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Neural network architecture and accelerator co-design
for high energy-efficient scenarios

CHEN Weiwei” ™, WANG Ying ", ZHANG Lei"
( " Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Neural network architecture and hardware accelerators have been two driving forces for the rapid progress in
deep learning. However, previous work has optimized either neural architectures given fixed hardware, or hardware
give fixed neural architectures. The design of neural network structure algorithm focuses on the accuracy, and does
not take the characteristics of accelerator hardware into consideration. The accelerator design is generally aimed at
specific Benchmark and does not support the new network structure, which makes the hardware design lag behind
the algorithm update. At the same time, deep learning has a variety of application scenarios, and different scenari-
os have different software and hardware requirements. Therefore, special design of software and hardware is re-
quired for special scenarios, which requires a lot of labor costs and expert knowledge. This paper studies the impor-
tance of co-designing neural architectures and hardware accelerators. To this end, an automatic framework that
jointly searches for the best configuration for both neural network architecture and accelerator is proposed. This
framework combines the network architecture and accelerator design space, then searches the co-design solution
given the design constraints automatically, thus providing better performance opportunities than previous approaches
that design the network and accelerator separately. The experiments show that, compared with previous method,
joint optimization can reduce the average energy consumption by 40% in a real image classification task under the
some level of accuracy constraints.

Key words: neural network architecture search, accelerator design, hardware/software co-design, design
space exploration
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