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Deep Reinforcement Learning Portfolio Model Based on Dynamic Selectors

ZHAQO Miao' ,XIE Liang' , LIN Wenjing' and XU Haijiao®
1 College of Science, Wuhan University of Technology,Wuhan 430070, China

2 School of Computer Science, Guangdong University of Education, Guangzhou 510303, China

Abstract In recent years,portfolio management problems have been extensively studied in the field of artificial intelligence, but
there are some improvements in the existing quantitative trading methods based on deep learning. First of all, the prediction model
of stocks is single,usually a model only trains a trading expert,and the decision of trading is only based on the prediction results
of the model. Secondly,the data source used in the model is relatively single,only considering the stock’s own data.ignoring the
impact of the entire market risk on the stock. Aiming at the above problems.,a reinforcement learning model based on dynamic se-
lection predictor(DSDRL) is proposed. The model is divided into three parts. Firstly, the characteristics of stock data are extrac-
ted and introduced into multiple predictors. Multiple prediction models are trained for different investment strategies,and the cur-
rent optimal prediction results are obtained by dynamic selector. Secondly, the market environment evaluation module is used to
quantify the current market risk and obtain the appropriate proportion of investment amount. Finally.based on the first two mo-
dules,a deep reinforcement learning model is established to simulate the real trading environment,and the actual portfolio strate-
gy is obtained based on the predicted results and the proportion of investment amount. In this paper.the daily k-line data of China
Securities 500 and S & P 500 are used for test verification. The results show that the proposed model is superior to other refe-
rence models in Sharpe rate and other indicators.
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Table 1 Dataset information
W AR REHE W% % 3K % I
. 2010-01— 2020-02— 2019-02—
F3E 500 50
2019-02 2022-03 2020-02
2014-01— 2020-06 — 2019-10—
¥ 500 50 X
2019-10 2022-04 2020-06
4.3 FMNIER

SE T 5 AN RER T4 3 28 1) I AR o £ A
AEAK [ i 2 CARRD 5 2) WU 5 1, 646 4F 1k % 3l 2 (A VoD
FREH (MDD) ; 3) KU FI W b7 7, 42 45 4F 16 2 % %
CASR)FIRU L% (CR) . AVol Fl MDD 8 A% 8 4 , Hi A 45 45
G AT
4.4 FEEFE

o T RS A RO DAY A SCHE G 3 T S A 1 R AR IR
SR AL 2 S B A AR AL, SR T AR 5 Al Tk

Market: N5 — RFF IR L AT BLEREA .

FinRL® . — A~ FF itk 4l B 3h 38 5 19 IR B ik 2& >
JE L B R DDPG 1 PPO 5 % L 9% Bl 8% SR e b 19 5 v

TRA™) ARG BE AR & T[R4 B[] B B AR 43 B 45 AN TR
B TR 5 5 A5 31 X6 AS [) B 52 4 3 25 P43 R S IR AL A SR

DTV . T 537 43 570 I SR 0T 43 B 0 A 4% 98 41 4 48 3
R — PSR ) B A

DPRL™7 , g T 4 B (TPMD | A B %ot 51 50 e 46 7 A B
(DAM) FAT g 52 B AR He (BCMD 1) 38 £k 2 > HE 28 5k N 45 52 5
fRBE e —Fp 5 F AR B BB A A R B sk Ak 2E )
k.

DSDRL : % fie 52 9% 43 B, F 3l 25 28 4% 185 Y 3 556 Y iy s 1)
B dmc A3l 0 TP 43 SR W FEES 6 T 3 PR PP A A L A5 B4R B 4
AR
4.5 ELWHER

AFTHE CSI500 1 P500 L #E 4T T 17 2 52 56 3k ik BH T #&
1) DSDRL 5 1A 0t .

4.5.1 BARZRFHaK

T 2 AT LU # . 3 FIR BE 9R fk 2% 2 (DRL) /9 7 ik
DSDRL J5 k19 U H 4, 3 2 b 45 A 3F #4842 7T 20, DS-
DRL 76 9/~ $i 41 by SRR &5 4 & T HoAh o7 i, B3 1L &
T AR A HE R 3 T W 4 R [ 1 A B RIS T LA
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Table 2 Backtesting performance of all methods in Chinese and American stock markets
# 3 500 A% 500
Algorithms
ARR/ % ASR AVol MDD % CR ARR/ % ASR AVol MDD % CR

Market 9.72 0. 44 0.220 22.00 0.813

TRA 12.70 0.72 0.176 25.00 1.120 8. 81 0.419 0.210 47.1 0.931
DDPG 23.50 0.98 0.239 30. 60 1. 450 20. 60 0.789 0.261 23.6 2.910

PPO 31.10 1.17 0. 265 22.90 1. 780 39.10 2.010 0.195 22.0 3.310

DT 36. 80 1.26 0.292 33.20 2. 240 42.50 1.560 0.272 25.7 3.810
DPRL 7.51 0.45 0.168 21. 30 0.728 45. 20 2.080 0.217 21.3 4.100
DSDRL 47.90 2.23 0.221 8.57 5.760 53.20 2.550 0.208 10.5 4.600
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Fig.5 Performance of different algorithms on CSI500
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Table 3 Backtest performance of ablation test

38 AF ARR/ % ASR AVol MDD/% CR
DSDRIL-1 27.4 1.07 0. 255 21.20 1.29
DSDRL-2 34.6 1.43 0.242 13.30 2.59

DSDRL 47.9 2.23 0.221 8.57 5.76
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