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FPGA-based convolutional neural network fixed-point acceleration
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Abstract: Aiming at the problem of high running power consumption and slow operation of Convolutional Neural
Network (CNN) on resource-constrained hardware devices, a method for accelerating fixed-point computation of CNN based
on Field Programmable Gate Array (FPGA) was proposed. First, a fixed-point processing method was proposed. In order to
reduce the storage space of the CNN parameters, different scale parameters were designed for different convolution layers and
the relative divergence was used to determine the bit width length. The effect of different quantization intervals on the
accuracy of CNN was studied. Then, the parameter multiplexing method and the pipeline calculation method were designed
to accelerate the convolution calculation. In order to verify the acceleration effect of CNN after fixed-point processing, two
datasets of face and ship were used for verification. Compared with the traditional floating-point convolution computation, on
the premise of ensuring that the accuracy loss of the CNN is small, when the weight parameters and the input feature map
parameters are quantized to 7-bit, on the face recognition CNN model, the proposed method has the compressed weight
parameter file size of about 22% of the origin, and the convolution calculation speedup is 18. 69. At the same time, the
method makes the utilization rate of the multiplier-accumulator in FPGA reach 94. 5%. Experimental results show that the
proposed method can improve the speed of convolution calculation, and efficiently use FPGA hardware resources.

Key words: Convolutional Neural Network (CNN); fixed-point quantization; Field Programmable Gate Array (FPGA);
model compression; YOLO model
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Fig. 1 Dynamic fixed-point quantization of weight parameters
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Fig. 2 Fixed-point threshold selection strategy of inputs
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Fig. 5 Results of fixed-point processing of weights
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Fig. 6 Results of fixed-point processing of input feature values and weights
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