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Fig. 1 The projection method of closing price sequence based

on visibility graph model
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Table 1 Definitions of the movement indices of constituent stocks
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Table 2 Definitions of the movement indices of stock market
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Fig. 2 The classification model for stock correlation network based on the DIFFPOOL framework
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Fig. 3 The iterative process in single step of adaptive stock index prediction model
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Fig. 7 The offline training results of different adaptive prediction models on SHSZ index
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Fig. 8 The simulated investment results of different prediction models on SHSZ index

) FH 5 o 3000 A5 0 A 00 X 4 (REAR AR ) A [l
MR IMFE 6 £ 9 Fr/n. 78 SHSZ F5 5 r 40
PGSR A T ALY A SO
AEF-DOQN ##17E PR MDR AR 1 SR 4 Fh45%5 -
BRI b EAR ML, 7538 4 4F i D ) 9]
AEF-DQN AAZE M RAE T 50 AR 78 H iy
SERERILE] T 61.37 % , HLIR LAY Sarsa B A1
THT 3.6%, [Fi} AEF-DQN #5575 it i 54 v 25 X
H90.61% , 5 F AR T H B REAY P24 f KRR
R 17.30 % , AR TP 9 300 $545 32. 46 % 1Y fix
KRR 5 BT %) B] 7% 325 Ll 238 0 B3 L 58 4R
TFHERLHEA | LR LAY DIFFPOOL-Sarsa #5571
IYHEETET 91.79% F1 38. 41 % , X B H HL 44 57
L BRI RE T

i — 20 43 B A A F0 U 4SS R X SPX |, UKX Fl
NKY FEECHY [ 2h 5, o] LA RIS UZs 6. gk 7
i, 75 SPX 48 £ 0y A 0L 4% 9% S 5 b, DIFF-
POOL-MLP #i#U7E MDR #845 AR E.3%. LA DIF-
FPOOL-QL  DIFFPOOL-Sarsa #il AEF-DQN i1t 3
LT oAb 2% 2T 1 38 7 s T AR 7R A AR L 4%
BE ik FR rhaT DUAR A1 R S 0GR N 45 14 )2 R AL R AR
AV A B PR AR T A S A A
PR AR F1 SR f&¥5 [ A W2 O0 % 78005 1)

) 50 VAR AL 52 56 | AEF-DOQN 45 AU 7 4% 37 [1] 1]
Etn 45T DIFFPOOL-QL £ DIFFPOOL-Sarsa
B TR R IRAS 2 0 % 8 T HoEdl w 4>
SR A A B S PEAS ) i, AEF-DON BRI X P 3
A1 R T A A A, % 0T 1] 05 A 119 A 22 4R
A A T 8 b ) S5 R ) 1 7 T A R
ZIN U0 EC T A6 B A 155 1) R0 SR T A £k 28k
50 IRAELEMAL, AEF-DQN #5575 B 75 114 SF- 34 5 3%
FEARIRF] 2,505 0, I i T AL AL AHAL T SPX
FEEAS B 0.460 0 1Y B LR 1T T 444 %, 15
HIHAEFRE 500 $5 %k b nT LAARAS 7 68 4 i 45 .
2 8 X TORRIBL TR AE UKX H8 %0 L [l 25
AEF-DQN 5 RY75 31 A 595 a7 i Fom £, HA5 T
L4 A 34 2 T A R L A5 A R4S UKX 45
e I 3k A 491 0 B0 1 SR, AEF-DQN % Al 7R
50 YRABE UL 45 BE S g rh Y O B AR B I R A
60. 63 % , LR AL DIFFPOOL-Sarsa #5827 T
5.49%. UKX $i %5 D3 J 401 9 e K Il i % o
16. 41% , LA DIFFPOOL-QL . DIFFPOOL-Sarsa /1
AEF-DQN S AFR 5L T fb 2% > 50 19 [ 38 B
TR RITE 50 YA LN 4% B¢ 52 4 v (19 ~F- 2 d5c K [l
RN T 10 % , 3158 B 5 T I 538 G106 I 4% )22 1k
AU A 114 e SRR R AL )Xo 4 T B i T )

2023 44 H



54 h

WA BET IR AL 2T 1Y 3 0B TO A

— 169 —

Pk B F B . AR 50 LA W T AR
AEF-DQN RS 1 7 1 B 7R 325 L 8 AP 1 B/
WL R HRF] T 44. 54 % F1 2. 893 0, L 5 TIK
P DIFFPOOL-Sarsa #5754 | 3 156 BH 2% & gh /F PEAh
R BT 5 SOU TR M T b 2 R TR 78 1) 28 )
RET. BoJe , R 9 X EL T AR WA AU 7F NKY 45
L B . NKY 8 5507E D 3K o] 3 2 8k i
RIRE G MAT#a S AR T A B — 54 | DIFF-
POOL-LR #E#I7E PR, AR fl SR =~ [0 5 45 I
FH % 1 ; DIFFPOOL-MLP i) 3% B W% 3#b T DIFF-
POOL-LR,{H7E MDR 4845 FBEAL THIZE. B} T Atten-
tion-based LSTM 1 Attention-based GRU ,{{% [E[f 4G
JREFEI AR B I 45 B ZE AR AT SR 85
BIRFRR NKY 8558 [ B X RIS M 4%
SIS ARG F AT s th it ik
gk S48 NKY $55807F 2019 F I sl K,
AEF-DQN BRI IR K PR 6. 46% KT

BEUAS B 21. 14 % My K PR, B H AT AR
PRI RE . AEF-DOQN FIRIFE B[ JR 72 LU 360 2 35 L
R T TR SO A SRR A 50 YA
PR AR AR R VL L3R T B L
351 A 45. 64% F 2. 258 5, it B T AL i) DIFF-
POOL-Sarsa F2,

L PRAT 14 35 T 2 O 4% 245 ) 1 B — S T
PR FA A THAR Y XGBoost A H. , AEF-DQN f&
Bl RISt f A B2 R A 2R B S D IBC D 4% 114 1
FUBMEG R HE T MR R4 T b AL A 2 BB 8 4%

WS U RUEE TN R 5 7 I A A i S
DI 28 L AR 1] | i T 28 7 S5 i B PR Al 42 AN
[RIAT b AR B (8 AR B 52 e RV A% A5 545 8., T mf
ERACRE A FEAT AR JE AR B R B
I MEEAEAR KRB LI T 55 W AT B0 5k
Pt 2y, FE TR BE 2% 2 B I oy ZEHE SR AT DL B
ST AR LR AR, R e A T A AR ) Tk
JEHE R P 50 B 4 %) T 45 SR 5 22 9 e B X
L RS2 R S v i SHSZ 45 8503 ) 7 2015 4F Al
2018 4EZE [y T WK KR 1] 4, MLP 1 CNN 5 A4
() MDR T5FR #0817 30% , 1 I H 0 % 2R 4ok
SRl XK B fiE S S /£, 55 DIFFPOOL-LR | DIFF-
POOL-MLP #1 DIFFPOOL-SA % AE5if fk 2% > 25 44
JBE SO IR 2 43 B R AR EL , 25 SR S VR TEAL S 15t
(1) AEF-DQN B RUFE P 3 o 72 v 2% R I 5 T 3 34
BN REAA D3 50 R 3R R A5 A 5 T, B A
Tidgis A7 FLAEE, IR 2 80 4. 5 9 38 5 A
DIFFPOOL-QL Fi1 DIFFPOOL-Sarsa #H Lt., AEF-
DOQN F 26 8103 8 388 31 AS AT L= A R A
AL W 2 2T 4 T i DR I A AR ] R G
PRI ARFR S 3 A )8, o B LB A F e 2 pE
. AEEACIN R B D I, 5 DIFFPOOL-QL il
DIFFPOOL-Sarsa f& A H , AEF-DQN 1) 70 %5 51
FEICHA BACH FE o TR A Y ; {H Bl 1%
FRRELIIE TN, AEF-DON AOPE 342538 48 ok
IF LM B A B fees i K S il (A
RPIRES.

F6 AEMRETE SHSZ EHIEIML Rt

Table 6 Comparison of back-testing results of different models on SHSZ

PR MDR AR SR
SHSZ #8544 0.324 6 0.040 7 -0.064 9
MLP 0.5265 0.412 4 -0.114 1 -0.469 3
CNN 0.5235 0.309 9 0.003 3 0.073 5
Attention-based RNN 0.5343 0.236 4 0.0715 0.340 4
Attention-based GRU 0.532 4 0.296 9 0.187 8 0. 665 2
Attention-based LSTM 0.540 2 0.270 1 0.196 7 0.686 1
DIFFPOOL-LR 0.540 2 0.296 0 0.229 4 0.747 17
DIFFPOOL-MLP 0.583 3 0.290 0 0.378 5 1.036 0
DIFFPOOL-SA 0.574 5 0.283 4 0.241 8 0.765 9
XGBoost 0.545 1 0.254 8 0.273 6 0.846 5
DIFFPOOL-QL 0.5774 £0.0121 | 0.2233 £0.0656 | 0.4297 +0.031 2 1.1327 £0.042 1
DIFFPOOL-Sarsa 0.5921 +0.0092 | 0.2436 £0.0521 |0.7125 £0.0253 1.5105 £0.033 3
AEF-DQN 0.6137 +0.0061 | 0.1730 £0.0453 | 1.371 7 £0.019 3 2.090 8 +0.026
Avg. 0.556 9 0.321 4 0.3319 0.7855
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Table 7 Comparison of back-testing results of different models on SPX

PR MDR AR SR
SPX 5% 0.164 5 0.037 7 0.460 0
MLP 0.536 3 0.2158 0.002 1 0.034 4
CNN 0.510 6 0.190 0 0.005 3 0.145 4
Attention-based RNN 0.550 0 0.162 1 0.029 4 0.278 2
Attention-based GRU 0.577 2 0.106 5 0.196 8 1.175 2
Attention-based LSTM 0.581 8 0.0857 0.226 2 1.290 9
DIFFPOOL-LR 0.554 5 0.083 9 0.234 5 1.3530
DIFFPOOL-MLP 0.5833 0.063 7 0.238 8 1.372 1
DIFFPOOL-SA 0.574 2 0.1229 0.298 0 1.517 9
XGBoost 0.568 1 0.092 6 0.350 0 1.795 1
DIFFPOOL-QL 0.5954 +£0.0141 |0.1560 +0.0244 | 0.3498 £0.036 6 1.7912 +0.052 1
DIFFPOOL-Sarsa 0.601 0 £0.0112 |0.1192 +0.016 1 | 0.3327 £0.027 2 1.7882 £0.042 3
AEF-DQN 0.6091 +0.0092 |0.1170 +£0.007 3 | 0.554 0 £0.0154 2.5050 £0.0393
Avg. 0.570 8 0.1257 0.2358 1.255 1
*8 AEKELE UKX ERIEINE R LE
Table 8 Comparison of back-testing results of different models on UKX
PR MDR AR SR
UKX #6545 0.164 1 0.040 0 -0.6133
MLP 0.500 0 0.248 2 -0.146 8 -1.194 4
CNN 0.508 6 0.184 0 -0.049 8 -0.274 5
Attention-based RNN 0.543 1 0.095 4 -0.0223 -0.0737
Attention-basedGRU 0.511 4 0.104 5 -0.0159 0.088 3
Attention-based LSTM 0.580 4 0.097 1 0.075 8 0.5253
DIFFPOOL-LR 0.548 8 0.095 5 0.109 7 0.789 9
DIFFPOOL-MLP 0.560 3 0.082 4 0.176 7 1.316 5
DIFFPOOL-SA 0.586 2 0. 106 2 0.221 8 1.533 8
XGBoost 0.566 0 0.075 1 0.214 4 1.547 9
DIFFPOOL-QL 0.5488 £0.0172 |0.0931 +£0.0343 | 0.2278 £0.027 2 1.641 0 £0.055 4
DIFFPOOL-Sarsa 0.5747 +0.0122 | 0.0750 £0.0252 | 0.3765 +0.023 3 2.5269 £0.044 6
AEF-DQN 0.6063 £0.0091 |0.0545 +0.0213 | 0.4454 £0.0215 2.8930 £0.034 4
Avg. 0.5529 0.1112 0.134 4 0.943 3
®9 AEMETE NKY LA EIRZE R L
Table 9 Comparison of back-testing results of different models on NKY
PR MDR AR SR
NKY f5 %4 0.211 4 0.040 5 0.117 2
MLP 0.5139 0.171 1 -0.097 2 -0.4916
CNN 0.518 5 0.1597 -0.072 1 -0.304 4
Attention-based RNN 0.495 3 0.1232 -0.041 4 -0.127 8
Attention-based GRU 0.509 2 0.2059 0.022 8 0.197 8
Attention-based LSTM 0.541 6 0.1457 0. 130 7 0. 809 3
DIFFPOOL-LR 0.578 7 0.1212 0.2819 1.526 9
DIFFPOOL-MLP 0.569 4 0.1142 0.1819 1.037 5
DIFFPOOL-SA 0.550 9 0.076 2 0.173 2 1.030 2
XGBoost 0.587 9 0.062 4 0.406 2 2.097 0
DIFFPOOL-QL 0.601 8 +0.0153 | 0.1453 £0.021 6 | 0.4224 +0.027 3 2.1113 £0.036 2
DIFFPOOL-Sarsa 0.6250 £0.0112 | 0.0855 +£0.0164 | 0.4244 +0.0212 2.170 4 £0.026 1
AEF-DOQN 0.6342 +0.0081 |0.0646 +0.0183 | 0.4564 +0.013 7 2.2585 £0.014 3
Avg. 0.560 5 0.116 0 0.190 7 1.0257
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Adaptive stock index prediction based on deep reinforcement learning

BU Zhan', ZHANG Shan-fan’, LI Xue-yan®, MA Dan-dan’, CAO Jie’
1. School of Intelligence Audit, Nanjing Audit University, Nanjing 211815, China;
2. College of Information Engineering, Nanjing University of Finance and Economics, Nanjing 210023, China;

3. School of Management, Hefei University of Technology, Hefei 230009, China

Abstract; Based on the fundamental and technical data of constituent stocks, this paper constructs the se-
quential stock correlation networks, and utilizes the deep graph neural network to learn the hierarchical repre-
sentations of stock correlation networks for obtaining the candidate prediction signals in an end-to-end fashion.
On this basis, an Action Evaluation Feedback based Deep Q-Learning ( AEF-DQN) is proposed to integrate
different candidate prediction signals into the agent’ s action space. Specifically, AEF-DQN learns the envi-
ronmental state using the hierarchical representation of stock correlation network, overall movement state of
stock market and evaluation feedback of historical actions. By employing the reference dependency property in
the prospect theory to estimate the reward function, AEF-DQN establishes the mapping relationship between
state, action, and reward value. Finally, using the historical constituent stock data of SHSZ 300 index, S & P
500 index, FTSE 100 index and Nikkei 225 index, this paper constructs a stock index futures trading simula-
tor to empirically analyze the proposed stock index prediction model from the profitable rate, maximum draw-
down rate, Alpha ratio and Sharp ratio measures. The results show that: 1) by hierarchically aggregating the
node attributes of stock correlation networks, the proposed network representation model can dynamically cap-
ture the potential impacts of different industry sectors on the price fluctuation of stock index, so as to improve
the accuracy of the prediction model; 2) by considering the evaluation feedback of historical actions, the pro-
posed deep reinforcement learning structure can intelligently select the optimal model structure suitable for the
current stock market environment, so as to improve the robustness of the prediction method.
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