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Abstract
This paper introduces Context-Aware Vision
Language Ranking (CAViLR), a novel mul-
timodal approach designed to tackle the chal-
lenges of idiomaticity understanding in both
text and images for SemEval-2025 Task 1. In
Task 1a, our method ranks a set of images based
on their relevance to an idiomatic compound in
a given context sentence. For Task 1b, we ex-
tend this approach by predicting the final image
in a sequence and disambiguating whether the
idiom is used figuratively or literally. By lever-
aging state-of-the-art vision-language models
like CLIP, Pixtral-12B, and Phi-3.5, along
with a Mixture of Experts (MoE) framework,
CAViLR effectively integrates multimodal in-
formation. Our system demonstrates improved
performance in both tasks, offering significant
advancements in bridging visual and textual
semantics and addressing the complexities of
idiomatic expressions.

1 Introduction

Idiomatic Expressions (IEs) present a unique chal-
lenge in natural language processing. Their mean-
ings often cannot be deduced from individual
words, making them difficult for computational
models to process (Mi et al., 2024). Unlike literal
expressions, IEs require understanding of linguis-
tic conventions, context, and sometimes cultural
nuances (Hajiyeva, 2024). Given their prevalence,
accurately interpreting idioms is essential for vari-
ous NLP tasks such as fact-checking, hate speech
detection, sentiment analysis, machine translation,
and question-answering (Yosef et al., 2023; Tan
and Jiang, 2021). Misinterpreting idiomatic mean-
ing can lead to significant errors, impacting the
accuracy and reliability of these applications.

The AdMIRe challenge (Pickard et al., 2025)
pushes the boundaries of multimodal understanding
by focusing on idiomatic nominal compounds in
rich visual contexts. The task presents two main
challenges:

• Task 1a: Image Ranking — Rank five im-
ages based on how well they represent the
intended sense of an idiomatic compound in a
context sentence.

• Task 1b: Image Sequence Prediction and
Idiom Disambiguation — Predict the final
image in a sequence and determine whether
the idiom is used literally or figuratively.

We propose a novel approach, Context-Aware
Vision-Language Ranking (CAViLR), that inte-
grates CLIP as a baseline model with a Mixture of
Experts (MoE) framework. This hybrid ensemble
method addresses the challenges of understanding
idiomatic expressions in visual contexts.

Our approach operates in two stages:

1. Baseline Model (CLIP): We first use CLIP
for both image ranking and sequence predic-
tion. CLIP provides a strong foundation by
mapping both text and images into a shared
embedding space (Kulkarni et al., 2024).

2. Hybrid Model with MoE: We then enhance
performance using a Mixture of Experts
(MoE) framework, where the model dynami-
cally selects expert models like Pixtral-12B
for visual-textual understanding (Agrawal
et al., 2024) and Phi-3.5 for textual analysis,
optimizing performance for each task.

This hybrid approach improves both image rank-
ing (Task 1a) and image sequence prediction with
idiomatic disambiguation (Task 1b). The MoE in-
tegration dynamically selects the best expert based
on the input, improving performance across tasks.

In the following sections, we detail the dataset
and evaluation setup (§3), describe our methodol-
ogy (§4), present experimental results (§5), and
discuss the implications of our findings. Further
details can be found on the official task webpage
(SemEval-2025 Task 1, 2025).
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2 Related Works

While prior research has focused on idiom detec-
tion and interpretation from text, the role of mul-
timodality in idiomaticity understanding remains
underexplored. Most related studies address figu-
rative language understanding and disambiguation
of mixed visual and textual content. Specifically,
visual figurative meaning understanding (Saakyan
et al., 2024) aims to assess whether a visual premise
entails or contradicts a textual hypothesis. In con-
trast, visual-word sense disambiguation (Raganato
et al., 2023) focuses on selecting, from a set of
candidate images, those that match the intended
meaning of a target word with limited textual con-
text. The AdMIRe challenge (SemEval-2025 Task
1) extends this idea to idiomatic expressions, where
idioms are considered as textual descriptions and
images that capture their intended meaning.

Transformer architectures, such as CLIP (Kulka-
rni et al., 2024), and visual LLMs like LLaVA
(Liu et al., 2023), have shown promising perfor-
mance on various multimodal tasks (Kulkarni et al.,
2024; Vaiani et al., 2023; D’Amico et al., 2023;
Napolitano et al., 2024). Moreover, advanced vi-
sual LLMs, such as Qwen2.5-VL (Bai et al., 2025),
Pixtral-12B (Agrawal et al., 2024), Phi-3.5 (Abdin
et al., 2024) and Gemini (The Gemini Team et al.,
2023), have been designed to handle multiple im-
ages, further enhancing multimodal understanding.

3 Data

This study uses datasets from SemEval-2025 Task
1, with both English and Portuguese data for Sub-
tasks A and B.

3.1 Subtask A - Static Images
The English training data for Subtask A includes 70
items. Each item consists of a sentence with a po-
tentially idiomatic compound and five candidate im-
ages, each with a machine-generated caption. The
dataset is organized in a subtask_a_train.tsv
file containing the following fields:

• compound: The potentially idiomatic noun
compound.

• sentence: The target sentence.

• image{n}_name: The filenames of candidate
images.

• image{n}_caption: Descriptive captions for
each image.

Each compound has a corresponding subfolder
with 5 images.

The Portuguese training data for Subtask A fol-
lows the same structure, with 32 items. Addition-
ally, it includes a image{n}_caption_pt column
for Portuguese captions.

3.2 Subtask B - Sequences
For Subtask B, the English dataset contains 20
items, each consisting of a sequence of images
to complete. The subtask_b_train.tsv file in-
cludes the following fields:

• compound: The idiomatic compound.

• sequence_caption1, sequence_caption2:
Descriptive captions for the first two sequence
images.

• expected_item: The filename of the image
that completes the sequence.

Each subfolder contains 6 images, including two
sequence images and 4 candidates.

The Portuguese data for Subtask B is structured
similarly to the English dataset.

For further details, refer to the official webpage
(SemEval-2025 Task 1, 2025).

4 Methodology

Our approach integrates textual and visual features
to rank images and predict image sequences based
on their relevance to idiomatic expressions in con-
text. We propose a hybrid method, using a Mixture
of Experts (MoE) approach, where multiple ex-
pert models are selectively used for different tasks
based on the input data. The methodology is di-
vided into separate steps for both Subtask A and
Subtask B.

4.1 Data Preprocessing
• Text: Tokenize sentences using the BERT to-

kenizer.

• Images: Normalize and resize images to
224x224 pixels.

4.2 Feature Extraction
For both Subtask A and Subtask B, textual and
visual features are extracted separately:

• Textual Features: Extract sentence em-
beddings using the BERT model (768-
dimensional).
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• Visual Features: Extract image embeddings
using ResNet-50 (2048-dimensional) or ViT
for CLIP (depending on the model choice).

4.3 Models

After feature extraction, we introduce two main
model types: the Baseline Model and Language-
Visual Model (LMM). Both are utilized in a hybrid
fashion to process textual and visual inputs.

4.3.1 Baseline Model: CLIP
For the baseline model, we use CLIP (Contrastive
Language-Image Pre-training), which is an open-
source multimodal model that learns a joint embed-
ding space for images and text. CLIP is pre-trained
on a large dataset and can be fine-tuned to perform
both image ranking and image sequence prediction
tasks effectively.

• Text Encoder: CLIP’s text encoder is based
on a Transformer model (similar to BERT),
which converts input sentences into embed-
dings.

• Image Encoder: CLIP uses a Vision Trans-
former (ViT) to generate image embeddings.

• Contrastive Learning: CLIP uses contrastive
learning to match images with their corre-
sponding textual descriptions.

4.3.2 Language-Visual Model (LMM) with
MoE

For more advanced performance, we adopt a hy-
brid model with the Mixture of Experts (MoE)
approach. The MoE model dynamically selects
expert models based on the task and input context,
enabling specialization for different subtasks.

• Model Selection: Utilize Pixtral-12B for
visual-textual understanding, and Phi-3.5 for
textual interpretation. Both models are part of
the expert set in the MoE framework.

• MoE Integration: The MoE framework se-
lects the most appropriate expert (Pixtral or
Phi-3.5) based on the input data, enhancing
the performance for each task.

• Expert Specialization: Pixtral specializes in
visual analysis, while Phi-3.5 is used for more
detailed textual analysis.

4.4 Task-Specific Architecture

4.4.1 Subtask A: Image Ranking
For Subtask A, the goal is to rank images based
on their relevance to the given sentence. After mul-
timodal feature extraction, the model ranks images
by processing the combined textual and visual em-
beddings.

• Text Encoder: BERT (or CLIP’s text encoder)
generates sentence embeddings.

• Image Encoder: ResNet-50 (or CLIP’s image
encoder) generates image embeddings.

• Fusion Layer: Combines text and image em-
beddings into a unified representation.

• Ranking Layer: A fully connected neural
network that outputs a ranking score for each
image.

4.4.2 Subtask B: Image Sequence Prediction
For Subtask B, the objective is to predict the next
image in a sequence based on the previous images
and the sentence context. The LMM with MoE
approach is applied to both textual and visual em-
beddings to predict the correct image sequence.

• Sequence Prediction: The model is trained
to predict the image that logically completes
a sequence.

• Textual and Visual Embeddings: Embed-
dings from both modalities are used to predict
the sequence of images.

• MoE Layer: The MoE model selects the ap-
propriate expert based on the sequence and
context.

4.5 Training and Evaluation

For both Subtasks A and B, the models are fine-
tuned using a supervised learning approach. The
training process focuses on minimizing the loss
between the predicted ranking or sequence and the
ground truth.

• Loss Function: For Subtask A, Mean
Squared Error (MSE) is used to optimize
ranking accuracy. For Subtask B, Cross-
Entropy Loss is used to predict the correct
image in the sequence.
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• Optimizer: We use the Adam optimizer with
learning rate tuning to optimize the model pa-
rameters. The learning rate is dynamically ad-
justed during training for better convergence.

• Evaluation Metrics:

– Subtask A: Evaluation is based on rank-
ing accuracy, with the model’s ability to
rank images correctly in terms of rele-
vance to the sentence.

– Subtask B: Evaluation is based on se-
quence prediction accuracy, with the
model’s ability to predict the next image
in the correct order.

5 Experiments and Results

In this section, we present the results of our ap-
proach for both Subtask A and Subtask B. We begin
by evaluating individual models and progressively
combine them into a hybrid approach, which yields
the best results.

5.1 Subtask A - Image Ranking

We started with a basic model for ranking images,
then gradually built up our hybrid model by inte-
grating Pixtral, Phi-3.5, and baseline components.
Below are the results:

Model Type Score
Baseline Model (Text + Image) 0.33

Pixtral Model 0.47
Phi-3.5 Model 0.47

Table 1: Results for Subtask A - Individual Models

Next, we combined Pixtral, Phi-3.5, and the base-
line model to form a hybrid approach:

Hybrid Model Type Score
Pixtral + Phi-3.5 + Baseline Model 0.53

Table 2: Results for Subtask A - Hybrid Model (Pixtral
+ Phi-3.5 + Baseline)

The hybrid model achieved the best result with
a score of 0.53, outpacing the individual models.

5.2 Subtask B - Image Sequence Prediction
and Idiom Disambiguation

Similarly, we started with individual models for
Subtask B and progressively added components to
improve performance. Below are the results:

Model Type Score
Baseline Model (Text + Image) 0.40

Pixtral Model 0.47
Phi-3.5 Model 0.47

Table 3: Results for Subtask B - Individual Models

Hybrid Model Type Score
Pixtral + Phi-3.5 + Baseline Model 0.60

Table 4: Results for Subtask B - Hybrid Model (Pixtral
+ Phi-3.5 + Baseline)

Next, we combined Pixtral, Phi-3.5, and the base-
line model to form the hybrid approach:

The hybrid model once again achieved the best
result, with a score of 0.60.

These results demonstrate that the hybrid ap-
proach, integrating Pixtral, Phi-3.5, and the base-
line model, provides significant improvements in
both image ranking and sequence prediction tasks.

6 Discussion

In Subtask A (Image Ranking), the main challenge
lies in the model’s ability to accurately ground id-
iomatic expressions in both visual and textual con-
texts. We observed that:

• Some images strongly match the intended
meaning, while others introduce ambiguity.

• Fine-grained semantic differences often lead
to misrankings, especially in the case of subtle
idiomatic nuances.

For Subtask B (Image Sequence Prediction), se-
quence prediction becomes difficult when idioms
are used figuratively or literally. The MoE frame-
work helps by dynamically selecting the most suit-
able expert model for different tasks. However,
CLIP as the baseline struggles with more complex
idiomatic interpretations.

Future work will focus on improving the MoE
framework, enhancing multimodal embeddings,
and developing better disambiguation strategies for
figurative and literal meanings.

7 Conclusion

We introduced CAViLR, a context-aware, hybrid
multimodal approach for image ranking and se-
quence prediction in SemEval-2025 Task 1. By
combining CLIP with a Mixture of Experts
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(MoE) framework, our method improves task per-
formance by dynamically selecting expert mod-
els. While our approach shows promising results,
further refinement is needed to handle subtle id-
iomatic variations and enhance disambiguation be-
tween figurative and literal meanings. Our work
contributes valuable insights into developing more
robust vision-language models.
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