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Search for Approximate Model of Collision Term in Boltzmann
Equation by Genetic Programming

Atsuki Hattori, Kojiro Suzuki (Univ. Tokyo)

ABSTRACT
The machine learning approach for exploring the approximate analytical description for the collision term in the 
Boltzmann equation is presented in this paper. Such approximate model is expected to significantly accelerate the 
numerical simulation of rarefied gas flows without severe degradation in the accuracy. The combination of a genetic 
programming (GP) method and a nonlinear least square method was adopted for the exploring. Training data was a 
solution of Direct Simulation Monte Carlo (DSMC) method, which is a stochastic method for rarefied gas dynamics. 
Considering the separation of the collision term from the translational term in the Boltzmann equation, we only 
solved the molecular collision by the DSMC method. The numerical solution of the obtained approximate model 
exhibited almost precise model. But there was still unphysical behavior in the profile of the velocity distribution 
function. It is suggested that GP may produce the equation including terms with numerical instability and that some 
restriction should be applied to assure the numerical stability as well as the physical accuracy at the exploring by GP.
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