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Abstract

Idiomatic expressions present significant chal-
lenges for natural language understanding sys-
tems as their meaning often diverge from the
literal interpretation. While prior works have
focused on textual idiom detection, the role of
visual content in reasoning about idiomaticity
remains underexplored. This study introduces
a Chain-of-Thought reasoning framework that
enhances idiomatic comprehension by ranking
images based on their relevance to a compound
expression used in a reference sentence, requir-
ing the system to distinguish between idiomatic
and literal meanings. We comprehensively eval-
uate our approach by quantitatively analyzing
the performance improvements achieved inte-
grating textual and visual information in the
ranking process through different prompting
settings. Our empirical findings provide in-
sights into the capabilities of visual Large Lan-
guage Models to establish meaningful correla-
tions between idiomatic content and its visual
counterpart, suggesting promising directions
for multimodal language understanding.

1 Introduction

Idiomatic Expressions (IEs) are a unique and chal-
lenging natural language aspect. Their meaning
often cannot be inferred directly from their indi-
vidual words, making them particularly difficult
for computational models to process (Mi et al.,
2024). Unlike literal phrases, IEs require under-
standing linguistic conventions, context, and some-
times even cultural background (Hajiyeva, 2024).
Given their widespread use, accurately interpret-
ing idioms is crucial for many natural language
processing (NLP) tasks, including fact-checking,
hate speech detection, sentiment analysis, machine
translation, and question-answering (Yosef et al.,
2023; Tan and Jiang, 2021), Misunderstanding the
idiomatic meaning can lead to significant errors in
these applications, affecting accuracy and usability.

The recent success of Large Language Mod-
els (LLMs) has significantly advanced the field.
They have demonstrated strong performance in
several NLP tasks through zero-shot and few-shot
prompting (Wei et al., 2022b,a), showcasing their
ability to handle complex reasoning challenges
with minimal supervision. However, their ability
to effectively process IEs remains an open ques-
tion (De Luca Fornaciari et al., 2024). Additionally,
as visual LLMs become widespread, it is worth in-
vestigating whether these models can effectively
associate visual information with the IEs’ meaning.

In this work, we propose a novel Chain-of-
Thought (CoT) framework to explore multimodal
idiomaticity understanding. Specifically, we inves-
tigate how visual LLMs can integrate textual and
visual information to establish meaningful connec-
tions between IEs and their corresponding visual
representations. Our approach leverages structured
reasoning to guide LLMs in ranking images based
on their relevance to a given either literal or id-
iomatic compound, assessing whether visual-text
content relations contribute to a more accurate in-
terpretation of IEs’ meaning.

Our contributions are twofold: (i) We intro-
duce a novel multimodal idiomaticity understand-
ing framework using Chain-of-Thought prompting,
and (ii) We investigate how visual LLMs can lever-
age step-by-step reasoning to accurately rank im-
ages based on the meaning of a compound word as
used in a given sentence, distinguishing between
idiomatic and literal interpretations.

The code and some examples are available at
PoliTo-AdMIRe repository1.

2 Related Works

While previous research has explored idiom detec-
tion and interpretation from text, the role of mul-

1https://github.com/DavideNapolitano/Beyond-Literal-
Meaning-A-Chain-of-Though-Approach-for-Multimodal-
Idiomacity-Understanding/tree/main
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Figure 1: Different Prompt settings. Each titled block describes a different tested approach. Each inner block
represents an interaction with the LLM. Consecutive inner blocks connected by an arrow represent consecutive
interactions in the same LLM chat.

timodality in idiomaticity understanding remains
largely unexplored. Most related studies have ad-
dressed figurative language understanding and dis-
ambiguation of a mix of visual and textual con-
tent. Specifically, visual figurative meaning un-
derstanding (Saakyan et al., 2024) aims to asses
visual premise entails or contradicts a textual hy-
pothesis. Instead, given a target word with lim-
ited textual context, visual-word sense disambigua-
tion (Raganato et al., 2023) focuses on selecting,
among a set of candidate images, those correspond-
ing to its intended meaning. The AdMIRe chal-
lenge (Pickard et al., 2025) extends this idea to id-
iomatic expressions, considering idioms as textual
descriptions and images that capture their intended
meaning.

Transformer architectures, such as CLIP (Rad-
ford et al., 2021), and visual LLMs, such as
LLaVA (Liu et al., 2023), have already shown
promising performance on several multimodal
tasks (Kulkarni et al., 2024; Vaiani et al., 2023;
D’Amico et al., 2023; Napolitano et al., 2024) Fur-
thermore, more advanced visual LLMs, such as
Qwen2.5-VL (Bai et al., 2025) or Gemini (Team
et al., 2023), have been trained to handle multi-
ple images. Finally, combining visual models and
LLMs with multimodal Chain-of-Thoughts (CoT)
already demonstrated state-of-the-art performance
in many vision-language tasks (Shao et al., 2024;
Mondal et al., 2024; Zhang et al., 2024). Accord-
ingly, our approach relies on CoT to improve visual
LLMs’ understanding of idiomatic expressions.

3 Methodology

Our approach investigates whether visual LLMs
can accurately rank candidate images based on
their relevance to a given textual compound used
in a reference sentence. Since the compounds can
assume either an idiomatic or a literal meaning,
disambiguating their usage is crucial for meaning-
ful image ranking. To address this, we propose a
Chain-of-Thought (CoT) framework that integrates
explicit reasoning steps to improve the ranking pro-
cess. Figure 1) depicts the proposed solution.

As a starting point, we evaluate off-the-shelf vi-
sual LLMs by providing them with a sentence, the
target compound expression, and five candidate im-
ages, prompting them to rank the images based on
how well they reflect the compound’s meaning in
context. The Standard Inference block in Figure 1
refers to this approach. This setup allows us to
assess whether these models can naturally align
visual content with textual semantics.

We introduce a stepwise CoT framework incor-
porating structured reasoning into the ranking pro-
cess to improve performance. The first step in-
volves text-based idiomaticity classification, where
a standard text-only LLM is used to determine
whether the compound is being used literally or
idiomatically in the given sentence. This binary
classification provides crucial disambiguation be-
fore any visual reasoning takes place. Once the
compound’s usage is classified, this information is
explicitly injected into the visual LLM’s prompt,
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helping the model contextualize the ranking task
correctly. Equipped with this knowledge, the vi-
sual LLM is then asked to rank the images, now
with a clearer understanding of whether the com-
pound should be interpreted in a literal or idiomatic
sense. The Idiomatic Classification Injection block
in Figure 1 describes this strategy.

To increase the quality of this approach, we also
propose an iterative CoT framework, where the
visual LLM undergoes a multi-step reasoning pro-
cess before producing a final ranking. This method
retains the idiomaticity classification step, where
the visual LLM explicitly informs whether the com-
pound is used literally or idiomatically. Then, the
model is prompted to extract key visual elements
from each image that may be relevant to the com-
pound’s meaning. This step allows the model to
focus on meaningful visual details that align with
the expected interpretation. After identifying these
elements, the model is instructed to rank the images
based on the extracted features and the previously
injected idiomaticity classification. Notably, the
ranking prompt is adapted depending on whether
the compound is used literally or idiomatically,
ensuring that images are evaluated based on the
correct semantic perspective. This technique is de-
picted in the Chain-of-Thought block of Figure 1.
Each arrow represents a subsequent interaction in
the visual LLM chat.

Finally, we incorporate a few-shot learning ap-
proach to improve idiomaticity-aware image rank-
ing further. This approach provides the visual
LLMs with in-context examples before perform-
ing the ranking task, where each example follows
the entire Chain-of-Thought pipeline. The Chain-
of-Thought + Few Shot block in Figure 1 visually
describes this technique.

4 Experimental Results

4.1 Dataset
The AdMIRe challenge organizers released a
dataset designed for understanding idiomatic ex-
pressions in a multimodal context. Each sample
consists of a reference sentence, a compound ex-
pression used in the sentence, and five candidate
images with their relative captions that could rep-
resent the compound’s meaning within the given
context.

The dataset is divided into three subsets:

• Train Set, it contains 70 samples, enriched
with target annotations, including the com-

pound’s usage type (literal or idiomatic) and
the image ranking based on its relevance to
the compound’s meaning.

• Test Set, contains 15 samples, released without
target annotations at challenge time.

• Extended Test Set, it expands the previous Test
Set with 100 additional samples, offering a
more extensive evaluation benchmark.

Given the relatively small size of these sets, train-
ing a model could be challenging. However, the
dataset still provides enough diverse examples to
explore effective CoT prompting strategies and con-
struct heterogeneous in-context learning demon-
strations, allowing for a meaningful analysis of
multimodal idiomaticity understanding.

4.2 Experimental Setup
To evaluate the effectiveness of our Chain-of-
Thought (CoT) framework in multimodal id-
iomaticity understanding, we conduct experiments
using several visual LLMs:

• Qwen2.5-VL (Bai et al., 2025), an open-
source vision-language model that integrates
visual perception with large-scale text gener-
ation. We employ the 7B instruction-tuned
version of this model2.

• Gemini Flash (F) (Team et al., 2023), both
1.5 and 2.0 versions, a Google proprietary
multimodal model designed for fast inference
while maintaining strong performance across
vision-language tasks3.

• Gemini Flash Thinking (FT) (Team et al.,
2023), version 2.0 only, a variant of Gemini
Flash designed to enhance complex reasoning,
making it particularly relevant for structured
multimodal reasoning tasks4.

As a baseline, we frame the task as a text-to-
image retrieval problem, using the large5 version
of CLIP (Radford et al., 2021) to measure the se-
mantic similarity between the sentence containing
the compound and the five candidate images, rank-
ing them accordingly.

In our CoT approach, we first determine whether
the compound in the sentence is used in a literal

2https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
3Gemini 2.0 Flash Exp on Gemini API
4Gemini 2.0 Flash Thinking Exp 01-21 on Gemini API
5https://huggingface.co/openai/clip-vit-large-patch14
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Type Model CLS CoT Few Shot Test Set Extended Test Set
Top 1 Accuracy DCG Score Top 1 Accuracy DCG Score

M
ul

tim
od

al

CLIP - - - 0.40 2.71 0.44 2.82

Qwen2.5-VL

- - - 0.40 2.70 0.56 2.97
- - 0.53 2.80 0.58 3.00

- 0.27 2.41 0.33 2.62
0.40 2.69 0.42 2.75

Gemini 1.5
Flash

- - - 0.67 2.99 0.53 2.89
- - 0.60 2.95 0.53 2.89

- 0.73 3.34 0.64 3.15
0.73 3.28 0.77 3.33

Gemini 2.0
Flash

- - - 0.60 3.10 0.73 3.24
- - 0.60 3.07 0.75 3.27

- 0.80 3.40 0.69 3.25
0.73 3.23 0.88 3.45

Gemini 2.0
Flash Thinking

- - - 0.73 3.25 0.76 3.29
- - 0.87 3.35 0.73 3.24

- 0.73 3.23 0.81 3.36
0.87 3.40 0.87 3.40

Te
xt

CLIP-Text - - - 0.47 2.69 0.49 2.83

Gemini 2.0
Flash Thinking 0.73 3.17 0.78 3.28

Table 1: Model Performance Comparison for both Multimodal and Text-only approaches. Best results are reported
in bold

or idiomatic sense. To ensure high-quality classi-
fication, we rely on the best-performing LLM to
generate this classification label. In our case, Gem-
ini 2.0 FT is identified as the candidate compound
usage type classifier (i.e, if the compound usage in
the sentence is idiomatic or literal), providing the
best classification result on the AdMIRe Train Set,
with an accuracy of 90%. The resulting idiomatic-
ity class is then injected as prior knowledge into
the prompts of all tested visual LLMs.

Regarding the few-shot approach, we randomly
select three different train samples as in-context
examples for both the literal and the idiomatic
use case. These samples undergo the same CoT
pipeline described in Section 3. For the Qwen
model, we decrease the number of in-context ex-
amples to one, due to memory constraints.

We also apply the proposed framework to the
text-only version of the AdMIRe challenge. In
the absence of visual input, we maintain identical
prompt formats as delineated in Section 3, substitut-
ing image inputs with their corresponding textual
captions provided in the dataset.

All tested models have been evaluated using
the official AdMIRe competition test sets, denom-
inated as Test Set and Extended Test Set, and met-
rics, i.e., top 1 accuracy and Discounted Cumula-

tive Gain (DCG) score. In detail, Top-1 accuracy
measures the model’s ability to select the most ap-
propriate image from five candidates. On the other
hand, the DCG score evaluates the quality of the
entire ranking of these images, providing insight
into the model’s overall ordering capabilities.

4.3 Results

Table 1 shows the obtained results. All employed
visual LLMs in their default inference setting were
prompted to directly provide a rank of the images
and overcome the CLIP baseline, with Gemini 2.0
FT achieving the highest performance.

The three techniques constituting our framework,
i.e., idiomatic classification, CoT, and few-shot
learning, are evaluated as incremental steps. Inject-
ing the result of idiomatic classification (CLS: )
only into the prompting of visual LLMs does not
produce relevant performance changes and the re-
sults reflect those of the standard approach, with
a slightly improved performance on the Extended
Test Set. However, Qwen and Gemini 2.0 FT per-
formance only increases on the Test Set. Although
this improvement affects only two out of four tested
models, it can be attributed to the composition of
this specific evaluation set. The Test Set presum-
ably contains more ambiguous usages of the com-
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pounds, making the idiomatic classification result
a piece of valuable information to address the rank-
ing task. Notably, Gemini 2.0 FT obtains the higher
Top-1 accuracy value on the Test Set with this ap-
proach.

The introduction of Chain of Thought (CoT)
without adopting few-shot learning produces
model-dependent effects with notable differences
between the test and extended test sets. We can no-
tice a significant decrease in the Qwen performance
on both evaluation sets. This is probably due to the
model size, which is too small to handle the entire
reasoning pipeline completely. On the other hand,
this approach is beneficial for all the Gemini family
models: Gemini 2.0 FT improves on the Extended
Test Set, Gemini 2.0 F improves on the Test Set,
and Gemini 1.5 F improves on both evaluation sets.
Noteworthy that Gemini 2.0 F obtains the higher
DCG value on the Test Set with this approach.

Moving forward, including a few-shot learning
technique (Few Shot: ) in our CoT pipeline leads
to the best results. For Gemini 1.5 F, this combi-
nation maintains the improvements obtained using
CoT only on Test Set, while substantially improv-
ing Extended Test Set performance. Gemini 2.0 F
performance slightly decreases from CoT-only to
CoT plus Few Shot on the Test Set but achieves its
peak performance on the Extended Test Set, rep-
resenting the best performance among all models.
This combination of CoT and in-context learning
allows Gemini 2.0 FT to achieve the highest overall
results on both metrics for the Test Set. Also, the
results on the Extended Test Set improve signifi-
cantly, settling slightly below those of the Gemini
2.0 F. Moreover, thanks to introducing few-shot
learning, Qwen can better understand the previous
CoT pipeline, partially restoring its performance.

Although the effect of the proposed steps seems
to be model-dependent, the results demonstrate the
effectiveness of employing both CoT and few-shot
learning, which always lead to the best result.

Finally, we use the best-performing model over-
all, i.e., Gemini 2.0 FT, to evaluate the proposed
approach in a text-only fashion and compare it with
a baseline model, i.e, CLIP-Text. The results re-
ported in the bottom section of Table 1 provide valu-
able comparative insights. The textual encoder of
CLIP performs similarly to its multimodal counter-
part. Accordingly to the multimodal case, Gemini
2.0 FT achieves substantial improvement. However,
it achieves lower metric values than its multimodal
implementation, indicating that the visual modality

provides essential information to accurately asso-
ciate idiomatic expressions with the corresponding
meaning.

5 Conclusions

In this work, we investigated the role of multimodal
reasoning in idiomaticity understanding, introduc-
ing a novel Chain-of-Thought (CoT) framework
to enhance the ranking of images based on their
association with idiomatic expressions.

We observed that standard prompting of Visual
LLMs is insufficient for correctly ranking images
according to idiomatic meanings. The joint intro-
duction of idiomatic classification, CoT reasoning,
and few-shot learning consistently led to the best
results, proving the effectiveness of step-by-step
reasoning and in-context learning for this task. Fur-
thermore, we evaluated the extent to which visual
components contribute supplementary information
that enhances task resolution, assessing its rele-
vance.

Future work could explore more advanced
prompting strategies, model fine-tuning, and larger-
scale idiomaticity datasets to enhance the robust-
ness of multimodal idiomaticity understanding fur-
ther.
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