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Abstract Multi-modal pretrained large-scale models have gained significant attention due to
their ability to jointly learn from image-text pairs, unlocking substantial potential for a wide
range of visual tasks. In particular, these models have shown great promise in the medical field,
where acquiring comprehensive datasets is often challenging due to privacy concerns, data
variability, and the time-intensive nature of medical image annotation. By leveraging the rich
information embedded in multi-modal data, these models can help bridge the gap in training data

and provide more robust solutions to complex medical image analysis tasks, such as diagnosis,
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prognosis, and treatment planning. Despite the progress in this area, existing pretraining
methods based on modality matching often rely on a global matching approach, where features
from the different modalities (e. g., images and text) are matched based on their global
similarities. However, this approach has limitations. One of the main drawbacks is that global
matching is prone to interference from low-quality information, which can significantly degrade
the model’ s performance. In medical datasets, where data quality can be highly variable, the
impact of such interference is particularly pronounced. Furthermore, while some recent studies
have shifted towards local matching strategies to address these challenges, they have largely
employed simple pooling operations to narrow down the scope of matching. Unfortunately,
these methods tend to overlook the intricate relationships between important cross-modal
objects and fail to fully capture the semantic representations that exist across different sample
pairs. In this paper, we propose a novel approach to address these limitations by introducing a
message-passing mechanism based on graph neural networks (GNNs) into the pretraining
process of multi-modal large-scale models. The primary aim of this mechanism is to transform
the traditional global matching approach into a more refined subgraph matching strategy, which
is less susceptible to interference from low-quality data. This enables the model to better align
and represent the semantic relationships between image and text pairs, resulting in a more
accurate and reliable cross-modal understanding. An important aspect of our approach is the
incorporation of cross-modal attention mechanisms. This mechanism performs subgraph-level
differentiation within each individual modality, allowing the model to capture detailed and
modality-specific associations. This enhances the model” s ability to learn complex cross-modal
dependencies and achieve superior performance in multi-modal learning tasks. Additionally, we
introduce a high-dimensional sample pair clustering method as part of our pretraining
framework. This method aims to reduce unrelated errors in expressing the same semantics
across different sample pairs, further improving the robustness and accuracy of the model. By
clustering similar sample pairs together, the model can more effectively align and refine its
understanding of cross-modal relationships, resulting in more coherent and semantically
accurate representations. To evaluate the effectiveness of our proposed method, we conducted
extensive experiments on seven medical image datasets covering a variety of tasks, including
image classification, object detection, and semantic segmentation. The results demonstrated
that our model outperforms existing methods in terms of accuracy and robustness, highlighting
its ability to better handle low-quality information and improve the reliability of multi-modal
learning. Furthermore, we also tested our model on a facial expression recognition task, which
is a non-medical application, to verify its generalization ability. The experimental results
confirmed that our model can effectively transfer across different domains and maintain high

performance even in tasks outside the medical field.
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Background

Multimodal pretraining models are an approach that
leverages information from different modalities to enhance the
performance of models in single-modality tasks. Over the past
two years, researchers have shown increasing interest in this
approach. Current methods mostly adopt the network structure of
CLIP (Contrastive lLanguage-Image Pretraining), but their
performance is unsatisfactory when applied to the medical
domain. This is primarily because medical datasets are more
challenging to obtain compared to datasets in other domains,
leading to a scarcity of medical data for CLIP tramning. One
method to reduce the reliance on data is to replace CLIP global
matching with local matching to achieve more precise learning.
However, existing principles of local matching are limited to
simple concatenation, and there is a shortage of relevant research
in this area.

In this paper, we propose a method that utilizes the powerful
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important information from different modalities into multiple
subgraphs, achieving subgraph representation for each modality.
We achieve more accurate local matching through subgraph
matching, thereby reducing the dependence on data quantity.
Additionally, we employ a cross-attention mechanism to
accomplish intra-modality matching at the patch level, addressing
the issue of sample homogeneity caused by relying solely on local
matching. Furthermore, we leverage the ideas of graph neural
networks and design a high-dimensional space clustering method
to ensure proximity between similar sample pairs and distance
between dissimilar sample pairs.
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