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Abstract

Considering the sparse coupling characteristic of real neural network, a method based on the L,
optimization method with equality constraints is developed to reconstruct the coupling matrix of
the dynamic model of neural networks with irregular firing rate. The effectiveness of proposed
method is verified by numerical simulation. Compared with the previous reconstruction method
based on SVD decomposition, the proposed method can achieve higher reconstruction accuracy in
a shorter observation time.
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Figure 5. Reconstruction error map of the two methods
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