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Abstract

Stochastic differential equations are new equations that arise by adding non-deterministic sto-
chastic terms to deterministic differential equations. It plays a pivotal role in describing objective
phenomena. Therefore, it is particularly important to study the form and properties of the solu-
tions of stochastic differential equations. However, in general, the analytical solutions of stochas-
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tic differential equations cannot be found. Therefore, it is particularly important to find the nu-
merical solutions of stochastic differential equations. In this paper, based on the idea of Euler’s
method, the sample set for deep learning training is successfully constructed, and the slope of each
round of prediction with the initial condition is used to realize the construction of loss function,
and the deep learning method is successfully applied to solve the ordinary differential equation,
and the deep learning results with better accuracy than Euler’s method are obtained; on this basis,
the average of the slope of small interval sample set is used instead of the slope of the initial point
of small interval of Euler’s method, and the combination of based on this, the iterative format of
the deep learning method is constructed using the average of the small interval sample set instead
of the initial slope of the small interval of the Euler method, and combined with the idea of Mils-
tein method, and successfully applied to solve a specific stochastic differential equation (Black-
Scholes equation). Numerical results show that the constructed deep learning method is more ac-
curate than the conventional Euler’s and Milstein’s methods.
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Figure 1. Single neuron model
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Figure 2. Single hidden layer model
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Figure 3. The structure of neural network
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Figure 4. Numerical solution for different number of neurons
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Figure 5. Numerical solution for different hidden layers
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Figure 6. Error comparison of numerical solutions of ordinary differential
equations
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Figure 7. Deep learning flowchart for stochastic ordinary differential equations
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Figure 8. Simulation results of three methods and analytical solutions
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Table 1. When N = 40, the error data of the three methods
FT 1L N=40 B, =FFEMREHRIE

N S BT W2

40 [[YETATA 0.06630902
40 KRR % 0.02501323
40 REES )k 0.01307861

Table 2. When N = 80, the error data of the three methods
= 2.N=80 K, ZFFEIRERE

N S IRTA W2

80 Y€ RPS 0.02604765
80 KRR % 0.01465881
80 IREES: 21 0.00909178

Table 3. When N = 100, the error data of the three methods
%2 3.N=100 B}, =M75AmiREHR

N S IRTA W2
100 [[EDREA 0.04748597
100 K IR B2 0.04060693
100 REES )k 0.02639421
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Table 4. When N = 300, the error data of the three methods
5 4.N =300 Bf, =M75AmiREHR

N Bk W

300 RR 792 0.03060330
300 KR W 0.01664447
300 TREES: 21 0.01155888
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i TR KR s B (R B 2 S JE SR A 1 — FHBEA L 7> 75 2 (Black-Scholes J5 %) {3 FH /N X TR A A
SRR T BHE R BRIV /N X TR AG RS, S5 AR RITIETE, Rag 1R 27 S 7 iR IS A%
3o BERRWIR L 2 3] U5 5 KR W i EERS EE B2 v 1 50% .

ARG T — M RLR W BEHL Black-Scholes S RERIVR LS 311k, %50 S HE BRI 2 2%
HIBEAL R T RE

E&InE
R KR R A RN RI(SRTP)H H (M H %5 2021172).
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