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Multistage image style transfer based on cross-modal attention

QIU Jiaging, DOU Liyun, WANG Jin
(School of Artificial Intelligence and Computer Science, Nantong University, Nantong 226019, China)

Abstract: Image style transfer (IST) aims to fuse image content with a target artistic style to generate semantically ra-
tional and visually expressive images, and it has been widely applied in art creation, personalized image editing, and oth-
er fields. Existing methods suffer from low computational efficiency, weak style controllability, loss of details, and dis-
connection between style and content when handling high-resolution images, complex textures, and cross-modal guided
tasks. To address these issues, this paper proposes CAST-Diff, a multistage image style transfer framework built on lat-
ent diffusion models. CAST-Diff follows a decoupled collaborative design that combines cross-modal semantic guid-
ance, adaptive regional style regulation, and latent space diffusion refinement so that text and image features can be
aligned through cross-modal attention, regional style strength can be adjusted by the adaptive module, and denoising to-
gether with detail reconstruction can be completed by the latent diffusion model. Experimental comparisons with main-
stream methods such as StyleGAN-Diffusion and ControlNet on the COCO and Flickr30k datasets show that CAST-Diff
performs better in style consistency, detail fidelity, and visual naturalness while preserving image structure and fine tex-
tures in complex scenes, producing more natural and realistic style transfer results, and improving computational effi-
ciency as well as generalization ability. These advantages make CAST-Diff a practical solution for text-guided high-pre-
cision style transfer.

Keywords: image style transfer; cross-modal attention; adaptive style modulation; latent diffusion model; image genera-
tion; text-guided image generation; multimodal generation; artistic style transfer
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IEContraAST!'"  30.8 0.268 25.9 0.817
AesUSTD! 29.9 0.260 26.2 0.823
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KSR 24.4 0.231 28.7 0.852
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Table 2 Efficiency analysis table
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