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Abstract: In the rapidly developing field of medical artificial intelligence, image generation algorithm based on deep learning
has become one of the research hotspots. This paper aims to review the status quos of four major image generation algorithms,
namely autoregressive model, variational autoencoder, generative adversarial network and diffusion model, and analyze the
application of generative model in medical multimodal image conversion from three modes: computed tomography, magnetic
resonance imaging and computed tomography angiography. The generative model not only has broad application prospects in the
field of medical imaging, but also has great value potential.
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Fig.1 A brief chronology for image generation models
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Tab.1 A comprehensive summary of deep learning-based image generation algorithm
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Fig.2 The overview of medical images generation model
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Tab.3 Reviews on CT generation based on deep learning
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Tab.4 Summary of MR generation based on deep learning
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