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[ Abstract] With the rapid development of generative adversarial networks ( GAN), learning the
mapping between CT and PET images enables cross-modality generation. This not only integrates anatomical
and functional information to improve image quality, but also helps reduce the radiation exposure to some
extent. Based on a review of representative GAN architectures such as conditional GAN and CycleGAN, this
paper discusses their research progress and limitations in various application scenarios, including initial
tumor diagnosis and staging, treatment evaluation and follow-up, as well as methods for reducing PET/CT
radiation dose. Additionally, challenges related to small-sample learning, model interpretability, and cross-
institutional standardization are highlighted, and the clinical application prospects of GAN-based cross-mo-
dality generation technology are explored.
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