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Machine learning for digital circuit backend design

LIN Yibo', GAO Xiaohan', CHEN Tinghuan®, YU Bei’
(1. School of Integrated Circuits, Peking University, Beijing 100000, China; 2. Department of Computer Science & Engineering,
The Chinese University of Hong Kong, Hong Kong SAR, 999077, China)

Abstract: Backend design automation bridges logic design and manufacturing in modern integrated circuit (IC) design flow. It is
crucial to the eventual design closure. Backend design in the modern design flow needs to consider constraints from both high-level
design and low-level manufacturing. With the continuous increase in design complexity and aggressive shrinking of feature sizes,
various new challenges have emerged in backend design, espectially in modeling and optimization tasks. To tackle these challenges,
machine learning has been intrdouced to backend design automation for efficient modeling and effective optimization. This paper
will introduce the typical IC design flow, what macchine learning can do in the backend design, and what the literature has explored
on machine learning assisted backend design automation.
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Fig.1 The digital design flow
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Fig.2 The similarity between physical design and image clas-
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Fig.3 The feature extraction of clock tree synthesis
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Fig.4 Feature input and congestion output in FPGA routing prediction
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Fig.5 Imaging process in lithography simulation™”
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