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Stock Market Trend Reasoning Algorithm Based on Game Dynamic Influence Diagram

YAO Hongliang, YIN Zhiyuan, YANG Jing and YU Kui

School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China
Abstract The stock market is a complex nonlinear dynamic system with high uncertainty and variability. Stock market trend pre-
diction is a research hotspot in the field of data mining. Aiming at the problem that the model based on the data-driven method
has poor robustness and the well-trained model does not meet the actual needs, Multi-agent game dynamic influence diagrams
(MAGDIDs) is proposed. First of all,from the perspective of the game,the long side and the short side are introduced as the be-
havior subjects(Agent) of the stock market,and the relevant characteristics of the behavioral subjects are extracted. Next, the
power of the game subjects is represented by energy.and the characteristics of the behavioral subjects are quantified and integra-
ted. Then.the game strategy is introduced to build a multi-agent game dynamic influence graph model, and model the game
process of the stock market actors. Finally, the automatic reasoning technology of the junction tree is used to predict the stock
market trend. Experiments are carried out on actual data,and the results show that the trend prediction algorithm of long-short

game has good performance.

Keywords Game,Multi-agent, Robustness,Junction tree, Dynamic influence graph
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Results Comparison of five algorithms
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