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Probability Density Function Estimation of Stochastic Gene Switching Model
Under Deep Learning

SHI Haonan, MA Jinzhong
(School of Mathematics and Statistics, Shanxi University, Taiyuan 030006, China)

Abstract: In the process of solving the probability density function (PDF) of stochastic gene switching model, the commonly used
methods are difficult to solve theoretically, and the accurate solutions can only be obtained under some very strict conditions. The re-
sults are relatively rough, with low accuracy and long time consumption, and the accuracy may be limited by sample path length and
mesh subdivision degree. In response to these issues, this paper uses neural network to estimate the PDF of this model. In the re-
search process, penalty factors were introduced to overcome local optimization, and corresponding setting criteria were provided.
Normalization conditions were also used as supervisory conditions to avoid approximate solutions of zero. Our final results show
that the deep learning method is very feasible and effective to estimate the PDF of stochastic gene switching model, and this method
does not require any interpolation or coordinate transformation. Compared with the Monte Carlo method, the time consumption is re-
duced by at least 50 seconds, and the obtained results have higher accuracy. The effects of the number of hidden layers and nodes
were also studied, indicating that the computational performance of machine learning can be improved by appropriately constructing
neural network.
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Fig. 1 The bifurcation diagram of the deterministic gene

switching model for the parameters 4 and
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Fig. 9 A comparison of the solutions obtained by using the DL-FP algorithm with using the Monte Carlo method under fixed
r=>5.5,k=10,D=0.2

(a) is the Monte Carlo solution; (b) is the deep learning solution, and the small images inside are their locally enlarged images.
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(a) is the Monte Carlo solution, (b) is the deep learning solution, and the small image inside is its locally enlarged image.
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Fig. 11 A comparison of the solutions obtained by using the DL-FP algorithm with using the Monte Carlo method under fixed

r=>5, k=

9,D=0.2

(a) is the Monte Carlo solution, (b) is the deep learning solution, and the small image inside is its locally enlarged image.
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