Co-optimization of Algorithms, Hardware, and Scheduling [m] % [m]

Bﬁ]fkelﬁy for Deep Learning Applications

UNIVERSITY OF CALIFORNIA Qijing Jenny Huang EI’- -t
Email: qijing.huang@berkeley.edu Advisor: John Wawrzynek URL: hgjenny.com

1. Hardware-Friendly Algorithm Design 2. Automatic Hardware Generation
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