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Abstract : This paper focuses on quantitative stock investment and applies the Deep Q-learning ( DQN) model from deep
reinforcement learning to algorithmic trading, constructing an end-to-end algorithmic trading system. Firstly, the system
utilizes stock technology analysis index to design a stock trading environment , expanding the feature set from a time scale;
secondly,it defines the reward function and action space for intelligent agent transactions; then, it designs (Q-network
structure and incorporate Support Vector Machine and eXtreme Gradient Boosting method to learn the rise and fall signals
of stock historical data into reinforcement learning; finally, the algorithmic trading system is applied to the Chinese stock
market and China Merchants Bank and Taihe Technology,as well as the remaining four stocks are selected for validation.
The investment performance is evaluated from three aspects:return rate, sharpe ratio, and maximum drawdown rate. The
results are shown that the algorithmic system significantly improved the return rate while reducing the maximum drawdown
rate, indicating that the model has a high risk resistance ability.
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Table 1 Characteristics of stock environment status
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Fig. 4 China Merchants Bank 2018—2024 trend chart



B IR 2 ( HAARBL AR 548 55 11 (2025 4F)

30
28t
26+
24t
2F
20t

WLy

18
16 -

14
2022-01 2022-04 2022-07 2022-10 2023-01 2023-04 2023-07 2023-10 2024-01
H 9

B 5 R 2022—2024 FEHE
Fig. 5 Taihe technology 2022-2024 trend chart

32 RESHIEE

VAR B T IR 55 28 b, B 41 & W A7 24 GB B NVIDIA RTX 409064 #% vCPU & 100GB P
F7. it 5 4 Python3. 8. i TR EE 2% T HESL A Pytorch2.0, #HOCEREE N CUDAL1.8.

IR BE R IR A4 1, Pr4n B+ v =0.98, 28 5 A 28 5 441 0.000 1. #2848 (14 A RENE 53 1 3
KBS AR BT 5 Z2RBMR IR SRR AR S A e b 5 55 = ZEESMAS il SVM 5 XGBoost
RTRCI R AT 5. b ol 3 AR RAT A Q 1A, BRLNER 3 Bk,

#3 WRIABMNISE

Table 3 Control experiment input characteristics

BRI X 1]
B RG5(RES) L f it 2 30 B LAk S
LS RS 1.0( R RS 1.0) M IMASLARIERR (MA (EMA CCI RSI,ATR \ADX 4§)
Tk 5 750 2.0( fAiFR R4 2.0) HAMIMA SVM . XGBoost k(55

HASHUEE N 4 PR,
R4 NMESHBEWEE

Table 4 Network parameters and structure settings
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Fig. 6 Cumulative profit chart of China Merchants Bank
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Table 5 Experimental measurement indicators

55 Y AL W25 %R/ % B R R IR
BH W& 1.15 15 0.03 0.397
P EX 2.01 101 0.60 0.400
o
LS R4 1.0 3.02 201 0.91 0.140
2420 3.28 228 0.99 0.090
BH g 0.92 -8 -0.19 0.460
y 320 3.76 275 1.41 0.042
EAR
FERFHL 25 1.0 4.44 344 1.34 0.096
£5:2.0 4.56 356 1.41 0.032

MFE S TTLIEH, 25 2.0 FIRS 1.0 M08 T BH RIS R4, (VERMBH b, 248 1.0 (EE HLF
W T ARG, AR YRS T . REE 2.0 22 5 R BRI TEA R R T 37 ERIBCR R4 T 3). flan, 76T ik
R B RE AR TN 2] 32 B s R X T 3 1 SR AR AR 01 T % B o 2 T 46 58 K P % Al i
YRS BIRE D). LN, 5 R T IR 7 0 2R RN e AR SO B T LS SE LA 5 R i T
P50 1 HLAE SR AN 6 AR,
F6 Witttz

Table 6 Test sample indicators

R AR AL W25 %/ % B R SN
BH (g 1.21 21 0.03 0.11
2.33 133 0.60 0.082
000858.SZ géﬁ
R4 1.0 3.24 224 0.68 0.074
£5:2.0 4.33 333 0.77 0.056
BH Mg 0.88 -12 -0.27 0.11
E3 1.75 75 0.72 0.055
002594.S7 ?%
#51.0 3.48 248 0.95 0.082
£5:2.0 3.62 262 0.64 0.076
BH K% 1.01 1 0.05 0.11
E 3.88 288 1.09 0.034
600519.SH )
R4 1.0 3.9 290 1.21 0.031
R4 2.0 4.08 308 1.36 0.016
BH g 1.32 32 0.26 0.15
R 1.46 46 0.21 0.11
601988.SH ?%
24 1.0 2.01 101 0.66 0.088
£%4:2.0 3.22 222 0.37 0.097
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