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Abstract

This paper describes our system developed for
SemEval-2025 Task 1, subtask A. This shared
subtask focuses on multilingual idiom recogni-
tion and the ranking of images based on how
well they represent the sense in which a nom-
inal compound is used within a given contex-
tual sentence. This study explores the use of
a pipeline, where task-specific models are se-
quentially employed to address each problem
step by step. The process involves three key
steps: first, identifying whether idioms are in
their literal or figurative form; second, trans-
forming them if necessary; and finally, using
the final form to rank the input images.

1 Introduction

Idioms are a class of multi-word expressions
(MWESs) that present significant challenges for cur-
rent state-of-the-art models, as their meanings are
often not predictable from the individual words that
compose them. This unpredictability can create
ambiguity between the literal, surface meaning de-
rived from the component words and the idiomatic
meaning intended by the expression. Addressing
the complexities of MWE handling is crucial for
natural language processing (NLP) applications
(Constant et al., 2017). SemEval-2025 Task 1, Ad-
MIRe: Advancing Multimodal Idiomaticity Repre-
sentation (Pickard et al., 2025), focuses on evaluat-
ing models that incorporate both visual and textual
information to assess their ability to capture id-
iomatic representations in two languages: English
and Brazilian Portuguese.

Previous datasets and tasks, such as SemEval-
2022 Task 2 (Madabushi et al., 2022) and the
MAGPIE (Haagsma et al., 2020) and FLUTE
(Chakrabarty et al., 2022) datasets, have primar-
ily focused on idiomaticity detection. However,
existing idiomaticity identification benchmarks can
be exploited by models that ignore the nominal

compound (NC) or its contextual usage, thus fail-
ing to develop robust semantic representations
of idiomatic expressions (Boisson et al., 2023).
SemEval-2025 Task 1 addresses these limitations
by moving beyond binary classification and intro-
ducing richer representations of meaning through
visual and visual-temporal modalities. SemEval-
2025 Task 1 consists of two subtasks. Subtask
A presents a set of five images alongside a contex-
tual sentence containing a potentially idiomatic NC.
The objective is to rank the images based on how
well they represent the sense in which the NC is
used within the given context. Subtask B presents
a target expression and an image sequence missing
the final image, the goal is to choose the best fill
from four candidates images.

To tackle Subtask A, we propose a simple yet
effective pipeline comprising three stages. The first
stage involves detecting whether the potentially id-
iomatic NC in the given context is used literally or
idiomatically. If the NC is identified as idiomatic, a
separate model generates its literal meaning. In the
final stage, images are aligned with the appropriate
interpretation: either the generated literal mean-
ing for idiomatic expressions or the direct literal
meaning for non-idiomatic cases. This approach
effectively combines idiomaticity detection, literal
meaning generation, and multimodal image align-
ment to ensure accurate ranking of images based
on the intended sense of the compound.

In our analysis, we evaluate various large lan-
guage models (LLMs) for the first two stages of
our pipeline and experiment with different zero-
shot classification models in the third stage, across
both English and Portuguese datasets. Our method
achieves competitive results on SemEval-2025
Task 1, Subtask A, reaching 3rd and 6th places
on the English and Portuguese benchmarks re-
spectively. The code for our approach is publicly
available at https://github.com/MBadran2000/
Idiom-MultiModal-Representation.git.
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2 Background
2.1 Related work

LLMs have gained significant popularity across
academic, industrial, and public domains due to
their strong performance on a variety of tasks in
zero-shot or few-shot prompting setups. These
tasks include question answering, common-sense
reasoning, and machine translation. Previous re-
search has demonstrated that LLMs achieve com-
petitive results on idiomaticity detection datasets,
offering general applicability without the need for
type-specific fine-tuning. However, they often lag
behind fine-tuned encoder-only models on specific
datasets and benchmarks (Phelps et al., 2024) . De-
spite this, LLMs possess a notable ability to dis-
ambiguate a wide range of nominal compounds
without additional fine-tuning, as they tend to over-
look construction artifacts present in idiomaticity
detection datasets (Boisson et al., 2023). This al-
lows them to generalize idiomaticity detection bet-
ter than fine-tuned encoders.

Contrastive  Language-Image Pre-training
(CLIP) (Radford et al., 2021) has emerged as the
dominant model and learning approach in the
vision-language domain. It employs a simple yet
powerful contrastive learning loss to align visual
and linguistic signals within a shared feature space,
leveraging large-scale image-text datasets. Unlike
earlier vision encoders such as VGG and ResNet,
which were trained on the limited ImageNet
dataset with simple categories described by only
a few words, CLIP benefits from web-scale data
paired with rich, descriptive text. This alignment
between vision and language enables CLIP to excel
in various multimodal tasks, including image-text
retrieval, establishing it as the state-of-the-art
model for diverse applications in the field (Huang
etal., 2024).

2.2 Task description

AdMIRe: Advancing Multimodal Idiomaticity Rep-
resentation focuses on developing high-quality rep-
resentations of idioms, which are essential for im-
proving applications such as machine translation,
sentiment analysis, and natural language under-
standing. Enhancing models’ ability to interpret id-
iomatic expressions can significantly boost the per-
formance of these tasks. Unlike previous datasets,
which often allow models to excel at idiomatic-
ity detection without capturing the true semantic
depth of idiomatic expressions, AdMIRe empha-

sizes meaning representation through visual and
visual-temporal modalities. This approach aims
to ensure that models develop a more comprehen-
sive understanding of idioms beyond surface-level
recognition.

AdMIRe consists of two subtasks, A and B. In
this subtask, participants are presented with a set
of five images alongside a contextual sentence con-
taining a potentially idiomatic NC. The objective
is to rank the images based on how accurately they
represent the sense in which the NC is used within
the given context. A variation of Subtask A re-
places the images with text captions describing
their content, offering two distinct settings for the
subtask. Subtask B presents a sequence of three
images resembling a comic strip, where the final
image has been removed. Given a target expres-
sion, the objective is to select the most suitable
completion from a set of four candidate images.
The NC sense being depicted (idiomatic or literal)
is not provided and should also be predicted. In
this study, we concentrate on the Subtask A version
that uses images for ranking.

Language | Training | Dev | Test | Ext. Eval.
English 70 10 15 100
Portuguese 32 15 13 55

Table 1: Number of samples in each split for English
and Portuguese datasets.
The task leverages a dataset of potentially id-

iomatic expressions, building on the foundation of
the SemEval-2022 Task 2 dataset. Table 1 sum-
marizes the number of samples in each split for
English and Portuguese, detailing the training, de-
velopment, test, and extended evaluation sets. The
extended evaluation set contains overlapping com-
pounds from training, development, and test sets
but in different contexts, offering a more robust
assessment of model performance and generaliza-
tion.

Performance in Subtask A is evaluated using
two key metrics. The first is Top Image Accuracy,
which measures the model’s ability to correctly
identify the most representative image. The second
is Rank Correlation, assessed using Spearman’s
rank correlation coefficient, which evaluates how
closely the model’s image rankings align with the
ground truth.

3 System Overview

Our proposed pipeline consists of three main stages:
idiom detection, literal meaning generation, and
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Figure 1: Idiomatic Case: First, we detect that it is
idiomatic, then we obtain its literal meaning, and
lastly, we align images according to the literal mean-
ing.

multimodal image alignment. This pipeline ensures
that images are aligned with the intended meaning
of a given NC based on its contextual usage. Fig-
ures 1 and 2 illustrate the two possible workflows,
depending on the outcome of the idiom detection
stage.

3.1 Idiomatic vs. Literal Classification

The first step in our pipeline involves determining
whether a NC in a sentence is used idiomatically
or literally, using a zero-shot approach. For this
task, we utilize an instruction-tuned large language
model (LLM), which is prompted with the contex-
tual sentence and predicts whether the NC conveys
an idiomatic or literal meaning.

3.2 Literal Meaning Generation

If the NC is identified as idiomatic, we use a sepa-
rate generative model in a zero-shot setting to gen-
erate its literal meaning. This stage also relies on
an instruction-tuned large language model (LLM),
ensuring that the generated interpretation remains
contextually relevant. If the NC is classified as
literal, this step is skipped, and the original NC is
directly used for image retrieval.

3.3 Multimodal Image Alignment

Once the literal meaning of the NC is determined,
we retrieve images that best correspond to the in-
tended interpretation. We leverage a zero-shot mul-
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Figure 2: Literal Case: First, we detect that it is
literal, then we align images according to the literal
input.

timodal image retrieval model based on CLIP to
rank images based on their alignment with either
the original NC (if used literally) or its generated
literal meaning (if used idiomatically).

3.4 Portuguese Data

We also evaluated our approach on non-English
data by testing the pipeline on the Portuguese
dataset. Two strategies were explored. In the first,
the translation approach, the NC is first classified
as idiomatic or literal. After this classification and
the generation of its literal meaning (if necessary),
the Portuguese text is translated into English be-
fore proceeding to multimodal image alignment.
This allows the full pipeline to operate in English,
using translation to ensure cross-lingual compati-
bility. In the second strategy, the direct multilingual
approach, we bypass translation by using multilin-
gual multimodal image alignment models capable
of processing multiple languages. This enables di-
rect alignment of images with the Portuguese text,
leveraging the models’ ability to handle both tex-
tual and visual representations across languages.

4 Experiments

4.1 Experimental Setup

Our experiments were conducted in a zero-shot
setting using a NVIDIA V100 GPU. For stages 1
and 2, we evaluated four instruction-tuned LLMs:
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Stage 1 & 2 Model Stage 3 Model

Train Top-1 Acc. Train Rank Corr. Dev Top-1 Acc. Dev Rank Corr.

Llama-3.3 70B CLIP ViT-H/14 0.5333 0.4617 0.7333 0.2133
Qwen2.5 72B CLIP ViT-H/14 0.6167 0.5217 0.8000 0.4867
calme-3.2 78b CLIP ViT-H/14 0.5833 0.4800 0.8000 0.3533
shuttle-3 CLIP ViT-H/14 0.5833 0.4817 0.8000 0.4933
Llama-3.3 70B SigLIP SoViT-400m patch14 0.5167 0.4633 0.8000 0.4867
Llama-3.3 70B BLIP ViT-large 0.6333 0.4917 0.5333 0.0750
Llama-3.3 70B ALIGN 0.4833 0.4450 0.5333 0.2067
Llama-3.3 70B MetaCLIP h14 0.5667 0.5100 0.6667 0.3200
Llama-3.3 70B LLM2CLIP EVA02 0.5333 0.4183 0.7333 0.4200
Llama-3.3 70B LLM2CLIP Openai 0.5500 0.4367 0.7333 0.1600
Ensemble of models combinations using CLIP ViT-H/14 0.8667 0.5067
Ensemble of models combinations using Llama-3.3 70B 0.8000 0.3200
Ensemble of all tested models combinations 0.8667 0.5200

Table 2: Comparison of different models on the English training and development sets

Stage 1 & 2 Model Stage 3 Model Approach  Train Top-1 Acc. Train Rank Corr. Dev Top-1 Acc. Dev Rank Corr.
Qwen2.5 72B CLIP ViT-H/14 Translation 0.500 0.416 0.300 0.210
Llama-3.3 70B CLIP ViT-H/14 Translation 0.531 0.375 0.500 0.180
Llama-3.3 70B SigLIP SoViT-400m patch14 Translation 0.469 0.419 0.300 0.080
Llama-3.3 70B BLIP ViT-large Translation 0.438 0.341 0.200 0.200
Llama-3.3 70B ALIGN Translation 0.438 0.316 0.600 0.240
Llama-3.3 70B MetaCLIP h14 Translation 0.500 0.331 0.400 0.080
Llama-3.3 70B LLM2CLIP EVA02 Multilingual 0.563 0.406 0.400 0.240
Llama-3.3 70B LLM2CLIP Openai Multilingual 0.594 0.403 0.800 0.320
Qwen2.5 72B LLM2CLIP Openai Multilingual 0.500 0.375 0.500 0.220
calme-3.2 78B LLM2CLIP Openai Multilingual 0.563 0.381 0.700 0.420
shuttle-3 LLM2CLIP Openai Multilingual 0.531 0.431 0.600 0.360

Table 3: Comparison of different models and approaches on the Portuguese training and development sets

Llama-3.3 70B (Dubey et al., 2024), Qwen2.5 72B
(Yang et al., 2024), calme-3.2 78B, and shuttle-
3. In stage 3, we tested CLIP ViT-L trained on
the LAION-2B English dataset (Schuhmann et al.,
2022), ALIGN (Jia et al., 2021), BLIP (Li et al.,
2022) ViT-large trained on the Flickr30k dataset,
SigLLIP SoViT-400m patch14 (Zhai et al., 2023),
and LLM2CLIP (Huang et al., 2024) with base
models EVAO2-L/14 (Fang et al., 2024) and Ope-
nAl ViT-L/14 CLIP. We explored all possible com-
binations of these models, resulting in 28 different
configurations. Additionally, we tested ensemble
approaches combining various model selections to
further enhance performance.

4.2 Results

The results of our English experiments, including
combinations of CLIP ViT-H/14 and Llama-3.3
70B, are presented in Table 2. Additionally, we
report results for an ensemble of these models, as
well as for all 28 tested model configurations. Our
analysis revealed that individual models tend to
make different types of errors, with failures vary-

ing across cases. As a result, model ensembling
achieved the best performance by mitigating indi-
vidual model errors through averaging, leading to
overall improved results.

The results of both the translation approach and
the direct multilingual approach on the Portuguese
dataset are presented in Table 3. For multilin-
gual experiments, we exclusively used LLM2CLIP
models, as they rely on multilingual text encoders,
which are essential for effectively aligning text and
images across languages. Our findings indicate
that the multilingual approach outperformed the
translation-based method.

For Portuguese, we created an ensemble com-
bining all four Phase 1&2 models with the two
LLM2CLIP variants, which served as our final sys-
tem. For English, our best-performing model was
an ensemble of all tested models. The results of
these top-performing models on both English and
Portuguese are presented in Table 4. Our approach
achieved competitive performance, ranking in the
3rd and 6th places on the English and Portuguese
benchmarks respectively.
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Language Test Top-1 Acc. Test Rank Corr. Ext. Eval. Acc. Ext. Eval. Rank Corr.
English 0.9300 0.4733 0.7200 0.3440
Portuguese 0.6154 0.3462 0.6153 0.3461

Table 4: Performance of the best-performing approaches on English and Portuguese test and extended evaluation

datasets.

5 Conclusion

In this work, we proposed a three-stage pipeline
for multimodal idiomaticity representation, consist-
ing of idiom detection, literal meaning generation,
and multimodal image alignment. We used this
pipeline in our submission to subtask A of SemEval
2025 Task 1. Our approach leverages instruction-
tuned LLMs for idiomaticity classification and lit-
eral meaning generation, followed by a zero-shot
multimodal retrieval model for aligning images
with the intended meaning of a nominal compound.
We evaluated our system on both English and Por-
tuguese datasets, exploring translation-based and
direct multilingual approaches. Our results demon-
strated that ensemble models improve performance
by mitigating individual model errors, achieving
competitive results in both languages.
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