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FPGA design and optimization of multi—branch CNN

Xie Sipu, Wei Rongshan
(School of Physics and Information Engineering , Fuzhou University , Fuzhou 350108 , China)

Abstract: Broadening the structure of the neural network will lead to the increase of the amount of computation and the decrease
of the computational performance, it is necessary to optimize and schedule the parallel network more effectively. By analyzing the
throughput and bandwidth of convolutional neural network on FPGA platform, the roof model is used to explore the design space
under the limitation of computing resources and memory access bandwidth. It is proposed to use different cycle expansion factors in
different branches of convolutional neural network, so as to realize the parallel computing of different branches of neural network in
the same convolution layer and ensure the computing efficiency reasonable allocation of resources and memory resources. The experi-
mental results show that the performance of the proposed design is improved by 1.31Xxcompared with the previous research.

Key words: multi-branch convolutional neural network ; FPGA ;roofline model ; parallel computing
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