Pure Mathematics EiR¥#(%#, 2023, 13(3), 659-668 Hans Xl
Published Online March 2023 in Hans. https://www.hanspub.org/journal/pm
https://doi.org/10.12677/pm.2023.133071

XF T RO PR 2 1 R & O F i iB) RE A9 WS
UEFA
%\@ - |

WekE HiA: 202342 H22H; FHEB: 20234F3H23H; &4 H: 20234F3H30H

R

A SO I MR AR ok T R R BE AL 2R M — IR AR M R RN SR RS, B T &R TR
B =R R B — A AR A s, T —RIARECN0, FHMAHREZRWMA R, &l
RUBRMERS AR S ZRIE X REAFR RSB IEMS T HEE, ARRETH
%1, FER T HEEIFHSERIAEF RN, ERNRDHENISHEN T ERR, BE5RGFREHH
FEABAE R, AL, EIXRTERDN. REHFENEREREI LR T BEHIEILQ-learning & %
MR Q-learning& :, MFABARXET, BEHEELQ-learningE it B E /D, HIREFELK,
KRR Q-learning B iAW SKE R ERa 2, F H o] DU 3 m BE AL B AR A B iR =T /N

eI 4L

BEML &M — kAR, Wegitk, Q-Learning, ZFARFFI%, BEHLELR

The Proof of the Convergence of Stochastic
Linear Quadratic Optimal Control Problem
with Entropy

Xin Shu

College of Science, University of Shanghai for Science and Technology, Shanghai

Received: Feb. 22™ 2023; accepted: Mar. 23", 2023; published: Mar. 30", 2023

Abstract

In this paper, after transforming the solution of the stochastic linear quadratic optimal control
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problem with entropy into its equivalent form through matrix transformation, we prove the uni-
queness of the solution of the quadratic coefficient of the linear quadratic equation and the con-
vergence of the iterative formula, and the result shows that the coefficient of the first term is 0, the
coefficient of the constant term is only related to the quadratic term, and the optimal probability
distribution of the control process is only related to the quadratic term. Then, the mean value of
random sampling samples in Monte Carlo is used to estimate the expected value, thus algorithm 1
is set up, and it is proved that the iterative formula in algorithm 1 has volatility, the volatility is
related to the variance of random parameters and the number of samples in Monte Carlo, the
more sample number, the smaller the variance of the fluctuation. Then, two numerical cases are
used to compare Q-learning algorithm with stochastic approximation and Q-learning algorithm
with Monte Carlo. Under the same number of iterations, Q-learning algorithm with stochastic ap-
proximation takes less time to compute, but the error is larger. Q-learning algorithm with Monte
Carlo converges faster and more stable. Moreover, the error can be reduced by increasing the
number of randomly selected samples.
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Figure 1. The convergence for different values of s
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Figure 4. The convergence of 0, when n =3
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