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A Data-driven approach for analyzing dynamics of a neural network model
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The associative memory model is a neural network model handling a retrieval of a memory pattern. Spurious
states corresponding to failure in memory retrieval exsists in the model storing many memory patterns. Analyzing
the spurious state theoretically is known as a difficult problem. We introduced data driven approach to analyze
the state, and found that a few dynamic modes explain the original high dimensional dynamics when synaptic

depression is concerened.
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