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Application of pyramidal generative network in protein sequence design
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(1 School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai
200093, China; 2 School of Computer Engineering, Guangxi University, Nanning 530007, China)

Abstract; Deep learning research and applications of GAN networks in the field of generation are becoming more mature.
However, the problem of mode collapsing and mode dropping has not been well resolved. This paper develops an end-to-end
pyramid—-style multi-layer GAN network ( Multi—Scale Generated Adversarial Network, MuSNET) , which utilizes a multi—layer
network architecture to handle generation and optimization tasks at different scales. A novel feed—forward feature extraction module
is designed to better capture the feature relationships and interactions between local and global regions. By enhancing the input
information through feed — forward propagation, MuSNET significantly improves the diversity and mode stability of generated
samples and demonstrates excellent performance in protein sequence design. MuSNET adopts a fragment—to—whole approach, where
new complete sequences are generated based on the coupling relationships uncovered from protein sequence evolution. The generated
sequences conform to natural sequence homology and exhibit high diversity. Their distribution characteristics, structure, and
functional sites are consistent with natural sequences, indicating that MuSNET ensures mode stability while effectively capturing the
feature relationships between sequences. MuSNET performs with high performance, which is of significant importance in fields such
as drug discovery and target prediction.
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