distribution of per-sample
range (max rating - min rating) in gold annotations
(Figure 1), showing that roughly 65% of samples
across development and test data have a range ≥2.
Figure 1 also shows that in 17-18% of samples,
human annotators assigned both 1 (The meaning
is not possible at all) and 5 (The meaning is the
only plausible meaning) ratings to the same sense
of a homonym in the same story setup. The official
“accuracy” metric partially acknowledges this vari-
ability by crediting predictions that fall within one
standard deviation of the mean human rating. How-
ever, this tolerance does not eliminate the ambigu-
ity completely. For example, if the human ratings
are (1,1,4,4,5; range=4) or (2,3,3,4,5; range=3),
then the 1-standard-deviation tolerance excludes
ratings such as 1, 2, and 5, even though each is
supported by at least one human annotator.

Based on these observations, we propose that
a single model may struggle to reproduce mean
human judgment in a multi-annotator setup, espe-
cially when the judgments are highly subjective.
We therefore experiment with aggregating model
predictions across multiple LLMs via unweighted
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Team Accuracy ρ Avg.

SRCB (1st) 0.93 0.86 0.89
COGNAC (4th) 0.88 0.83 0.86

Eall (post-competition) 0.92 0.85 0.89

Table 3: Our (COGNAC) performance on test data:
official submission and post-competition improvements.

average. We construct three ensembles Ezeroshot,
ECoT , and Ecomp by aggregating all model predic-
tions within individual prompting strategies (§ 4.1).
In addition, we construct a fourth ensemble Eall

that aggregates predictions of all models across all
strategies.

5 Results

5.1 Individual LLM Performance

Our development set experiments are summa-
rized in Table 1. Comparative prompting outper-
formed both zero-shot and CoT strategies across all
six models during competition, with gpt-5-nano
achieving the highest average score of 0.80 (0.82
accuracy, 0.77 ρ). Post-competition experiments
with four additional models further improved
single-model performance. While comparative
prompting remained the better strategy for 9 out of
10 models, the best individual result across all 30
(10 models×3 strategies) combinations was 0.81
(0.83 accuracy, 0.80 ρ) from gpt-5-mini under
the baseline prompt. We also noticed that CoT per-
formed significantly better in the larger reasoning
models (e.g., deepseek-v3.2, gpt-5.1).

5.2 Ensemble Performance

Table 2 summarizes ensemble performance on the
development set. The ensemble Eall, which aver-
ages predictions across all models and strategies,
achieved the best score of 0.87 (0.89 accuracy, 0.84
ρ). Post-competition models further improved the
average score of Eall to 0.89 (0.93 accuracy, 0.86
ρ). Although ECoT remained the weakest ensem-
ble, it showed significant improvement with the
inclusion of larger reasoning models.

Figure 2 shows how Eall conforms to the
human judgment area (mean ± 1-stdev) much
better than even the best individual model
gpt-5-mini. Notably, we find an ensemble of
even the three weakest models in our experiments
(gemini-2.0-flash, gemini-2.5-flash-lite,
gpt-4o-mini) still reached an average score of
0.812 on the development data, rivaling the best
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Figure 2: Model predictions vs. human ratings (mean
± 1 stdev) on test data. Eall (10 LLMs) aligns better
than the best individual model (gpt-5-mini).

single-model performance. We release an interac-
tive dashboard3 with all possible model combina-
tions on both development and test sets to facilitate
further exploration of ensemble performance.

We submitted the ensemble Eall with the initial
six LLMs to the competition, which placed 4th on
the leaderboard. Performance of this submission
along with post-competition improvements on the
test data are shown in Table 3.

6 Discussion and Conclusion

We analyze LLM capabilities for predicting hu-
man plausibility ratings of homonymous words in
challenging narrative contexts using ten LLMs and
three prompting strategies. Comparative prompt-
ing, which jointly evaluates competing senses, con-
sistently outperforms zero-shot baselines across
model families, while CoT provides limited gains.
Our most noteworthy contribution is demonstrating
the effectiveness of model ensembling for predict-
ing mean human judgments in high-variance, multi-
annotator settings, with even small-model combina-
tions rivaling top individual performances. Our offi-
cial submission ranked 4th with 0.86 average score
on the leaderboard, with post-competition scaling
improving results to 0.89, which is on par with
the top leaderboard position. We also make avail-
able our results via a public dashboard that enables
further exploration of ensemble performances.

3https://otpid.github.io/
cognac-semeval-2026-5-dash/
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7 Limitations

Our system relies entirely on closed-source com-
mercial LLMs, which limits reproducibility and
accessibility due to API costs. These constraints
also affected our experimental design, preventing
us from using the larger training dataset. In ad-
dition, we did not explore parameter fine-tuning
despite the availability of labeled data. We also did
not experiment with varying model temperatures
to assess how different levels of output stochas-
ticity influence individual model performance and
ensemble behavior. Finally, our system relies on
ensembling across multiple models and prompting
strategies, which increases inference-time compute,
latency, and operational cost, making the system
less practical in resource-constrained settings.
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A Zero-shot Prompt Template

Prompt template used in the zero-shot prompting
strategy.

Determine how plausible a meaning
of a word is in the context of a
short text. You will see a short
text in which one sentence is marked
with "**". That sentence contains
a word that can typically take
on multiple different meanings,
depending on the context. You will
be given one such meaning.

Your task is to determine a score
between 1-5 judging the plausibility
of the given meaning:
1 (The given meaning is not
plausible at all given the context.)
2 (The given meaning is
theoretically conceivable, but less
plausible than other meanings.)
3 (The given meaning represents one
of multiple, similarly plausible
interpretations.)
4 (The given meaning represents
the most plausible interpretation;
other meanings may still be
conceivable.)
5 (The given meaning is the
only plausible meaning given the
context.)

Provide a short reasoning behind
your score. Output should be a
valid JSON string like this:

{ "answer" : (number between 1 to
5),
"reason" : (a short explanation) }

B Chain-of-Thought Prompt Template

Prompt template used in the Chain-of-Thought
prompting strategy.

You are an expert at understanding
word meanings in context. Evaluate
the plausibility of a word meaning
in context.

=== STORY ===
{precontext + context + ending}
=== EVALUATION ===
Word: {word}
Proposed Meaning: {definition}.
Example: {example}

**Rating Scale:**
1 = Not plausible at all given the
context
2 = Conceivable but much less
plausible than other meanings
3 = One of multiple equally
plausible interpretations
4 = The most plausible
interpretation; other meanings
still conceivable
5 = The only plausible meaning
given the context

=== REASONING FRAMEWORK ===
Step 1 - Identify Context Type:
- Is this story open-ended (no
clear resolution) or ended (clear
resolution)?
- What domain/topic is the story
about?

Step 2 - Analyze Word Usage:
- How does the sentence structure
constrain the word’s meaning?
- What grammatical role does
"{word}" play?

Step 3 - Evaluate Semantic Fit:
- Does this meaning align with the
precontext setup?
- If there’s an ending, does it
support or contradict this meaning?
- Rate semantic fit: Poor / Moderate
/ Good / Excellent

Step 4 - Consider Alternatives:
- What other meanings of "{word}"
could apply here?
- How does the proposed meaning
compare to the most likely
alternative?

3335



Step 5 - Final Rating:
Based on the above analysis, rate
on 1-5 scale.

Format your response in JSON:

{ "context": [1 sentence],
"semantic_fit":
[Poor/Moderate/Good/Excellent],
"alternatives": [brief note on
other possible meanings],
"rating": [1-5] }

C Comparative Prompt Template

Prompt template used in the comparative prompt-
ing strategy.

A word can have multiple meanings.
For example: the word "{word}" can
have the following two meanings:

Option a: {Meaning 1}, as in the
sentence: {Example 1}
Option b: {Meaning 2}, as in the
sentence: {Example 2}

In the sentence "{sentence}", in the
following paragraph:
{precontext + sentence + ending}

Judge the plausibility of both
options in a score from 1-5:
1: (The meaning is not plausible at
all given the context.)
2: (The meaning is theoretically
conceivable, but less plausible
than other meanings.)
3: (The meaning represents one
of multiple, similarly plausible
interpretations.)
4: (The meaning represents the most
plausible interpretation; other
meanings may still be conceivable.)
5: (The meaning is the only
plausible meaning given the
context.)

Your output should be in JSON format,
with a score for both options, and
reasoning behind your choice of

score.
Output format should be:

{ "a_score": <1/2/3/4/5>,
"a_score_reason": "...",
"b_score": <1/2/3/4/5>,
"b_score_reason": "..."
}
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