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Abstract

The application of big data and artificial intelligence is promoted by data mining and intelligent analysis of a large number
of static data using big data computing platform. In the face of the growing demand for real-time dynamic data processing
generated by the Internet of things, dataflow computing has been gradually introduced into some big data processing platforms.
Aiming at the programming model of data flow, the traditional software engineering design method for dataflow analysis and
the structure definition and model reference provided by the current dataflow programming model for big data processing
platform was compared, the differences and shortcomings were analyzed, and the main features and key elements of the
dataflow programming model were summarized. The main methods of dataflow programming and the combination with
the mainstream programming tools were analyzed, and the basic framework and programming mode of visual dataflow

programming tools were presented according to the dataflow computing business requirements of big data processing.
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14
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18 work{
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