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From Chip Design to Chip Learning

CHEN Yunji"* DU Zidong' GUO Qi' LIWei' TAN Yijun'"?
(1 State Key Laboratory of Computer Architecture, Institute of Computing Technology, Chinese Academy of Sciences,
Beijing 100190, China;

2 School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049, China )
Abstract Chip is the foundation of the modern information society. As the world is entering a new era of human-cyber-physical ternary
computing, with diverse intelligent applications over trillions of devices, chip with specialized architecture will be heavily demanded in both
numbers and types. However, chip design is very costly, which usually requires a long design cycle, complicated process, and high professional
developers. Hence, there is a large gap between the need of tremendous chips and the high cost of chip design in the new era. This study
proposes Chip Learning, a learning-based method to perform the entire chip design, including logic design, circuit design, and physical design.
As an alternate to chip design, Chip Learning aims to remove the barrier of professional knowledge and experiences for effective chip design

with a no-human-in-the-loop process in a short time.
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