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Is Langevin Phase Equation an Efficient Model for Oscillating Neurons?
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Abstract— The Langevin phase model (Eq. 1) is
one of important canonical models, on which much
research about coherent oscillations of neural popula-
tions is based. However, a little attention has been
given to the verification for applying Langevin phase
equation to the description of single neurons. In this
paper, through the electrophysiological experiment for
pyramidal neurons of the rat hippocampal CA1, we
demonstrated that the Langevin phase equation is an
efficient model for neural oscillators.
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A. Learning of Langevin Phase Model (Estimation of PRC and Langevin force)
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B. Test of Langevin Phase Model (Prediction of Phase Difference Distribution)
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