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Study site percolation phase transitions based on machine learning

Xu Rongxing,Zhao Hong

(Department of Physics, Xiamen University, Xiamen 361005, China)

Abstract ; Different from traditional physical approaches, machine learning technics are widely applied in various fields
benefitted from their high accuracy and efficiency in detection and classification of complex data sets.Identifying phase transi-
tions are the most typical works in the field of combination of machine learning and statistical physics.So far, researches are
mainly focused on the spin models with dynamical evolutions,such as Ising model. However,a more general type of phase tran-
sition models,such as the percolation model, which is not determined by dynamical evolutions but the intrinsic property of it-
self,has not been researched yet.In this article,combined with the new machine learning methods, the convolutional neural net-
work and the general vector machine,we study the two-dimensional square-lattice site percolation model. We find that well-de-
signed networks can identify different configurations with a high accuracy. which proves that machine learning works on this
problem.Then, by calculating accuracies of our networks for identifying configurations on different parameters,we find the accu-
racy drops near the critical point in both models,and this decay follows the power-law with the parameter, which is correspond-
ing to the traditional phase transition theory.We calculated the exponents of the power-law and find the exponents are nearly the
same in both different models.Our research does not only reveal the universality of phase transitions, but also provides a new
way to find the critical point.

Keywords : machine learning; convolutional neural network; general vector machine;site percolation; phase transition;ac-

curacy;scaling relation



