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Abstract: The reasoning speed of convolutional neural network accelerator is limited by memory band-
width and on-chip storage resources, so it is difficult to give full play to the advantages of parallel comput-
ing on FPGA platform with less RAM resources. To solve this problem, this paper proposed an accelera-
tor structure which adopted the memory access optimization strategy of “peak shift” calculation and bus
dynamic allocation. Firstly, hierarchical computation and ping-pong caching were used to reduce the num-
ber of “peak” access transactions. A flexible DMA module was designed to realize the dynamic allocation

of the feature and weight memory access bus to improve the bus bandwidth during “peak” time. Sec-
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ondly, the multiplicative array was reused to maximize the DSP utilization by changing the data stream
with a fixed multiplicative array. Then, the software and hardware collaboration and highly streamlined
design method were adopted to make the data flow from the bottom to the top of the accelerator form a
full streamlined structure in the time line. In addition to the phase-locked loop and large RAM, the accel-
eration module was designed in HDL and source language, and can achieve high speed operation of 300
MHz when the XCZU3EG platform resource utilization exceeds 80%. The experimental results show that
MobilenetV2-1.0-256 achieves 125 GOPs throughput on the proposed acceleration structure, which is
close to the upper bandwidth limit of the memory access bus. Inference speed of the proposed accelerator
is 7. 50 times of mobile ARM CPUs and 1. 21 times of high-performance CPUs. Compared with desktop
GPUs, the energy efficiency ratio is 3.5 times. Compared with the same type of accelerator on other
FPGAs, it has advantages in performance density and energy efficiency ratio.

Key words: field programmable gate array (FPGA) ; hardware accelerator; convolutional neural network

(CNN); memory access optimization; software and hardware cooperation
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