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Abstract: Liquid S ine (LSM), characterized by real-time computation and biomimetics, has great

potential in processi ries data. In order to study how to improve the training performance of neural network
models and reduce compufational complexity, relevant research literature in recent years is firstly reviewed in this
paper. Then, two optimization ideas, hardware implementation and software model, are proposed, and the advantages
and disadvantages of different optimization methods are summarized. Hardware and software optimization can improve
the learning performance and training speed of neural network models, but there are still problems such as poor
controllability and unknown algorithm optimal solutions. Finally, the future research direction is prospected for the
above problems, which can provide optimization ideas for the field of time series data processing and pattern
recognition.

Key words: spiking neural network; reserve pool layer; Liquid State Machine; genetic algorithm
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