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Abstract

This paper presents our methods for the Ad-
MIRe 2.0 shared task, which addresses multi-
lingual and multimodal idiom understanding.
Our submission focuses on the text-only track.
Specifically, we employ an ensemble of three
large language models (LLMs) to directly per-
form the presented image ranking task. Each
model independently produces a ranking of
the candidate images, and we aggregate their
outputs using a hard voting strategy to deter-
mine the final prediction. This ensemble learn-
ing framework, by leveraging the complemen-
tary strengths of different LLMs, provides a
training-free and robust solution to the AdMIRe
2.0 task and places our method in the second
position on the leaderboard.

1 Introduction

The AdMIRe 2.0 Shared Task (Arslan et al., 2026;
Torunoğlu-Selamet et al., 2026) is an expanded con-
tinuation of its precedent, Subtask A of SemEval-
2025 Task 1: AdMIRe – Advancing Multimodal Id-
iomaticity Representation (referred to as AdMIRe
1.0 for distinction). In AdMIRe 1.0, Subtask A is
formulated as a static image ranking task (Pickard
et al., 2025): Given a Potentially Idiomatic Expres-
sion (PIE), specifically a nominal compound (NC),
its surrounding context sentence, and a set of five
images each accompanied by a descriptive caption,
the system is required to rank the images according
to how accurately they depict the meaning of the
NC in the provided context. A mono-modal track
of the task allows participants to perform the rank-
ing using only the textual captions. The images are
not randomly generated; rather, each is deliberately
associated with the PIE either figuratively or liter-
ally, with the fifth a distractor. A demonstration
is provided in Figure 1. AdMIRe 1.0 covers two
languages: English and Portuguese. Building upon
this, AdMIRe 2.0 broadens the scope of the task by
extending the dataset to a substantially larger set

of 15 languages. Importantly, during the training
phase, only the AdMIRe 1.0 data (in English and
Portuguese) are available, and participants are not
informed of which additional languages will appear
in the evaluation. The specific test languages be-
come known only when the test phase begins and
the test data are released, with no labeled training
data provided for those languages.

Based on the observations from the AdMIRe 1.0
system reports, where the top-performing submis-
sions consistently relied on large language models
(LLMs) — for instance, You et al. (2025) in the
bimdoal track and Fan et al. (2025) in the text-
only track —- we adopted a similar strategy for
AdMIRe 2.0. For better performance, robutness
and to reduce model-specific biases, we employed
multiple LLMs and aggregated their predictions
through a hard voting scheme, which formed our
final submission for the text-only track.

Although our official submission focuses solely
on the text-only setting — and can be viewed as a
relatively direct, shortcut-style application of LLM
capabilities — it nevertheless achieved a strong
result, ranking second on the official leaderboard.

2 Methods and Results

Our method, which is entirely based on prompting,
is motivated by both empirical observations from
AdMIRe 1.0 and practical considerations specific
to AdMIRe 2.0. Given the limited amount of avail-
able data2, the restricted development time, and
the fact that AdMIRe 2.0 spans a wide range of
languages—including several low-resource ones
such as Georgian, Igbo, Kazakh, and Uzbek —
we aimed to approach the task in a training-free,
zero-shot manner. This was one of the primary
motivations for relying on LLMs.

1Example source: https://semeval2025-task1.
github.io/

2Subtask A in AdMIRe 1.0 provides only 70 training in-
stances in English and 32 in Portuguese.
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Figure 1: Illustration of the Static Image Ranking Task. Consider the NC bad apple as in We have to recognize that
this is not the occasional bad apple but a structural, sector-wide problem, the expected ordering should be (a), (b),
(e), (d), and (c).1

Our final submission is therefore based en-
tirely on prompting and ensemble learning: we di-
rectly provided the textual captions to each model,
asked them to perform the ranking, and then com-
bined the predictions from the three LLMs using
a hard voting strategy. The captions are cleaned,
re-indexed, and concatenated with the prompt pre-
fix below before being fed into the chatbots.

Consider the expression [NC] in the
[LANG] language, and its meaning in
context [SENT]. Rank the following cap-
tions based on how well they reflect that
meaning. Return only a list of reordered
indices, e.g., [1, 3, 2, 4, 5], from most to
least similar. Do not include any expla-
nation.

We found that explicitly indicating the language
category in the prompt (i.e., [LANG]) has the poten-
tial to improve accuracy. This is probably because
LLMs internally maintain separate multilingual se-
mantic subspaces. Providing the language label
helps the model activate the correct linguistic and
cultural knowledge and constrains the reasoning
space, thereby improving zero-shot predictions.

Our ensemble consists of three LLMs —
GPT-4o (Achiam et al., 2023), Qwen-Plus (Team,
2025), and DeepSeek (Liu et al., 2024). The first
two models were selected in that we conducted
preliminary experiments on AdMIRe 1.0 Subtask
A using a similar prompting strategy and found
that their performance was close to that of the top
systems reported (see Table 1). A third model was

included to facilitates a stable majority-vote ensem-
ble. Also, these models have been referred to in
AdMIRe 1.0 system reports, are currently among
the most capable and popular multilingual LLMs,
and, due to their scale and training diversity, are
more likely to provide broad language coverage —
probably including for the low-resource languages
present in AdMIRe 2.0. The results across all lan-
guages are presented in Table 2, which place us in
the second position on the leaderboard.

Also, we explored whether incorporating type in-
formation (see Table 1 for reference) could provide
additional benefits to the final results. To this, we
adopted a simple bubble-sorting procedure. Since
a PIE used idiomatically in the given context has
the opposite usage type of literal, and vice versawe
first perform pairwise comparisons to identify the
caption most similar to the target usage, followed
by the second most likely one. We then conduct an-
other round of pairwise comparisons to determine
the caption most similar to the opposite usage and
the second most likely one. The remaining cap-
tion is treated as the distractor, composing the final
ranking.

Due to resource constraints, we only experi-
mented on the Chinese subset using a prompt prefix
below:

The expression [NC] can be used id-
iomatically or literally in the LANG lan-
guage. You are provided with 2 captions,
each describing an image that may or
may not be related to this expression. De-
cide which caption most likely relate to
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Test Set Extended Evaluation Set

Top 1 Acc DCG Type Acc Top 1 Acc DCG Type Acc

English
CTYUN-AI 0.64 3.10 0.87 3.51
DeepSeek 0.58 3.07 0.89 0.73 3.24 0.80
GPT-4o 0.59 3.03 0.76 0.60 3.07 0.80

Portuguese
CTYUN-AI 0.92 3.43 0.56 2.97
DeepSeek 0.77 3.31 0.77 0.64 3.07 0.76
GPT-4o 0.77 3.35 0.54 0.42 2.77 0.76

Table 1: Results on the test set and the extended evaluation set of AdMIRe 1.0 Subtask A (text-only track), compared
with the best-performing team — CTYUN-AI. Although not required for submission, the AdMIRe tasks expect
systems to predict the usage type of a given PIE in its context sentence (idiomatic vs. literal). Taking the instance
in Figure 1 as an example, the system is expected to predict that the PIE bad apple in the given sentence is used
idiomatically. We therefore also report the type prediction accuracy as Type Acc in addition to Top 1 Acc (Top Image
Accuracy) and DCG (NDCG@5). All scores are reported on a scale of 1.

Top 1 Acc DCG

Chinese 0.36 0.74
Georgian 0.4 0.74
Greek 0.43 0.76
Igbo 0.33 0.71
Kazakh 0.42 0.76
Norwegian 0.43 0.77
Portuguese-Brazil 0.53 0.81
Portuguese-Portugal 0.45 0.77
Russian 0.51 0.79
Serbian 0.40 0.74
Slovak 0.44 0.78
Slovenian 0.45 0.78
Spanish-Ecuador 0.35 0.73
Turkish 0.40 0.74
Uzbek 0.32 0.73

Table 2: Official results on the test set of AdMIRe 2.0.

the [TYPE] meaning or use of this ex-
pression. Only output the chosen caption
name, such as (A) or (B), do not include
any analysis.

The type information (i.e., [TYPE]) is also ob-
tained using a hard-voting strategy. The results
are shown in Table 3. Overall, incorporating type
information as guidance leads to a slight decrease
in performance compared with directly ranking
captions using the LLMs (see Table 2). The Top
Image Accuracy remains unchanged, while the
DCG score drops by 0.01. A closer look at the
type-specific scores reveals that performance on
literal metrics decreases while on idiomatic met-

rics improves. This outcome is likely due to the
fact that idiomatic usage tends to be more abstract
linguistically. Providing explicit type information
may therefore help the model identify relevant cues
in the captions and align them with the intended us-
age, therefore improving the accuracy. In contrast,
literal interpretations could depend more on visual
grounding (again, the bad apple example), which
is unavailable in the text-only track.

3 Related Work

Studies have shown that language models — rang-
ing from basic BERT to larger generative models
such as ChatGPT — continue to exhibit limita-
tions in interpreting idiomatic expressions (IEs)
(Shwartz and Dagan, 2019; Wu et al., 2024; Rau-
nak et al., 2023).

Typical solutions to IE representation learns
phrase embedding directly from contextual
co-occurrence (Mikolov, 2013; Yin and Schütze,
2014, 2016). This is effective for frequent expres-
sions but struggles with sparse IEs. Alternatively,
compositional approaches derive phrase embed-
dings by combining the embeddings of individ-
ual components (Mitchell and Lapata, 2010; Yu
and Dredze, 2015), but they often fail to capture
the semantic opacity characteristic of IEs. More
recent work leverages pre-trained language mod-
els (PLMs) for IE representation through adaptive
modules and contrastive learning, such as Zeng and
Bhat (2022); He et al. (2024); Wu et al. (2024). It
has also been found that external knowledge, such
as synonyms and definitions can enhance model
performance (Long et al., 2020; Wang et al., 2020;
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Top 1 Acc DCG Literal Acc Idiomatic Acc Literal DCG Idiomatic DCG

1 0.36 0.74 0.46 0.29 0.78 0.70
2 0.36 (0) 0.73 (-0.01) 0.41 (-0.05) 0.33 (+0.04) 0.75 (-0.03) 0.87 (+0.17)

Table 3: Results on the Chinese subset. The first row reports the ranking results obtained directly from LLMs, and
the second row presents the results produced by incorporating type information through pairwise comparison. In
addition to the overall Top 1 ACC and DCG scores, we also report type-specific performance (literal vs. idiomatic).
The values in parentheses in the second row indicate the increments relative to the first row.

Sha et al., 2023).
Such modelling stratgies have also been noticed

in the AdMIRe shared task (1.0), although partic-
ipation in the text-only track has been relatively
limited, likely because images provide stronger
cues for the ranking task. Nonetheless, Petersen
et al. (2025) fine-tuned SBERT for the task and aug-
mented captions using GPT-4-generated descrip-
tions. The top-performing team (Fan et al., 2025)
also applied extensive data augmentation — includ-
ing synonym substitution and back-translation —
for the multilingual setting, and fine-tuned Qwen
(Team, 2025) models for the task.

4 Conclusion

This report presents our work on the ADMIRE
2.0 task under the text-only setting. We adopt an
ensemble learning framework for the caption rank-
ing task, which places our methods in the second
position on the leaderboard. Nevertheless, the re-
sults clearly show that ADMIRE 2.0 is substantially
more challenging than ADMIRE 1.0, with notice-
ably lower scores. Even strong LLMs struggle to
reliably distinguish literal from idiomatic represen-
tations.

Limitations

First, we experimented with only a small subset of
available LLMs, which restricts the breadth of our
evaluation. Second, our approach relies solely on
zero-shot inference combined with a hard-voting
ensemble, without exploring more sophisticated or
innovative modeling strategies. Due to time and
resource constraints, we were unable to investi-
gate alternative architectures, training paradigms,
or more creative methods that might further im-
prove performance. We leave these directions for
future work.
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