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Image—text matching method based on semantic enhancement
and dynamic relation awareness

CAO Kun

(College of Computer Science & Technology, Qingdao University, Qingdao 266071, Shandong, China)

Abstract: In the current field of image—text matching, mainstream cross—modal approaches can be broadly categorized into global
feature—based methods and fine - grained local feature —based methods. The former focuses on aligning the overall semantics of
images and texts, effectively capturing macro—level information, but often lacks precision in representing key details. In contrast,
the latter emphasizes fine—grained feature alignment, which better captures local details within both modalities, yet tends to have
limited global semantic understanding, resulting in suboptimal performance when dealing with semantically similar hard negatives.
Although these methods have achieved notable progress in image—text matching tasks, they still face several challenges, including
subpar feature extraction, insufficient fine—grained perception, and noise interference. To address these issues, this paper proposes
an image—text matching method based on semantic enhancement and dynamic relation awareness. By constructing intra— and inter—
modal relationship perception mechanisms, it integrates global and local features to achieve more precise semantic alignment.
Experimental results demonstrate that the method significantly improves matching accuracy on the Flickr30K dataset.
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Fig. 1 Image-text matching method based on semantic enhancement and dynamic relation awareness
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Fig. 2 Intra—modal relation awareness
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Fig. 3 Inter—modal relation awareness
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Fig. 4 Relation fusion enhancement
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