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Numerical research of optimization FeimiNet using self-attention
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Abstract To explore approaches which investigate properties of ground states of multi -electron systems, simulations were
performed for the molecules including up to about 10 atoms as examples with the neural network methods. The Transformer
structure with self -attention was employed to improve the efficiency of the FermiNet. The improved network is denoted as
Transformer-FermiNet. In addition, the expressive power of the networks with different number of hidden units was compared,
and the validity that substitutes the linear connection with the Transformer structure was studied. The results show that the
number of parameters of the Transformer-FermiNet can be reduced to 3/4 without loss of accuracy compared to the FermiNet.
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