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Abstract

This paper describes our system developed for
SemEval-2025 Task 1 : Advancing Multimodal
Idiomaticity Representation. This task focuses
on ranking images based on the relevance of
their visual content and descriptive text to the
specific meaning of a given noun compound.
Leveraging parameter-efficient fine-tuning of
the BLIP-2 model and external knowledge in-
jected through the DeepSeek, our method en-
ables effective ranking of images based on se-
mantic relevance to noun compounds. Specifi-
cally, we fine-tune BLIP-2 with LoRA on the
provided training dataset to generate descrip-
tive captions for candidate images. The gener-
ated captions are then integrated with the origi-
nal image descriptions using a large language
model to create a unified textual representation,
which, along with the target noun compound
and its sentential context, serves as input for
the DeepSeek. Our system achieves a classifi-
cation accuracy of 0.73 on the English dataset
and 0.85 on the Portuguese dataset.

1

In SemEval-2025 Task 1 Subtask A (Pickard et al.,
2025), participants are challenged to rank images
based on their relevance to a given noun compound
(NC) within a specific sentential context. This task
aims to address the limitations of current large lan-
guage models, which, compared to humans, often
struggle with figurative expressions such as idioms
(Tayyar Madabushi et al., 2021; Chakrabarty et al.,
2022; Phelps et al., 2024). Building on the premise
that human understanding of idioms relies on multi-
sensory interactions with the real world (Lakoff
and Johnson, 1980), Subtask A leverages visual
representations to encourage the development of
models that can better capture the semantic mean-
ing of idioms, a crucial aspect of natural language
understanding.

To address this challenge, we propose a system
that leverages image-to-text techniques for data
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augmentation and utilizes advanced large language
models to improve classification accuracy by com-
bining parameter-efficient fine-tuning of a multi-
modal model with external knowledge injection.

We employ LoRA to fine-tune the BLIP-2 model
(Li et al., 2023), a pre-trained multimodal model
that excels at vision-language tasks, in order to
generate descriptive captions for candidate images.
BLIP-2 leverages a frozen image encoder and a
learned query transformer to efficiently bridge the
gap between visual and textual representations,
making it well-suited for capturing the interplay
between images and idiomatic expressions.

With the recent surge in popularity of DeepSeek,
we utilized it for text integration and relevance
analysis in the later stages of our experiments.The
generated captions are then combined with the orig-
inal image descriptions using DeepSeek to produce
comprehensive and richly detailed textual represen-
tations, which are input to the DeepSeek API for
inference in order to rank the images based on their
contextual relevance to the target noun compound.
By combining visual grounding with the reasoning
capabilities of a large language model, our system
aims to enhance idiomaticity representation and un-
derstanding, while also demonstrating the potential
of multimodal models for this task.

Our experimental results on the SemEval-2025
Task 1 Subtask A dataset demonstrate that our sys-
tem achieves promising ranking performance, ob-
taining high accuracy scores on both the English
(0.73) and Portuguese (0.85) datasets. These find-
ings highlight the potential of leveraging multi-
modal models for visually grounded language un-
derstanding and contribute to the development of
more robust and context-aware techniques for id-
iomaticity representation.
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2 Background

2.1 Dataset Description

The dataset used in the experiment is divided into
two parts, English and Portuguese. The English
part contains 70 data and the Portuguese part con-
tains 32 data. Each data is composed of: a com-
pound word, a sentence using the compound word,
the meaning type of the compound word in the
sentence, five comic pictures associated with the
compound word, and a text description of each
picture.

2.2 Related Work

With the rapid development of machine learning,
how to make machines learn to understand col-
loquialisms has become a very interesting topic.
In recent years, many works have used various
methods to explore this direction, such as synonym
knowledge enhancing (Long et al., 2020), multi-
granularity reasoning (Dai et al., 2023), and multi-
semantic contrasting (Wu et al., 2024).

The superior ability of large language models
has brought new possibilities for the development
of colloquialism understanding. Some works (Don-
thi et al., 2024) have been thinking about how to
enhance the understanding ability of large language
models for colloquialisms while taking advantage
of the basic reasoning ability of models. At the
same time, many works (Khoshnevisan, 2019) are
also exploring whether multimodal information and
models can enhance the understanding ability of
colloquialisms. The series of studies shows that the
use of multimodal large models for colloquialism
understanding tasks is worthy of in-depth explo-
ration, and can provide more fresh ideas for the
improvement of this task.

3 System Overview

Our system aims to enhance ranking accuracy by
transforming the multimodal task into a purely text-
based one, leveraging image-to-text models in the
initial stage. Given that current large language mod-
els (LLMs) exhibit a comparatively limited capac-
ity for image understanding compared to their pro-
ficiency in processing textual data, we strategically
employ BLIP-2 for initial data augmentation. This
allows us to transform the images into text, thereby
enabling the use of more sophisticated LLMs for
downstream processing and ultimately achieving
superior ranking outcomes.Following this rationale,

our system is structured into two primary compo-
nents: Data Augmentation and Relevance Assess-
ment. The overall architecture of the system is
illustrated in Figure 1.

3.1 Data Augmentation

In this task, we employ BLIP-2 for data reprocess-
ing to achieve the goal of data augmentation.

3.1.1 Fine-tuning

In this stage, we extracted all image-text pairs from
the provided training and development datasets.
To enhance the quality of image descriptions, we
fine-tuned the BLIP-2 model using LoRA on these
extracted pairs. Additionally, to assess the impact
of dataset size on performance, we conducted a
comparative experiment by randomly selecting 100
image-text pairs and fine-tuning a separate BLIP-2
model on this smaller subset. This allowed us to
evaluate the effectiveness of our data augmentation
strategy and explore the trade-off between dataset
size and model accuracy.

Our results indicate that the BLIP-2 model fine-
tuned on the smaller 100-pair dataset, while main-
taining adherence to accurate image content de-
scriptions, exhibited a greater capacity for generat-
ing creative and detailed textual descriptions com-
pared to the model fine-tuned on the full dataset.

3.1.2 Caption Integration

A naive approach of simply concatenating the
BLIP-2 generated image descriptions with the orig-
inal captions often resulted in redundancy and log-
ical inconsistencies, thereby hindering effective
downstream relevance ranking. To address these
limitations, we opted to leverage a large language
model (LLM) for text integration.

Specifically, we employed the DeepSeek API,
prompting it with carefully designed instructions to
synthesize the two textual sources into a coherent
and concise description. These instructions were
carefully crafted, assigning DeepSeek the role of
a "master of textual integration and reasoning."
Beyond ensuring information completeness and
logical coherence, the instructions also encouraged
DeepSeek to infer symbolic meanings from the de-
scriptive details. This strategic prompting aimed to
enrich the integrated text with novel insights, ulti-
mately enhancing the performance of downstream
relevance assessment. This approach ensured that
the resulting textual representation was not merely
a concatenation of information, but rather a logi-
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Figure 1: The overall architecture of our proposed system.

cally consistent and semantically rich summary, fa-
cilitating improved comprehension by subsequent
ranking models.

3.2 Relevance Assessment

In the second component of our system, we ex-
plored two distinct approaches to achieve effective
relevance ranking. The first approach involved di-
rect utilization of a large language model (LLM)
API, prompting the model with carefully crafted
queries to elicit a ranking based on contextual rele-
vance. The second approach focused on training a
smaller, resource-efficient LLM, such as Llama 3.1
or Qwen 2.5, through fine-tuning on the generated
textual data, which was obtained in the previous
steps. This allowed us to compare the effective-
ness of a zero-shot approach leveraging a powerful
LLM API with a fine-tuning approach using a more
specialized and resource-conscious model.

3.2.1 Direct API calls

For the relevance assessment component, we again
utilized the DeepSeek API to analyze the degree
of relatedness between the generated image de-
scriptions and the target compound phrases. In
this context, DeepSeek was prompted with metic-
ulous instructions, assuming the role of an "im-
age relevance ranking expert." These instructions
directed DeepSeek to consider both the intrinsic
meaning of the compound phrase and its nuanced
interpretation within the provided sentential con-
text. Furthermore, DeepSeek was explicitly in-
structed to account for any potential idiomatic or
homophonic meanings of the compound, while pro-
viding a detailed rationale for the resulting image

ranking. This deliberate approach ensured a thor-
ough and context-aware evaluation of image rele-
vance, moving beyond simple keyword matching
to incorporate a deeper understanding of semantic
relationships.

To generate relevance rankings, we formatted
the compound phrase, the corresponding sentence,
the five integrated descriptions, and the names of
each image from the newly created dataset into a
structured input for the DeepSeek API. This input,
combined with the aforementioned instructions, en-
abled DeepSeek to produce both a ranked list of im-
ages and a detailed rationale outlining its reasoning
process. This output was then used for subsequent
evaluation.

3.2.2 Fine-tuning LLMs

In addition to leveraging the DeepSeek API, we ex-
plored a second strategy for relevance assessment:
fine-tuning smaller, more resource-efficient large
language models (LLMs) on the generated textual
data. This approach involved training both Llama-
3.1-8B and Qwen2.5-7B models on a dataset com-
prising the combined image descriptions (synthe-
sized as previously described), the corresponding
compound phrase, and the sentence providing con-
textual information. The objective of this fine-
tuning process was to directly instill within these
models the ability to discern and rank images based
on their relevance to the target compound phrase.
While this fine-tuning approach offered the ad-
vantage of creating specialized models with poten-
tially lower inference costs compared to relying
on an external API, our experimental results in-
dicated a clear performance gap compared to the
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DeepSeek API-based ranking. Specifically, the
models fine-tuned on Llama-3.1-8B and Qwen2.5-
7B, while demonstrating some ability to capture
semantic relationships, struggled to achieve the
same level of accuracy and coherence in image
ranking as the DeepSeek API, particularly in nu-
anced cases requiring a deeper understanding of
idiomatic meanings. This suggests that, for this
specific task and dataset, the reasoning capabili-
ties and broader knowledge base inherent in larger,
externally hosted LLMs offer a distinct advantage
over the knowledge and skills that can be acquired
through fine-tuning smaller models.

Despite the reduced performance, we believe
that exploring fine-tuning approaches remains valu-
able. Further research could investigate techniques
such as more extensive fine-tuning, the incorpo-
ration of more diverse training data, or the use of
specialized loss functions to better optimize smaller
models for this challenging relevance ranking task.

4 Experimental setup

4.1 DeepSeek API-based Ranking

To leverage the DeepSeek API for relevance rank-
ing, we designed a meticulous prompt that com-
bined the task instruction, the target noun com-
pound, the contextual sentence, and the generated
image descriptions. The prompt was structured to
explicitly guide the LLM to assess the semantic
similarity between the images and the compound,
while considering both literal and figurative inter-
pretations of the compound within the given con-
text. Furthermore, the prompt requested a clear and
detailed rationale for the model’s ranking decision,
allowing for a qualitative analysis of the model’s
reasoning process.

We accessed the DeepSeek API through the
OpenAl Python library, configuring the API client
with our unique API key and the appropriate base
URL. The model parameter was set to "deepseek-
reasoner” directing the API to utilize DeepSeek’s
general-purpose conversational model. For each
data instance, the meticulously crafted prompt was
packaged into a message with the "user" role and
sent to the DeepSeek API. The resulting JSON re-
sponse, containing the ranked list of images and
the associated rationale, was then parsed to extract
the predicted ranking.

4.2 Fine-tuning LLAMA and Qwen

For our fine-tuning experiments, we employed the
Llama-Factory framework !, a user-friendly and
efficient tool for adapting large language models.
Llama-Factory provides a streamlined interface for
managing the fine-tuning process, encompassing
data loading, model configuration, and training
loop management. This framework facilitated ex-
perimentation with diverse hyperparameters and
training strategies while ensuring consistent and
reproducible results. We leveraged this framework
to fine-tune both Llama-3.1-8B and Qwen2.5-7B.

Prior to fine-tuning, the BLIP-2 generated tex-
tual descriptions were combined with the original
image descriptions as described previously to cre-
ate a more comprehensive data format. We struc-
tured this data into a JSON file with a distinct in-
struction format that incorporated task descriptions.
The fine-tuning process was conducted using opti-
mized parameters saved within the model directory.
Subsequently, we utilized the fine-tuned Llama-3.1-
8B and Qwen2.5-7B models directly for inference,
generating ranking predictions via their respective
APIs. These predictions were then used for evalua-
tion.

4.3 Evaluation Method

We employed the officially provided CodaBench
website 2 for accuracy evaluation.

5 Results

The results of our experiments demonstrate a sig-
nificant performance disparity between the two
relevance ranking approaches. Specifically, the
ranking accuracy achieved by directly utilizing the
DeepSeek-R1 API substantially outperformed that
of the Llama-3.1-8B and Qwen2.5-7B models after
fine-tuning. The ranking accuracy of both meth-
ods on the given dataset is summarized in Table 1.
This suggests that, for the task of visually grounded
noun compound ranking, the inherent reasoning ca-
pabilities and extensive knowledge base of large,
externally hosted LLMs offer a distinct advantage
over models that have been fine-tuned on a limited
dataset.

Furthermore, we observed that the DeepSeek
API, when provided with the textually augmented

"https://github.com/hiyouga/
LLaMA-Factory

https://www.codabench.org/
competitions/4345/#/pages—-tab
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Deepseek APl Llama-3.1-8B  Qwen2.5-7B
EN 0.73 0.37 0.27
PT 0.85 0.34 0.29

Table 1: The ranking accuracy of both methods on the
given dataset.

data, generated more accurate relevance rankings
compared to both the original image-text data and
the results obtained without any data augmenta-
tion. This indicates that our data augmentation
strategy, which leverages image-to-text generation
to enrich the textual representation of images, ef-
fectively enhances the ability of LLMs to discern
nuanced semantic relationships and perform robust
relevance assessments.

This observation highlights the challenge of ef-
fectively transferring knowledge acquired through
fine-tuning to complex tasks that require nuanced
semantic understanding. While the fine-tuned mod-
els demonstrated some capacity for capturing re-
lationships between images and text, they appear
to have struggled to generalize to the complexities
of idiomatic expressions and the subtle contextual
cues required for accurate relevance assessment.
This underscores the importance of leveraging the
vast pre-existing knowledge and sophisticated in-
ference mechanisms embodied in advanced LLM
APIs for tasks demanding a high degree of seman-
tic understanding and reasoning.

6 Conclusion

In this work, we successfully addressed the chal-
lenge of visually grounded idiom understanding
and ranking by combining data augmentation with
fine-tuned BLIP-2 and leveraging the DeepSeek-
R1 API. Our experimental results demonstrated
that this synergistic approach yields high accuracy
in ranking images according to their relevance to
idiomatic expressions. Furthermore, our investiga-
tion of alternative strategies illuminated the perfor-
mance gap between fine-tuning smaller parameter
models and directly utilizing large language model
APIs for this complex task.

Future research will focus on exploring further
possibilities for multimodal idiom understanding.
Key areas of investigation include enhancing the
direct comprehension capabilities of multimodal
LLMs for both image and text information, and
exploring the use of text-to-image generation tech-
niques to facilitate more effective text-based rank-

ing approaches.
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A Appendix
Table 2 gives the prompts used during experimen-
tation.

phase Prompt

integrative phase

You are now a master of image information integration, and I need you to
help me integrate two descriptions of the same image. It is required that no
key or detailed information be omitted, and at the same time, you can think
and speculate on the content or scene present in the image, such as expressing
emotions or possible metaphors.

sort phase

You are now an excellent expert in matching graphic and textual information
and sorting relevance. Please help me complete an image sorting task. Be-
low, I will provide you with a phrase (compound), a sentence that uses this
phrase (sentence), the type of meaning of the phrase in the sentence (sen-
tence_type), as well as the names of five images and their respective descriptive
texts(image_caption). Please evaluate the relevance of these five images to the
phrase I have given based on their descriptive texts, and perform a sorting task,
requiring them to be sorted in descending order of relevance, with the most rele-
vant ones written at the beginning. When evaluating relevance, you can refer to
the meanings of the phrases I provided in the sentence to better understand their
true meanings. Please carefully analyze and perform the sorting task. Sort the
images by their names, with output formats similar to [’35234427395. png ’,
53378381715. png ’, 39938261459. png °, 7485253662. png ’, 54879908369.

png’]

Table 2: The prompts used during experimentation.
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