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Abstract

Machine learning is widely used in stock trading. How to obtain effective market information and
maximize benefits and minimize risks in the process of stock trading is a topic worthy of
long-term research. The traditional trading model based on deep reinforcement learning can’t
identify the violent stock price fluctuations effectively, resulting in the instability of investment
return. In this paper, we propose a deep reinforcement learning model incorporating trends in
stock trading strategies. The reward function selects the profit under specific conditions adjusted
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according to the trend indicator RSI index. It can identify the risk of stock price fluctuation effec-
tively and obtain stable growth of return. We evaluate our method with 3 stocks in the Chinese
stock market. Compared with the control group, the proposed model is well trained and achieves
higher average annual returns, lower annual volatility, and better Sharpe ratio during the expe-
rimental period. The experiments results demonstrate the stability and validity of the model.
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1. 518

AR, NTHf2BRARE, RN TR GEEIET L SmEdnas S, & &z s 5
AR, G B R 2 VR B 2% 5] (Deep Learning, DL)J59%. #4k 2% 2] (Reinforcement Learning, RL)
TE[L]e XEETIEF BT EVERZ S ARE L IRVERDI . $ 040 & A .

A FHVR JEE 257 ) TR0 A S A B A2 S A I 2 TE U RCR . BAO S5 [21K /N A8 . HEAR 3 F dmiid 2%
(SAEs)F1 LSTM 456, B SR B SEANAK I8 (8] P9 51 EAT /N B AL 4 o3 il DUV BRI 75, 45296 L SAES ZE %,
WIZ=PIRE, BN LSTM il sE — KAWL . Cai 553142t ¥ —FRl& CNN A1 LSTM HIHERE,
Yo S RhfE BANR T DD e AR E AR, W T AR TR 7y JS 388 Fh . SR1T, AR B 2% ST Tl
DU SN A B RIS B, SRR T BT IO, BAEAFAE A 5 ARG L, s T 4
A AR R LN R, TR TR EEAE 5 & sl T 5] I AR SR A8 51 B Jah (Bl 4k [4]

DX T b B TR0 B B AN A v, TR A 5 2] O vk T R ¢ R AR B AR LS S e — ik, B
R s B E NI HFR . RS SIMEIEZER, SMENMERTEE R, SBELRSMEL TE
e, A T s S LA RSN EME R, BIIREZ 102 . Deng 25 [5] B U A% FH IR FE i A 2 2
TERT T, RS BB T &M, JREUE BARHE, S5 IR PR B S 5
oK, RlE— LA TSN, 5INBO S 1R D N e, SUE4S R BT . Li 45[6]
R BE sl 7 > T ISR A 2 SR A AN T, EE %t DQN. Double DQN F1 Dueling DQN =7t A 7] F) 5
%, BRI B A . Pendharkar SF[7]13cT 1 HE TR 4k SR R B8 2 SR B 1) B BCIRAS A B (A8 DA
B RKACHE T IR A B 2R . Jeong &5 [8]4T X AC 5y B AS & B 1)/, $8 T #2 2% 2] il& Q-learning
Aab T e 0 2 4 KA R B LA M . Chakole S5 [91% 9 Ak % S IS ik £ S ka A R EE T IE A
I br B AR EN R, 45 S WIR TV R R IR e AR . HLBL 07V, FE S M T [T 4
LT R PSR EE KUK, TR IR AR E WL RS

FT UL BT, AROCHEH T —Fhah Al A R B s A 5 ST B TR Gy AR B AR A 5 SR . BTk
WR: 1) BREFRM AR ARG & AREETIIRE: 2) EIURIEEAIES RS FREOR R 55 E %
PETRRIFRELE 2R 3) FEEE T EH] DON M52 5 i3 4) ERCEAESE LR Seie st R BoR
ASCHEH PIRBS A PR AR SO0 T H A IR vk, 8 35 4B b U B 22 ek 0 RO G AR Y R R I

ARCMHRERIT o 58 LN GI F 5. 36 2 WAE TS IR . 55 3 WA 4B T il R
BABIA , B4 RIR TSI R ST 585 WX AT A A T A
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2. RE LA
2.1 BmiE

sk =) B 4 2 STARHE Agent S 3R Environment ZHA%, G01E 1 Bas. RAS s SR REAE %k 2 4540
IESRFR K o FEREAIS D £, R TR R AS s, » dAb 2% IR EE Agent S WA B M ATIRAS s, 5
MENVE S (B ORI a, R G EEHET B3, BNERDEREEE TR NG ~, P ERE PPIRES T RER
WIENE . GRS R22ah r, , AR B N —/MIRES s, o B TUEIRI L), ARE R RE 7, A
Wroiodk, BERERRARS. ERAN TR, B BRI R ER . w2 SRS F B R ER
PFLFER, AR AT PRSI AL R 9 15 B DM SR SR, M ATIRES Z AT FPIRES I E 2 A
HEM, G/RBIRER SRR EE S SR A EN G . 8RR, J7EE R oA o K mt
TEMRIN RS, MRS BRI ECRRE B, BRI T 15l itk . Bk, BTN
IS BEAE /R EHR RIS R, ISR G s 2 2]

Q-learning A& —Fp oA AL )5k 2% S Sik, QL@ 27—k Q RCRENEXNMER) K2 2R e 38
BRI RAEsRnG, ARSI AT Zn /e . SR IE SRS 2 (M #r Q Fl & A AT 1), LA
1 Deep Q-learning fi#¥ix /Nl . 7£ Deep Q-learning 1, Q FMIAE A MK E .

Ftka,
Lihr,
R Agent K I BEEnvironment
WA, R,
Figure 1. Reinforcement learning system
1. BUFEIRE
2.2. Q-Learning
sefbEE oI, R ER R R RITFEERR,
R=h+7 L4y fp+r’ hp+e @)
Rt = Z}/k o (2)
k=0

o, PHJE Ry e [0,1] ARAa I 18] (3 X AR IS AT+ T3, v A ACERAE t Y BI A 2R5h, AT BLE 4
H R STl R B LA S BACEE R B FR . 7E Q-learning 1, SAIIJVIRE - S EIMEREQ(s,a) » ZpREER
NMESRECIRAS s ERATENME a 5, BRSNS 7 15 2T R B2,

Q. (s,2)=E[(R s =58 =a,7)] 3)
Q-learning SL3:10 H 4 443 B T S8R Q (s, ) bt sk 7
Q'(s.a)=maxQ, (s.a) @)

DOI: 10.12677/csa.2022.123068 675 MR 5 R


https://doi.org/10.12677/csa.2022.123068

(EEIY

ERRE - SENERELQ (s, a) HI VUK £ (Bellman) /5 72 5E 3,
Q'(s,a)=r +y-maxQ, (s',a') 5)

ok r MDA, AR s, RERRA s, RIGE a 5 3EI. 7 Q-leaming tit, R4 - HfE
HHE B Q (s, ) SEIL RO MRA - BUMERT (5,a) IUTIEAOREH, Hob o 23T,

Q(St’at):Q(St’at)+a[r‘t +7'm2XQ(St+1’a)_Q(St'at):| (6)

T AR B, AT AR B K U EBUE R Q7 (s,a) -
2.3. Deep Q-Learning

SR A T A A B, B Q TSR AN AT S R R TR - ZE
HFE, RO T BOORAS - BHEE )ROSR, JE, Q(s,a)=Q(s.ai0), O R, ML
Ga IR - EDERT (s, 8, ) LB Q(5,,8,0) » T [ +7-maxQ(s,,;, a;0) | B L1 H AR 1A
B, VRIE Q-learning HIARAS - B 1M B0 KB BTN -

Q(st,q):Q(st,q)+a[q +7.meQ(sM,a;H)—Q(st,aT;H)J )

FH1 T A D A 28 B 24052 A4 B RO TR BRI 8, i e ) AR R R, P Q T2
ST RO R R T 3K W . 35— M7 I S 06 T MOHL, 5 PR BE TR I I KR s,
APE 8+ I r RTR AR s, AR e, = (5,005, ) HEAFBIZ M0, AR JE MR 00 Pinp 55— ST RE At
T,

8 RO AN K — SRR s, T (% Q(s,20) BT AR Q(s,200') « $orkt 0 R VTA5 TN
HINBHL 0 REFNGMSE. 7E5 3 bR, (O B ERRAHE T 1 28 SR, RN
SIH bR AU B BTN, U BT 4 LR, 76 52 2 R SR, A9 VA P4 R
e F AR IZ . BRI (05K T 2 =] R sE b o Al UUR 207 R A DON, FEAEFI 7 254
S 451K B 4

L, (Hi)=E[(r+7.mng(s’,a’;Hi,)—Q(s,a;Hi))Z} (8)

I B IR K B ORI S HGAT 000, A 20T B R -
A L(6)= (r +7-maxQ(s',a’6,)-Q(s, a6 ))AQQ(s,a;Q) 9

RIE Q S I D38 M 5 T4k A Q M, MM FAE Q (E i RALIIBITE, H WS EIRRIT K
Jiik e & -TAETN o
3. AR SERE RN

Je ST Ty S ARAE AT AR A I S T S A S 1 B ISR IR th AN [R5 5 sl A DT e 38 9% e 7 i 4 v 114
SECLEH], R RACBERR BRI RRAR RS IR . fEsmib 2SI A iR, Sl IR s Al 22 S 2%, DL
P SE 0 3 SRR AR OIRAS S I as e KA FL AR, FEREN A S I 2 2 it — N2 S 2iE, HohE
MNZGENERR H — A2, i A 35S 5K B e R B A, AT TR F 3R ), AT sE LR

B SR AR
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3.1 EHERRIE

RIS, SRR OURE 2 248, WIBCOK A by Bt G B n] e 7377 AL g AT 7R AP b o 5,
BBt VAR I LSRN A2 5 SR 2555 . N TN R T I A S Y, i BE0E 4 T4 ag 5y ) 7L,
AR G B

RBL 1A 5 BT, AN LUK TS A J Fl b ot 52

BB 2 22 5y BEAE AR IR LASCEL A 9 S % 5 Bl

R 3 Hidm A fvFsE

3.2. saiFERE

oI T T B BN, B AE 5 SRS 1) Sk s _Eg — M BEHLIL A2 ). 72 ] S 2B R sk
RERIR ISR AE T SR e R, A% SR ORE I SN A B TR R IB A IR, B REA AR uahfE. fEA
S, DATE R JA 9 RS T S0 A A 2 18] AR A S A IR o P SR A B S 1) S S B R T B
(IR 18], AP AR R 35 b T B8 J R 0 2% 1 T BRI AR DA 2Rl R 4

WE s BES A5 HIT S AE N KRG DU B T3 T RIS A2 5 B KB e sh
B BB P AL, 2 ETAC By FOT R AT — 28 S H AR AR AR n® A1 241158 5 H B A
BCARIAE 5 H TR A 3

St = (rt(igl'-ﬂr r'ti%—+1, rt(i?r+2 ' rt(iql'-wz [ rtoc’ rtco ) ’T 2 2 (10)
PO, - P
= 0 -PC (11)
PC._,
PC, - PO
I,tco _ t t (12)
PO,

e, POt ZIRELMTFALS, PC, My t 2B SE M AL . FFAEU (SRR AR FH T BT
I, A U B 5 SRR BB 00, 5T A A A AR 28 TR A i BT i 931 a2 8.
RSB AR, MR T B30 B, BURNCREAF. BRILEASCH, T=30,

NPE a B, 3INTELMBERE, oEtEntZ] (25 MsR, i, 0 RETLS, RHF
BEHURRAE, 1 B3t — T, 1 RN T A, 36 20 MEE, a e {-10,-9,-+,-1,0,1,-,9,10} ,
1 Leem SE[10]4H . #4721 ANEDAEAS 55 BRI/ BIAR N 50 T AE3RAE S B ORI, 02 ol T A S 47
P RO S BN

ST BRI ¢ AR ST 0% 5T ERR, I AL AT SR . B L S R SR,

‘ PC
profit __ c t-1
K —@+%Xn)Pqﬂ (13)
. PC, —PC,_
= (14)

Horpa RAHEAERZ ¢ B fEnE, o R 2H0EE 5 H SN ERT— 22 % H AR LR i T
PC, ,» XA Tt tir A Sh M IR S AL R, (RN AQER A5 2 PR 22050 5 L AE € I Z0 9T it AT AR
Ko
3.3. BRI R

IS ERER AL — AR B AR 22 5 RN Zh ems . — BN T3, 505 LR TUE
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ISRBSHEAT, T RIS IR BT N, FEASCH, it B 2 ) iR B G B AT N, i
SFNRIL BT Ay I A P AR R E 26 N BB TS 24T M

& A BR A BT R AR SR TH L, LG A X 5 55 i % (Relative  Strength Index, RSI), % fi 5
(Commodity Channel Index, CCI%5. Wi b, B b ik, i Mg 233k, Mk, W
FEBET, BNhTHE TR, MERZIME Skt R ERTARTRS, REAEEA LT
FEARSCH, MAAEXTSRES R AL RS g adh, MXT5RES RER — A shEdehs, EiRft 7 — AN EE
MG ZIEFFIEUETEE Y 0 £ 100, 1R FAEACT 30, FonEsk, HET 70 b, R,
XoF i 55 R ACEARYE B SR AT 14 /N385 H s B Bl Sk,

RSI=100-— 00 (15)
1, Average-gain

average-loss
Hrr, average-gain A& 14 KN FARLA ik e FP~FIIME, average-loss /& 14 K P AN T BRE 2 FII~F
YA 7R RS, YA TSSO, A A T RE A A R TR R, R R R A B ) SN
FEEAT N, sib2birh, HF—RABM TERBZ, XSLHATARERNR S Rk, gkt T#ss
THEOLET, BN ARG AT e A B BBk, U AR AR S AR AT N, BURE AT N, H N —RH
T EBKER 2, X SENAT AR Sl R o 8 R R S N AR R B, 3 RO AERAT S BT
RN, KPR R I8 A S S B 2R b 3R DU SE I s2 e B8 m SR SE R, e SN 1 R,
xS R L R

t r.tprofit, ;H\:’ﬁﬂ

BB S 2L R, PR TAERTE R, BRSO AR AT A S s, AT BE
W4 5 R VR R BB AU AR LG, R S AR e B R R R R KRS, TV BB, AR HCR
AR A g /A RS ) B A

(16)

Table 1. Influence coefficient m of adjusting reward value under different conditions

® 1 NEIFG T RRERMERNZIMERER m

RSI <30 RSI > 70
HE a re EALES (81| I a, e, FAEY i
1-10 0.05-0.1 13 1-10 - 0.8
1-10 0.03~0.05 1.2 0 - 0.9
1~10 0.01~0.03 1.1 -10~1 —-0.01~0.03 11
0 - 0.9 -10~1 —0.03~0.05 1.2
-10~1 - 0.8 -10~1 —0.05~0.1 1.3

4. SSIES 4
4.1. B4R

9T BAFA SR R, RS2SR, MIE 100 58P BEH LG 3 HR B EIES . SRR K A
2K VE AT STIE AT, IREARRE A0 R 600030, 600048, 600585, A2 5 2 M Tushare 4t [X T #k
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HIAE H B $dE . SEIG R NI 2R #2010 45 1 A 1 HZ 2017 4F 12 A 31 H, WHAHAA M 2018 4 1
H1HZ 2021 412 A 31 H. JIZIARMNERIIN KA 8a Al 4a.

4.2. IR
THHEVIERE RS2 Windows10, ZwfEiE =N Python3.6.8, K Pytorch1.10.1 Az {7 #REE .
4.3. EWMERFSXIEE

EASCH, BMEEBULR 21 ME, ETEA R, 8 HEE Q-learning H 2 AT, Hth 24
SERIFH A AR 2 R R, 23 8 Q 4T Q-target PRIZ% . FHZR 4R 2 i = /N M 4R Z 40, Herp
AR E G R ECR A ReLU BR%L. MZHINIRE, M argmax AT & ENf A 215 Ea, |
TR IR, R B EAL IR 2 Rl AR RIR A M S E . EIIGIE, K & -8
ARSI EENE, RIRERIEAT R 2L & FIMERE BRI, PL1- e BOMERBEHLIEIEIIE, A B
5T A i HR X 28 35 2 i (1 B PR BN A

TESERH, IR T U ANRT. 5 MAMRIE T R, B 5 EHm AL 4
it 0.3%, ®EAL SIS HAK S5 Juile, BRitbzgh, 752 27 b A &40 0.1% M ENTERL . BEARL S
YSITE PR HT LA P AN BRAE

TEIRIU R b, St R4 AT IR, IR I GRIF IR R R AR T 22 5, 19 315256 45
TEVIGIATE R & - R 28 SRmE K & O 0.9, 2JRNIKIFE)E &%y M 0.9.

ASCHE IR 5 DL B HEAT R L . —Fh 2 Buy & Hold, B HIHA %8 & 4 % T 2Erp, B3
GEW; TPl A AL G R BR U R S eR R R A SRR AL, AR RN TR 2Ll R U B S AL
PR BB R] . =P8 B ASE 2R (1) SR I b 0 0 [ R P 2 4 [T . R 3l 28 DA R B 35 L e Rk

2. 3. 4 IR T SRR R E RS . AR R AR K U L I R R LA
For Buy & Hold X R [f1 i 26 Buy & Hold #7458 7= A4 (1)U a5, Compared model X i (14 1 28 A 4 A%
2R3 R SR DR 2 i R B A A ) BB AR AL P AR WA, 1T Proposed  model iR 28 9 AR SC A A )
PR AL A U f o TR T DU A SR B R B AR R WAL e e v T LAY, (ELEE IR BT
ARG G R P2 A 25 DX, A IR B BT, AT SRR AL e N, Wi as it 2 R AR
RGBS, Waiteik. 2 G ik— Bt SR B aE AT /.

—— Buy & Hold
200 { —— Compared model
—— Proposed model
- 150 4
S
B
T 100 4
= 00
El
=S
B 50 1
0-
2018 2019 2020 2021

Figure 2. Cumulative returns of three investment models on 600030

B 2. iFiEs =R SRR R E R
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120 A
—— Buy & Hold

100 {4 —— Compared model
—— Proposed model

80

60

40 A

20 A

RREIRE (%)

-20 1

40

2018 2019 2020 2021

Figure 3. Cumulative returns of three investment models on 600048
3. RAK R E=MRFRB R R ER

400 1 —— Buy & Hold
~—— Compared model
—— Proposed model

300 -

200 1

FREIRE (%)

-
o
o

2018 2019 2020 2021
Figure 4. Cumulative returns of three investment models on 600585

4. YRRk £ = SR B R a R

D20 # 3. R AR T RGP E RS . ORFR R AR K e BB Fe bR xS EEfE ot . A
TP AT AT HH 2 T 1% G 2 il R B3R 5 A0 2 ST BT AT ARG W LA [l 4, JF AR esh M= b =R
At SR, AR BB T B RIRTE T 30%, FEEhRFEIL 25%, R R
Tt 50%LL 1, Hrr = Buy & Hold BB AL ROF A e b B S0 LU (R DU, A SC R 5 4T 4
G LR, AL BE IR AR T sl UKL, Ui A SCHR H (AR 24 Ji i B e ek RS A 4 11
B EREHLEFER 3 RBEE b, S Son A SC R R S A0 T At B A, S SC e 7 B Ay
BhrmkaEt. g P, XS ik i S A E A B SE .

Table 2. Comparison of evaluation indicators of three investment models on 600030
= 2. PEIES =M R BRI MR R XTEE

Eraig Rt T2 4E [ 4 (%) PN (%) H L2 (%)

Buy & hold 5.1 35.32 19.62
Compared model 25.19 19.72 101.12
Proposed model 33.33 16.22 197.68
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Table 3. Comparison of evaluation indicators of three investment models on 600048
3. RFIEZR E=Mig R B AT R R XTEE

PO P EJAE [ 4 (%) P BN (%) B 2 (%)

Buy & hold —4.04 37.46 —15.12
Compared model 16.31 19.8 121.89
Proposed model 20.65 12.9 514.62

Table 4. Comparison of evaluation indicators of three investment models on 600585
= 4. B £ =M AR BRI FR AR AT EE

Eta gkt T4 A1 (%) FULBN (%) 2 2(%)
Buy & hold 5.12 33.69 2191
Compared model 37.01 19.18 121.75
Proposed model 49.42 14.67 175.43
5. &g

RSO H 5 3R 2 S T R R B e M, TER BERAT B M A AE AN R 26 T OB
Wi 25 550 BE SR BR A8, A A TR O TR PR R A 2 S ISR A Sy R I T IR A 5 o ASSCAE TR R B SR
mg ks 7 3 RIRERATHR R SR, SRIeSs RE R, ASCHBARERILI T Hofboet (4L, 7£ 5298 98] (1
PRI, FRER AR, HEW R, R AR 5 LR R, A B S A
(ER AR R T — BB AT 1, AFF & Wi h SEBr e Bt F 4 77 e a0 2458 5 BB i
Wi R, ARG, U it — P TR S IR
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