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Data prediction method based on Mamba and Time Machine models
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2. School of Computer Science and Artificial Intelligence ,Southwest Minzu University , Chengdu 610041, China)

Abstract : The Integrated Feature Fusion Network (IFFN)was proposed in this paper for the prediction of time series data such
as weather and traffic. The network employed a bidirectional Mamba encoder to capture both global and local features,and uti-
lized the PS-Mixer (Polar-Vector and Strength-Vector Mixer) module to extract polar trend and fluctuation features ( polar and
strength vectors) from the data, enabling efficient modeling and accurate prediction of complex time series. Furthermore , IFFN
incorporated a multi-scale modeling approach , effectively integrating global and local features, thereby enhancing the model’ s a-
daptability and generalization ability. Experimental results demonstrated that IFFN significantly outperformed current state-of-
the-art models across multiple publicly available datasets,especially in handling large-scale and complex-pattern time series da-
ta.
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Table 3 Experimental results
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