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Abstract

Ising model is a simple model used for prediction of magnetization of a ferromagnetic
substance. The magnetization depends on temperature and external magnetic field. Although
the model is simple, in order to get a reliable result, it needs a lot of computational time. The
author wants to adapt a neural network calculation to reduce the computation time. The
tested Ising system consists of 10x10 lattices. The external magnetic field is random and hence
the result of magnetization is random. To get a reliable result, it is averaged for 1,000 times.
The simulation is up-to 100,000 time-steps. The neural network is created with 4 input nodes
for the first layer which are the magnetization for the previous 3, 2, and 1 time-step, and the
external magnetic field at that moment. Values of the first layer are sent to a hidden layer
with 10 nodes and pass through the output layer. The output layer has only one node which
is the magnetization at that moment. The network is trained by giving the true output of
magnetization calculated from Ising. After that, to test the neural network, Ising system is
calculated again with different random set of external magnetic field. It was found that, after
trained by 100 times, the predictive result has an error of 22%, but if trained by 1,000 and
10,000 times, an error significantly drop to about 1.06% and 0.34% respectively. Hence it can
conclude that our neural network can effectively be used for prediction of magnetization of

Ising model and help reduction of computational time.
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