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Abstract As the growing discussion of Internet of Things(loT), Trillion Sensor, and Smart City, the advent of data society
is predestined. A plethora of data will come out and engender the emergence of new services and applications. Under these
circumstances, the advance of data analytics is prerequisite condition for pursuing the new services applications. In particular,
neural network is one of the most attractive technologies that many researches have validated its usability for the applications
not only in the Cloud but also at gateways. However, neural network training is highly compute-intensive for gateways from
computation resources perspective. In this report, we propose that SoC FPGA should be assumed as a gateway and hardware
implementation of neural network training will improve its energy efficiency
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