Machine Learning for High-Fidelity Design
Duke Prediction and Automatic Tuning

Student: Zhiyao Xie (Duke University)
Task Leader: Yiran Chen (Duke), Jiang Hu (TAMU)
Principal Investigator: Kenneth K. O (UT/Dallas)

Task Number: 2810.022

INTRODUCTION

Challenges in traditional EDA Routability prediction by DRV number by CNN
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Designs Using Convolutional Neural Network Importance of large receptive region and global information.
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