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Mote for training: During each training iteration, we alternate-
ly optimize the discriminator and the generator. Specifically, we
first update the discriminator and then optimize the generator.
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Note: The discriminator is implemented using
CMBNet Blocks that include pooling, flattening,
and fully connected layers, whereas the gencrator
uses CMBNet Blocks without these layers.
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Self-attention in the CMB feature extraction process
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The self-attention mechanism captures the long-range dependencies among pixels in a low-level CMB feature map, extracts and fuses global information, and forms a high-level CMB semantic feature representation. l




