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Text-to-Image Generation Technology Based on Transformer Cross Attention
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Abstract In recent years,the research on the methods of text to image based on generative adversarial network (GAN) continues
to grow in popularity and have made some progress. The key of text-to-image generation technology is to build a bridge between
the text information and the visual information, and promote the model to generate realistic images consistent with the corre-
sponding text description. At present,the mainstream method is to complete the encoding of the descriptions of the input text by
pre-training the text encoder,but these methods do not consider the semantic alignment with the corresponding image in the text
encoder,and adopt the independent encoding of the input text,ignoring the semantic gap between the language space and the
image space. To address the problem,in this paper,a generative adversarial network based on the cross-attention encoder (CAE-
GAN) is proposed. The network uses a cross-attention encoder to translate and align text information with visual information,
and captures the cross-modal mapping relationship between text and image information,so as to improve the fidelity of the gene-
rated images and the matching degree with input text description. The experimental results show that,compared with the DM-
GAN model, the inception score (IS) of CAE-GAN model increases by 2. 53% and 1. 54 % on CUB and coco datasets,respective-
ly. The fréchet inception distance score decreases by 15.10% and 5. 54 % ,respectively,indicating that the details and the quality
of the images generated by the CAE-GAN model are more perfect.

Keywords Text-to-Image generation, Generative adversarial networks, Cross-attention encoding, Image generation, Computer

vision
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