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Abstract

With the development of artificial intelligence technologies and algorithms, their applications in
decision-making in the financial trading market have become increasingly widespread. In particu-
lar, the use of deep reinforcement learning methods to simulate the trading environment and achieve
trading decisions has become a current research hotspot. Based on this, this paper proposes the
PPO-DBN algorithm based on the risk value exploration mechanism. It combines the Proximal Pol-
icy Optimization (PPO) algorithm with the Deep Belief Net (DBN), and uses the risk value-based ex-
ploration mechanism during the training process. The Value at Risk (VaR) of the current market is
used to dynamically adjust the exploration rate of the £-greedy algorithm. Moreover, in order to
better grasp the changes in market data, an Adaptive Moving Average (AMA) driven by volatility is
introduced to construct the state space. The moving average window is dynamically adjusted ac-
cording to the market volatility. At the same time, the daily asset change is used as the reward func-
tion for algorithm training. Finally, this algorithm is applied to the market data of six groups of
stocks in the Chinese stock market for experimental verification. The experimental results show
that the proposed algorithm performs well in multiple evaluation indicators such as the Sharpe ra-
tio and the rate of return.
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3.1. RKHE % PPO-DBN

RFFFRMEIR G AP 1 P, EZ P MZ O R # S SRR N 2% Actor S4B R4 Critic.
AR PR T
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Figure 1. Flow chart of PPO-DBN algorithm processing
[& 1. PPO-DBN B AL IR FZE

3.2. IFEENX

T REAR L S L TSR A 5 IRl R, AEASC P REIR 2 58 SO 24158 5 i B A 1 i, s
EPERE ST RN T 32 HH DA 35 B 2 I TR B o BRI G0 AT T R 2R il 78 SONAR AR I AR S 2 (1]
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AT B SNE I TSR SRR A 5 Skms - DRLRPIR S 22 1) 38 SO — RN 6 < T, &, H
T T, RERRNZRRIIN A E 1, AN 5 H B &8 {0, C, H, LV, A L BUERSTE & A PTA A2 5 H
T 32 B0 A A VI 0 (R R 2 22 TR O R A\ B REAA b AT 2 ST il ke

REE PR EIEN S LT O XL Hlig A, C 2ltr, H 2&mh, L2k
&,V RHHBACE, A TS 2K 2w (520 R AR B R T 2. RS2
) T B #R A 22 1 AL PRANRRAEAL 5 AOAE, B TEREION[0, 1]. Herb A 577 5000

t
L >C. t < base_window
t+15
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— > C,, txbase_window
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Horbr, AZORETEER D w NI B &N EEbR. C IR & HAEE k H AT . base_window
NTRE SCHIFERE RS R/ w B Eh & HORAN, R

w, =clip (round [base_window X ref_vol J 5, GOJ 2
P

b ref_vol NS HPENH, BUANRE N 0.02, p NAFTEEIFE, FFHahAE 1w, 4R EI7E[5, 6012 17
LA S B e . e p TSR

pt = Std (Rt—vol_wind0w+l' Rt—vol_wind0w+2’ ] Rt ) (3)
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wr:

R, _S G 00 Q)

i-1

3.2.2. FfE=iE

FEAWTT T, FrafAGd e M SRR o —A 1 x 3 EE{0, 1, 23, M 0 2| 2 0 54RE& T
W3z FEA IEFT AN SENBNE . B H 2T Softmax Z 1T EAA R —/NH 3 AN BIEMERR 2 ) ) &,
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r(s._..a.s)=NAV,-NAV, 5)

H(B)H NAV, Ko REs s, N BT 71918 (Net Asset Value, NAV), 577300

NAV, =b, + p, xC, —¢, (6)
LA b RN ZI AR RIS, p RN 2R a8, C e M HTIRES T YA,
C RN AIRSE G P FE I G o OB BRI SE 5y A B IRAE 5 U 0.1%, U ¢ w577 :an R
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3.2.4. BRERME
AT VRN, T XM ERIZhES e-greedy HEE R T HTIR RSN ERIIE R . 1ETTHBRE
B HT 5 e T S B R, RIS A e BB e e A R TR AR AT B e
Lt:_Rt' 'C:{Ll—w+l’Ll—w+2""'L[} (8)

BRI o= o3 R B0 SR 1
VaR, =Q,(L) 9)

Hrh, o 4 VaR/CVaR B 5K, BRik 0.95. xFi#id VaR [0 sREME, 15414 KUK 4 {8 (Conditional
Value at Risk, CVaR):
E[L|L=VaR, ], |L|210

10
0.05, IL| <10 (10
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O A -
Risk, =clip(CVaR,,0,0.2) (11)
FERZ e BEAT 4R B Il R -
8t = gmin +(8ma>< - gmin )X e_ﬂ.RiSk‘ (12)

ER gy IRMEZE, BN 001, £, ARAIRZE, BN 003, B AKKEERS, Rl
2.0, {1 Lk AR AR R LG, NS R L BAREIR &, AR TR .

4. KBRS 534
4.1 HiiRsk

TEARSZEGF, BEALERCPE A Bia s I S ER D AT EdE, NREE N 2014 1 H 1 H
ZE 2023 4F 12 A 31 H. ZEIEERRIS N =AM B 2014 4F 1 A 1 HZE 2022 4F 12 A 31 H e
ERNZREE; 20231 H 1 HE 2023 5 12 H 31 HEIEHE L TR T4 .

(https://www.tushare.pro/webclient/)
4.2. ThiEER
R R R (CR) T 848 &7 SRS AR e B A P2 AR i e i s B 5 0. 1AW R :
CR = Pend - PO
R
SO, R SRV (VPP Py, HEBVR LSRN B VP
SEALM 2 2R (AR) FEH 45 % ) B %) 28 A 2 R e i O A PR, (S T AN () B SRS bR AE AL LE R . 1t
HAXW R

(13)

AR = iv_R -365-100% (14)

K14 cr AEF AN K Rias s W oS RTINS R
K B (MD) 538 5 [ S e A S ms mT e 7™ A AR S 453, I R SRS A e U 135 0L (10 XU i 1
TS AT

MD = M (15)

o)

LR R P > IR VR max(P — P,) Jo e BRI U L
531 LR (SR) FH SR iy & B XURG = A B AN B, 7 VP Al SRS PR 2 - KU P RE 77 1A S
W
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4.3. SLIGEER SR
43.1. HENBIEHETEEORER

SR TE A A S AR I N S S A TR, AR R R R e G AMA I S B R EL
HYEH . AL, AT /SEAANFETEBhE 1 BUE TR 45 R . BUE TSRS Seih a5 1% 1.

Table 1. Statistics of AMA backtesting results calculated by different sliding windows
* 1. TRIBHEOHE AMA BN RS

Window_size [5, 50] [5, 60] [5, 80] [10, 50] [10, 60]
CR 19.11% 44.17% 30.86% 29.36% 12.88%
MD 25.11% 45.85% 36.27% 37.50% 13.80%
00000452
AR 29.30% 85.10% 56.30% 55.84% 17.09%
SR 0.98 1.47 1.15 1.10 1.39
CR 11.99% 24.87% 8.22% 15.47% 8.19%
MD 13.98% 25.03% 9.17% 17.12% 9.60%
000030.52
AR 14.31% 31.52% 9.75% 18.77% 9.66%
SR 1.27 1.44 1.00 131 1.08
CR 16.58% 16.95% 10.30% 9.72% 16.04%
MD 21.51% 24.73% 17.62% 25.88% 24.18%
000050.52
AR 21.72% 22.41% 13.38% 15.02% 21.52%
SR 1.39 1.33 1.01 0.56 117
CR 20.57% 22.05% 9.41% 13.82% 10.15%
MD 22.52% 23.33% 12.42% 16.73% 15.54%
600007.sh
AR 26.81% 28.72% 11.60% 17.85% 13.01%
SR 1.10 1.16 0.77 0.84 0.68
CR 9.10% 34.69% 9.10% 31.00% 6.14%
MD 10.22% 28.18% 10.66% 25.77% 7.82%
600060.sh
AR 10.83% 46.33% 10.87% 41.60% 7.23%
SR 1.04 154 1.00 1.39 0.84
CR 6.38% 4554% 5.95% 2.19% 17.28%
MD 9.29% 40.08% 9.39% 2.59% 19.65%
600066.sh
AR 7.69% 61.99% 7.31% 2.54% 21.53%
SR 0.73 1.89 0.59 0.28 1.28
CR 13.96% 31.38% 12.31% 16.93% 11.78%
- MD 17.11% 31.22% 15.92% 20.93% 15.10%
- AR 18.44% 46.01% 18.20% 25.27% 15.00%
SR 1.09 1.47 0.92 0.91 1.07

B EREAE TR, EREE AR T, MO AMA WS E CVEUE @ SCEELS, 6010, Sy g e ik 3K 0 5
YL, B AT R AR AL S K IR B R IAN I H At R, (AT DU SI7E S K RS in 20— 5 I 5 00 T R AR
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4.3.2. BIESHREHLRK
TEAS FH B AR SRME I, T AR 11 ST HR BT B (1 A [ IR {8 o PR 2R 2 IR R s R R/, A
[ BRI /N S X B SRR (485 TP AR R o 0 AR S rP W 3 2 26 XU F 65 SR 182 8 T R 2R e,
R KT 1000 3 bsmax KALEIRR, $- R R s /N 10%I 5 F bsmin ML EARZRIRECY HDIRAS .
EEXHE RO /NS E LS IO BUE AT 5050, SEihss R ILE 2,

Table 2. Statistics of backtesting results for different batch sizes

% 2. REHDRSEEIEMLE R

{bSmax, bSmin} {16, 32} {16, 64} {16, 128} {32, 64}
CR 44.17% 20.22% 36.71% 15.85%
MD 45.85% 27.83% 42.71% 23.02%
0000045z
AR 85.10% 36.40% 69.96% 26.26%
SR 1.47 0.86 1.29 0.77
CR 24.87% 6.86% 6.37% 8.25%
MD 25.03% 7.84% 7.86% 9.61%
000030.sz
AR 31.52% 8.05% 7.47% 9.74%
SR 1.44 1.01 0.96 1.08
CR 16.95% 16.08% 9.27% 12.64%
MD 24.73% 25.06% 25.70% 25.84%
000050.5z
AR 22.41% 21.49% 14.68% 17.78%
SR 1.33 1.20 0.53 0.81
CR 22.05% 11.85% 2.31% 3.89%
MD 23.33% 15.62% 2.87% 4.72%
600007.sh
AR 28.72% 15.28% 2.65% 4.51%
SR 1.16 0.76 0.24 0.60
CR 34.69% 8.10% 32.32% 29.95%
MD 28.18% 9.10% 26.66% 25.78%
600060.sh
AR 46.33% 9.67% 41,75% 40.34%
SR 1.54 0.91 1.63 1.35
CR 45.54% 17.77% 40.31% 12.58%
MD 40.08% 21.40% 37.56% 16.35%
600066.sh
AR 61.99% 23,40% 54,50% 15,65%
SR 1.89 1.01 1.73 1.00
CR 31.38% 13.48% 21.22% 13.86%
MD 31.22% 17.81% 23.89% 17.55%
FHME
AR 46.01% 17.75% 31.84% 17.44%
SR 1.47 0.96 1.06 0.94
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4.3.3. XFHEELE

EASCH, $#EHL SSES0, SZI, Sandwich [17], KRNN[17], ALSTM[17], AdaRNN[18], Timemixer
[19], Itransformer [201/f1 A FF 7320 AT AT EE, BT SREEI FIRAS AL R VISR, BT DAZEREAT X BRI AR S sk
A9 BN RS HBAE 4 AT ME T, RE S AL EX L, FRA e s WAk 3, 18] 2 AT 3 4
il P 7 P4 HE 1 B0 5 0 B 2 1) SR AR 7 5 R A A28 e T s -

BIriE BB ge i

40.00%
30.00%
20.00%
10.00% I I I I
0.00% -
N S S &
R N X N R ¥ &
-10.00% QO& 2 v&& Q&‘“ v &S
] S <& RS
N
-20.00%

Figure 2. Statistics of the cumulative returns during the backtesting process of each method

2. &FEEMT RS RIS
FITEF I R ST

50.00%

40.00%

30.00%

20.00%

10.00% I

0.00% !

110.00% Oxo“’$ < I &%@ 065‘\5\

QQ e (_)'b «\é\ 'bof’
-20.00%

Figure 3. Statistics of the annualized returns during the backtesting process of each method

3. BFAEEMNIIEFF I m it
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Table 3. Statistics in comparison with the baseline method

3. GR&EFIEX ST

CR AR MD SR

PPO-DBN 31.38% 46.01% 31.22% 147
SSES0 -9.15% —6.71% 31.84% —-0.35
Sz| -14.32% -13.97% 24.68% -1.08
Sandwich 13.17% 14.63% 39.92% 0.40
KRNN 15.48% 17.41% 34.71% 0.41
ALSTM 1.94% 2.91% 18.94% 0.60
AdaRNN 13.95% 15.56% 29.36% 0.39
Timemixer 20.53% 23.91% 22.03% 1.20
Itransformer 23.12% 26.86% 20.21% 1.32

R TR AT L, TR M SRNAAE RAGEE . SEAN RS . A R = ANMR R T A, HiR
KIE S8 7> THREAR B A 228 . SRR BT i SR AE et 75 T2 A R0, (ER R i R 1 3 KA 87

4.3.4. JHRASCIE

Table 4. The results of the ablation experiments of VaRPPO-DBN on various datasets
F 4. VaRPPO-DBN 7E &M #iiEEE DiHRISLIn 45 R

gt CR AR MD SR

VaRPPO-DBN 44.17% 85.10% 45.85% 1.47

000004.SZ w/o VaR 28.18% 52.32% 35.84% 1.07
SMA 34.60% 65.52% 38.08% 1.26

VaRPPO-DBN 24.87% 31.52% 25.03% 1.44

000030.SZ w/o VaR 17.68% 21.87% 13.30% 1.26
SMA 17.51% 21.44% 19.04% 1.34

VaRPPO-DBN 16.95% 22.41% 24.73% 1.33

000050.SZ w/o VaR 20.53% 23.91% 22.03% 1.20
SMA 11.69% 17.07% 25.87% 0.70

VaRPPO-DBN 22.01% 28.72% 23.33% 1.16

600007.SH w/o VaR 17.73% 22.99% 20.34% 0.99
SMA 20.39% 26.66% 22.72% 1.08

VaRPPO-DBN 34.69% 46.33% 28.18% 1.54

600060.SH w/o VaR 25.16% 33.17% 23.03% 1.25
SMA 28.20% 38.05% 24.16% 1.28

VaRPPO-DBN 45.54% 61.99% 40.08% 1.88

600066.SH w/o VaR 29.86% 40.63% 32.94% 1.35
SMA 18.99% 26.13% 25.30% 0.95
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