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Abstract In recent years, with the development of artificial intelligence and big data technology, deep neural
network has made a breakthrough in many fields, such as speech recognition, natural language processing, image
understanding, video analysis and so on. However, along with the increasing of neural network layers, a large
number of parameters and complex calculation aggravate the requirements of hardware in computing power,
memory bandwidth and data storage. FPGA, a programmable logic device, is of programmability, high
performance, low energy consumption, high stability, parallelizability and security. The combination of FPGA
and deep neural network becomes a research hotspot to promote the industry application of artificial intelligence.
This paper introduces the development of deep neural network in the past 70 years, the mainstream deep learning
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model and the fundamental hardware that support the development and application of deep neural network.
Secondly, the research hotspots of FPGA combined with deep neural network on industrial application are
analyzed in six respects on the basis of introducing the development process, development mode, development
process and type specification of FPGA. And then, the design idea, optimization direction and learning strategy
of deep neural network based on FPGA are summarized according to the hardware structure of FPGA and the
model characteristics of deep neural network. In addition, the model selection of FPGA together with the
evaluation index and measurement analysis principle of related works are listed. Finally, we summarized the five

main factors that affect the application of FPGA to deep neural networks and conducted a summary analysis.
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R BRI R A ANBE K N\ 0 s B e e
TN G IR EE VA, XS DLAU IS n]
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