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Abstract

Idiomatic expressions pose a significant chal-
lenge in Natural Language Processing (NLP)
due to their non-compositional nature which re-
quires contextual understanding beyond literal
interpretation. This paper presents our partici-
pation in theSemEval-2025 Task 1 on Advanc-
ing Multimodal Idiomaticity Representation,
where we focused on dataset augmentation and
text versus multimodal LLM models. We con-
structed an enriched idiom-image dataset using
human augmented prompt engineering and AI-
based image generation models. Performance
of textual and vision-language models (VLMs)
was compared in ranking images correspond-
ing to idiomatic expressions. Our findings high-
light the benefits of incorporating multimodal
context for improved idiom comprehension.

1 Introduction

This paper presents FJWUSemEvalSquad partici-
pation in SemEval-2025 AdMIRe task which fo-
cused on improving idiomatic expression under-
standing in multimodal contexts. Idiomatic expres-
sions are an integral part of natural language which
are characterized by their non-compositionality,
where the meaning cannot be directly inferred from
the individual words (Fazly et al., 2009). For in-
stance, the phrase "spill the beans" does not refer
to physically dropping beans but instead conveys
the figurative meaning of revealing a secret.

Understanding idioms correctly is essential for
various NLP applications including machine trans-
lation (Fadaee and Bisazza, 2018; Baziotis et al.,
2023; Liu et al., 2023), sentiment analysis (Boag
et al., 2015) and conversational AI (Su et al., 2018;
Bergman et al., 2022). While large language mod-
els (LLMs) such as BERT (Devlin et al., 2019a)
and ALBERT (Lan et al., 2020) have improved
text-based semantic interpretation, they still strug-
gle with idiomatic expressions due to their reliance

on compositionality-based learning (Dankers et al.,
2022).

Recent studies in multimodal learning suggest
that visual context can significantly enhance the
detection of idiomaticity by providing additional
semantic cues (Chakrabarty et al., 2022). However,
approaches primarily relying on text-based embed-
dings like BERT and T5 (Devlin et al., 2019b)
lack robust mechanisms for leveraging multimodal
information effectively. Advancements in large vi-
sual language models have focused on improving
the alignment between visual and textual modali-
ties (Geigle et al., 2024; Maaz et al., 2024).Visual
augmentation leverages vision-language models
(VLMs) to associate idioms with relevant imagery,
strengthening contextual learning (Tan and Bansal,
2019). Approaches like CLIP and BLIP improve
cross-modal alignment, enhancing interpretability.

Contrastive Language-Image Pretraining (AL-
BEF) Jiang et al. (2023) is one such vision-
language model that learns visual-semantic repre-
sentations by jointly training on large-scale image-
text pairs.It employs contrastive learning to align
textual descriptions with corresponding images, en-
abling zero-shot transfer learning across various
tasks. CLIP has demonstrated strong performance
in understanding abstract and figurative language
by associating idioms with relevant imagery, im-
proving multimodal reasoning in NLP applications
(Ghosh et al., 2024).

Dataset augmentation is one of the most effec-
tive techniques in NLP to improve model perfor-
mance by enhancing generalization, reducing over-
fitting, and increasing robustness to variations in
language (Sarhan et al., 2022). We aimed to aug-
ment the idiom dataset to enhance the ability of
models to understand figurative language by ex-
panding the training data using text-based and vi-
sual approaches. Our contributions include:
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Figure 1: Our approach to systematically generate in theme image prompts and their corresponding idiomatic
images leveraging LLMs like OpenAI, Meta AI and human evaluation.

• A visual idiom image dataset1 shared with
research community.

• Comparison of text-based versus vision large
language models

The remainder of this paper is organized as fol-
lows: Section 2 discusses related work, Section 3
presents the task description, including subtasks,
and Section 4 onwards outlines our dataset and
experiments.

2 Related Work

Idiomatic expressions have been a long-standing
challenge in NLP due to their semantic opac-
ity and contextual dependency (Sag et al., 2002).
Early research relied on frequency-based heuris-
tics and rule-based approaches, which struggled
with generalization across diverse idioms (Villavi-
cencio et al., 2005). Advent of deep learning and
transformer-based models such as BERT and GPT
have demonstrated improvements in idiom clas-
sification (Ghosh et al., 2015; Liu et al., 2016).
However, these models often fail to distinguish be-
tween literal and figurative meanings, especially in
context-dependent scenarios (Shwartz and Dagan,
2018).

1https://github.com/sabdul111/
Fjwu-Visual-Idioms-SemEval2025

Text-based models, such as BERT, process se-
quential data to capture the syntactic and seman-
tics of language (Devlin et al., 2019a). In con-
trast, image-based models like Vision Transform-
ers (ViTs), analyze visual data by dividing im-
ages into patches and processing them to under-
stand spatial relationships. Multimodal learning
has emerged as a promising direction to address
this limitation by integrating visual and textual
representations to enhance NLP models (Kiela
et al., 2023). Recent studies have explored vision-
language models such as CLIP (Geigle et al., 2024;
Maaz et al., 2024) to improve idiomatic language
interpretation (Chakrabarty et al., 2022). However,
the systematic incorporation of multimodal signals
in idiomaticity detection remains an open research
problem.

3 Task Description

Subtask A Static Image Ranking: In this sub-
task, participants are provided with a context sen-
tence containing a potentially idiomatic nominal
compound (NC) and five images, each of which
could correspond to either the literal or figurative
meaning of the expression. The objective was to
rank these images on the basis of their relevance to
the given idiomatic expression.
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4 Visual Idiom Dataset

The task organizers provided idioms along with
their corresponding images for the two subtasks
(200 idioms for subtaskA and 70 for subtask B).
For each idiom, there were five images repre-
senting the meaning in A:Literal, B:Figurative,
C:Literal but Not Synchronized , D:Figurative but
Not Synchronized and E:Irrelevant senses. Task im-
ages followed a typical color scheme with brown,
yellow and orange in dominance. These idiomatic
images used distinctive animated characters.

Figure 1 summarizes our approach. To increase
the diversity of the dataset, we systematically se-
lected idiomatic expressions from FLUTE,2 which
is an open repository by ColumbiaNLP. It is a col-
lection of metaphors, similes, sarcasm, idioms, and
creative paraphrases. We automatically extracted
the relevant fields which included the idiom itself,
its associated label, a detailed explanation, a con-
textual sentence, and its corresponding interpreta-
tion. Task idioms were based solely on Nominal
Compounds (NC) e.g. night owl, whereas we did
not make any such distinction and added mutli
word idioms too.

4.1 Prompt Tuning using Human Feedback
Prompt generation leveraged LLM generation
which was verified and tuned by human evaluation
to generate the images in line with the task theme
as shown in Figures 4 and 2. For each idiom, we
generate five images representing different aspects
of its meaning as defined in the task. Google Gem-
ini was provided with the sample sentences and
reference images to enable visual theme learning.
When a reference image is available, Gemini ana-
lyzes its artistic style, color palette, and key visual
attributes. The extracted style description serves
as a guideline for prompt creation. If no reference
image is available, a predefined default style is
applied.

The ranking of the five generated images was
based on human evaluator ratings for relevance,
idiom clarity, and visual theme consistency. Figure
4 illustrates the distinction between literal and fig-
urative meaning. The literal meaning corresponds
to the image right side (a) with a young woman car-
rying bags and belongings while leaving a house,
directly aligning with the explicit action of "carry-
ing all one’s belongings." This is a straightforward

2https://huggingface.co/datasets/ColumbiaNLP/
FLUTE

representation without any hidden or symbolic in-
terpretation. In contrast, the figurative meaning
corresponds to the image left side (b), showing var-
ious personal items, including shoes, bags, and a
notebook, symbolizing the concept of "having all
of one’s belongings" in a more abstract way than
depicting an action. As shown in Figures 2 and 3,
human-tweaked prompts significantly enhanced
the semantic relevance, stylistic consistency, and
idiomatic clarity of the generated images. This
demonstrates the importance of human interven-
tion for achieving accurate and task-aligned visual
representations.

.
If the literal but not synchronized meaning

prompt was used, the image might still depict a
person carrying items but in an unrelated scenario,
such as a delivery worker handling packages, mak-
ing it misaligned with the idiomatic context. Sim-
ilarly, a figurative but not synchronized meaning
prompt might feature an unrelated symbolic image,
such as an empty house after someone moves out,
conveying the idiom’s essence but lacking direct
coherence with its intended usage. An irrelevant
meaning prompt, on the other hand, would fail to
relate to either meaning, such as a random travel
scene or a landscape with no clear connection to
the idiom.

All annotations were manually evaluated by at
least two annotators, followed by an adjudication
by a third reviewer where necessary.

FigurativeLiteral

Carrying all bag and
personal item

With all one's
belonging

(a) (b)

Figure 4: Illustration of image generation for literal
versus figurative meaning

4.2 Image Generation

Prompt generation was followed by generation us-
ing multiple AI models, each contributing unique
capabilities to enhance the visual representation of
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Figure 2: Visual comparison of idiom representations across different prompts

Idiom Flute sentences as Prompt LLM generated sentences as
Prompt Human Tweaked Prompt

on a silver platter

Cartoonish style, simple, white
background. A lazy cat loung-
ing on a plush silver platter, a fish
jumping onto it effortlessly. The
fish is perfectly cooked and gar-
nished. Surrounding the platter
are scattered half-finished projects
– a paintbrush, a book, a puzzle.
The cat smirks contentedly. Illus-
trate the ease with which the cat
receives the "reward" (fish) with-
out any effort, contrasting with the
surrounding undone tasks, visually
representing unearned success or
privilege.

Cartoonish illustration, white
background: A vibrant, energetic
group of diverse young people,
radiating enthusiasm, injecting
fresh ideas into a tired, grey, older
boardroom. They’re presenting
innovative, colorful charts and
graphs, contrasting sharply with
the dull surroundings. Focus on
the energy exchange; older figures
slightly awestruck. Emphasis on
playful yet professional demeanor.
Avoid literal blood imagery.

A social media influencer girl
cartoonic illustration lounges on
a luxurious chair, as a delivery
worker cartoonic illustration hands
them free designer bags. Use just
orange, brown, black colour, no
noise.

Figure 3: Variations in prompt formulations for generating idiomatic visual representations.

idioms. Meta AI (Meta AI, 2024) was utilized to
generate contextually rich images, while Bing AI
(Bing AI, 2024) provided diverse visual interpre-
tations of idioms. Microsoft Copilot (Microsoft
Copilot, 2024) played a role in assisting with AI-
based content refinement.

Figure 2 illustrates the impact of different
prompt-generation methods on idiomatic image
representations. Initially, captions were generated
based on sentences from the FLUTE dataset. How-
ever, the resulting images failed to capture the in-
tended meaning, theme, and stylistic coherence of

the idioms, as can be seen from first columns in
Figure 2. Lower section presents the qualitative
analysis by evaluating the generated images against
three key criteria: theme, style, and meaning.

To improve representational accuracy, the sen-
tences were refined using OpenAI. The images gen-
erated from these LLM-enhanced prompts demon-
strated a significant improvement in conveying the
idiomatic meaning. However, while the seman-
tic representation improved, the generated images
still lacked alignment with the tasks dataset’s the-
matic and stylistic consistency. This highlights
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the challenge of achieving both semantic fidelity
and stylistic coherence in AI-generated idiomatic
illustrations. The LLM-generated prompts were
then further refined by human evaluation which
generated images conveying the intended meaning
as well as aligned closely with the tasks thematic
and stylistic attributes.

5 Evaluation

We used multiple evaluation metrics to evaluate
model performance. Mean Reciprocal Rank (MRR)
measures how well the model ranks the correct
image. It is defined as:

MRR =
1

|Q|

|Q|∑

i=1

1

ranki
(1)

where |Q| is the total number of queries and ranki
is the rank of the first correct result for query i.

Top Accuracy (Top Acc.): Determines whether
the top-ranked image correctly represents the id-
iomatic meaning:

Top Accuracy =
Correct Top Predictions

Total Queries
(2)

Spearman Rank Correlation: Evaluates the rank-
ing consistency between predicted rankings and
ground truth rankings. It is computed as:

ρ = 1− 6
∑

d2i
n(n2 − 1)

(3)

where di is the difference between the two rankings
of item i, and n is the number of items ranked.

Discounted Cumulative Gain (DCG): Measures
ranking quality by emphasizing the importance of
highly relevant items appearing earlier:

DCG =

p∑

i=1

reli
log2(i+ 1)

(4)

where reli is the relevance score of item i and p is
the position in the ranking.

Overall Accuracy: Computes the proportion of
correctly classified instances:

Accuracy =
Correct Predictions
Total Predictions

(5)

6 Model Development

Two models were built for comparison.
We used transformer-based paraphrase-

multilingual MiniLM-L6-v2 embeddings for

text-based model. CLIP was used as a multimodal
LLM which combines language and image
representations in a single joint visual semantic
embedding space.

The primary method used to rank the order of
images, given the noun compound (NC) and the
context sentence, involves a combination of CLIP-
based embeddings and a trained ranking model.
First, the sentence is passed through the CLIP text
encoder to generate a 512-dimensional text em-
bedding, while each candidate image is processed
through the CLIP image encoder to obtain cor-
responding 512-dimensional image embeddings.
These embeddings are then expanded to 513 dimen-
sions by adding an extra feature to match the input
format expected by the trained ranking model.

Both the text and image embeddings are fed
into the ranking model, which predicts a relevance
score indicating how well each image matches
the given sentence. Separately, the cosine simi-
larity between the original CLIP text and image
embeddings is calculated and normalized. The
final score for each image is computed by averag-
ing the model-predicted score and the normalized
CLIP similarity. The images are then ranked in
descending order based on these final combined
scores. This hybrid approach ensures that the rank-
ing not only captures basic visual-textual similarity
but also leverages the model’s ability to distinguish
subtle differences in literal and figurative mean-
ings.

Our submission scored 0.60 accuracy in both
subtasks A and B. Table 1 shows the results for the
two models: MiniLM and MiniLm+CLIP. MiniLm
scores 0.27 but after integrating MiniLm with CLIP,
it scores 0.60. Because CLIP has strong image-text
alignment capabilities, helping the model better as-
sociate idiomatic/literal sentences with correspond-
ing images.

Discounted Cumulative Gain(DCG) prioritizes
correct images appearing earlier. The increases
from 2.54 to 2.94 means that MiniLM + CLIP as-
signs higher relevance scores to correct images
by combining both textual and visual embeddings.
Classification Accuracy represents how well the
model distinguishes between idiomatic/literal sen-
tences. MiniLM with CLIP improves accuracy
score to 0.40 while MiniLM scores 0.10, which
means it misclassifies the sentence type
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Dataset Top Accuracy MRR DCG
Score

Spearman
Corr.

Accuracy

Minilm 0.27 0.20 2.54 -1.00 0.10

Minilm + CLIP 0.60 0.34 2.94 0.04 0.40

Table 1: Model scores using the automatic evaluation metrics

7 Conclusion

This study explores the integration of textual and
visual modalities to improve idiomatic expression
understanding within the AdMIRe task. We con-
structed a visual idiom dataset, incorporating hu-
man augmented prompt engineering and AI based
image generation. Our experiments highlight the
strengths and limitations of both text-based and
vision-language models in idiomaticity detection.
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