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Big data intelligence: from the optimal solution of data fitting
to the equilibrium solution of game theory

JIANG Yinjie"?, KUANG Kun"’, WU Fei"?
(1. College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China; 2. Institute of Artificial Intelli-

gence, Zhejiang University, Hangzhou 310027, China)

Abstract: Data-driven machine learning (especially deep learning), which is a hot topic in artificial intelligence re-

search, has made great progress in the fields of natural language processing, computer vision analysis and speech recog-

nition, etc. The optimization of parameters in traditional machine learning can be regarded as the process of data fitting,

the optimal model on the training data set is fitted by various optimization algorithms. However, in real applications

such as commodity bidding and resource allocation, the target of artificial intelligence algorithm is not an optimal solu-

tion, but an equilibrium solution, which requires the application of the game theory to big data intelligence. Combining

game theory with artificial intelligence can expand the application space of big data intelligence.
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