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Abstract

With the rapid development of artificial intelligence technology, the combination of neural net-
work and financial field is closer. It is a hot issue in the field of investment and academia to con-
struct investment strategy by using machine learning methods such as neural network. This paper
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TSR, FEAE

proposes a stock index futures arbitrage strategy based on convolutional neural network. The
convolution neural network model is established to predict the spread of stock index futures, and
the dynamic threshold method is used to determine the arbitrage interval. This paper makes an
empirical analysis on the CSI 500 stock index futures and the SSE 50 stock index futures. In this
paper, we make a comparative study of the trading strategy based on SVM model and XGboost
model. The empirical results show that when the maximum withdrawal rate is at the same level,
the return rate of stock index futures arbitrage strategy based on convolutional neural network is
better than that based on SVM model and XGboost model. It is proved that the convolution neural
network is feasible and effective in the arbitrage strategy of stock index futures.
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1. 518

Gt ERE— Mg RN, BRI — AR O B R ER R Rk DL b ) 4 Rl AT R
FIFHC THRHERIEN KRR, WIEHRIEN KRBT, FHME R RWEIET & Tk
SPOUREUR o B RN E R PO R S, IR S S ERTE SR T 4 R A Rz [1], T HE
D 245 S L 85 2 = T V0 R A T SRS A M T 2 R SR SO A ) i — (2] [3]

T R 2 0 28 0T X A% B AR A B AR B R IR D RE o T B 1) 7 57 m) AR AR 2 — 4R 1R A% B 3
Wi, MRYEB RPN L X PR, B AR 28 X 4 5 B 1) 3 S ARRAE AP T A 5 — e i 3. Ik
O V2 8 BB BN 2 48 P T A B 22808 4], IR, B AR W 48 78 S b i 1A) 75 91 _E AT AR K
[N TS [5]. Cao (2018) [6]RFEAAMNE LG HEAT 742 T:, FBRIIE W AN SCHF [ EHUAHLS &, XF
1996~2014 4F ) HIS 18EHT 7 4347 . Alonso (2020) [7]71) F 25 A5 4 £ [0 28 Sk ELARS: 1 25 0 02 T iy
FEHEAT T 1000, GESE T BOARR AR B0 AT T 1 . AR 5% ) 5 i & Rl U i 45 A B )
Huck [8] [O1F FH R FE 2 23 J5 2%k 36 [l e w7 (1 B S 64T 40 A, de i HE P FOFC R 1) 7 VA G S T s LA Y
Krauss (2017) [10]55FIH 1 BP #& /4% . BEEEHR T . BENLARMAT bR 500 s %o 5 1 oy B AT 1
WEFE i, X ST HE T, AR )E 0 HE T B R S A HE P B AR I SR 2 (AT BRI 5, A Jaid
S HE Y (78 AT S AR L PRI B A 1 o A5 tH B [1 1] 5508 K BP-#HZ2 I 2% F GARCH BLBUAHZE G 7 T 4t
BRSNS, XA R, B LR S A5 S HIR E # BT T IE.

A SCAERT N FIWE SRl EAR T — R T B A & R 42 (0 B HR I DR B R S ms o il 5 B £ X 4% 6
JEEFR AN ZE AT TI0I, AR S BT 22 (R 1 5SROI A 22 (¥ 1 5 (R ARG A B A N R SR . el TR
BIATR AT R IBI B, ARG —EMERINLE, FrLAARSCH HIE 500 M6 AT A1 EAIE 50 48 Dt idk4T
T SAERF T

2. ERMEMLE
2.1, BRMEMEEBIGE
U0 2 4 245 (CNIN) A 6 O M AT AT 127 S0 (A T LA A 220 2 S

DOI: 10.12677/aam.2021.102061 558 IR Esid


https://doi.org/10.12677/aam.2021.102061
http://creativecommons.org/licenses/by/4.0/

K, FHE

BT DI e ) S AR AR AT 2y, T HL AT DUSE A O PR AR Z RN AR R o ARGEROBLER 22 21 07, Hn
SVM HLRLAN XGhoost A5 A F: B A7 XA ARG L 2 8] (1 SCI A5 B U 22 (K42 30 o I AMASTAR B R 808l D e
1] S0, BAT S R IEAR A OR AN ey, AR R BENLYESE . e LA (s s B DAASCE I
G PWLHATEGE, @O T ET AP ERIP LW 2R, — 4 A AT DA R R e A
224, I BRI CUE AT i 24 7 A 80 2 T R &

DK A AR 22 0 24 1) S B 2 B 0 N AR E AL BT DARE IR AR 22 P 2 S5 R I TR 3R
BRREE, BREPAANEL BB RN . BB B i A R Eos 1 i
TSRS R B U NSO 1K BE AR SO 20, 30, 40, 70 PUFMENL. —AN e BEM B AR 22 2% B 1%
AR, BRI, WE, bz, WA ZE. By a R 3 8o AT R ol i 2 4 80N,
FEXBRR R R, A R% E— R E NP R BB ZPME L. RTERZIRE, B
A Er MHE S, 8, 16, 32 WURMEAL, 1B IR /NAREAR K EEAR G, Ferb 5G4 A Sl 1 4
JEE, f A ) 4 E A AR I R /INBE L 2 DA R 4 3

|(L-C+1)/s|=N, @)
e L RMAFEARRKE, CRARBELIINN, S AERBINFIEK, N R EE 4R,
| | Femi R,
Table 1. Relationship between sample length and convolution
kernel size
F 1l HAKEMERZAKNER
NS BRI
20 3
30 3 5
40 359
70 3 5 9 13

B FORREAR R ERERL N RNE, AREARYERE Dy 20 I, BR D RBEN 3, HFEAK
JEY e R 70 i, B IANURTEU 3, 5, 9, 13 PURMESL.

2.2. N IEHR

S F AR, A = FIP A ARE: $071R2Z(MSE), RRIMACRE(r), MoE RERY.
JTARZE RN T B 815 SEBR e A (22 ARG R BURSE 1 TG P S R 55 5 SePn e 345 il — 25tk A
RABMIZIL 1, TP 55 HOSE P e 5 — 2 o e BB TR B E G RCR . il
X =ML, WS HRGENNESE, RaEE T SPGB % .

3. EFIRE

RSN GTHEM 2 R T AR R AT CER X R E, SEREARSEMREART 2, RifiEE
F X T] o AER AR EE 2992 HORAR IR AN 22 1R S A SR AN A T Z2 4 B0 X T), AN RRAR 47 i 04 A 2545 R
7 HL 240 22 H B B A AR R B i AN A Rk [12] 0 FTBL, ASCERISRRSEE T3S BN 7%, A H
it P E IR HERR BN BERIE S, TR AR A 22 08 B0 Z5 A0 X ) HEAT AN W b 1 48 S B s A = 8 1) o
FEo AL 500 $EECR AR 50 FRECHSAE —E AR M T A BAT R AE S, fEAE% LA —E ksl
ASICE AL 500 BRI A £ A_EAIE 50 e 1T & AT ER 0T AR TR A B AN, A
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JABE Rt A b AR 0 52 0 KT LL & L RIS B, THIE 500 AR I BT & 29 A0 I 50 Ada il 625 0 1)
A7 73079 200 A1 300, ASCHE PN GRS L7090 9 — T B HE O AL F LA S i, A ZE 0
HIE 500 JEcFi 5% i A _EIE 50 A B ks 84y ) 3fe LASRe 1~ 2 Al 3.

spread = 3IH - 2IC, 2
e IC A IH 735 37 HiE 500 MI_EAIE 50 JAR I BE (1 d% . spread on it & 20 %, WiZAFoR
AT ENZ SN, W2 —F0%E, M T RN LZ TR EIE 50 B 5T & 208 L2 —F ik 500 ik
TRITEaL) . KA —FME, MAT RN LE —F 8 ik 50 AT & 283K 2 —F-Hhilk 500 a1 5%

&Y.
ARICAEH pre _ In SRF RN Z M6 &, In R ESUE M Z1 &,
In, = spread, —spread, _,, ©)
pre_In, = pre_spread, —spread, ,, (4)

. pre_spread, F il it HAMHE 255 spread, (I TUME, 4 spread, FIHT TORAEFE )/ METE NI,
TINAS 21 pre_spread, » In RonSEPRIIM ZEIG S, pre_ In R T FIN ZHE, 2= ER T
B 50— I[85 RO AR, 3d s PO A 0 O 22 189 8 v) DASR AT AN 22 AR 3, AT R SRS S i
Hig .

A GG T RARE pre_In 5 In FUARXS A BT BB FEASCHAE 5 1) SUE B2 BN FE SIIRE X () FI M(t),
2 pre _spread, ZEXHE K TIRBNBAE X@OF, #T7HELS, 4 spread KL EIEHBZIIE MO,
BT GRS . FARIIZE 5 SRNg T -

2 pre_In > X (t) i, EA—TF LIk 50 BARMITE 2 S, KN — Tk 500 BRI A

4 pre_In > X (t) J5, X pre_In <M (t) B-F4;

2 pre_In < X (t) B, EAN—F LUE 50 fedaite sk, EAN—FHE 500 B fi i bt m £k

M pre_In, < X (t) 5, FHA pre_In > M (t) B P4,

4. STUESTHT
4.1 BiEstE

— GG A R S A BA AR R, TRsEer, &5 RIR: L T h X & 2
FRZAETIEL) . AR GERWEAE ik 500 s BB AT EE 50 8 I 52 & 73 b 32 & L0 AT 15 808
B K N — N ERE: 201946 H 3 HFEJ 2020 4F 6 H 1 H, 3£ 58,807 skicdsxk. Herh 70010 %4k H T
WIZREE, 30% 1 %Hs H TIik4E, BPIZRddE v 2019 4F 6 H 3 HF 2020 4 2 H 14 HAh Z5dE, W
HdiE oy 2020 4F 2 H 14 HE 2020 4F 6 H 1 HM 22506 . B RIs T 15 15 55000 e

TEER AT VN G A AR SRR BN B b AT TAL B, RO IFB AN A8 S e i e LUK, AR T
HHTE R FTLL, e EE AT I — A A3, {5 A Y B BRI 7E (0, 1) 2 [H]

spread — MIN (spread )
MAX (spread )— MIN (spread )’

AH: MAX(spread), MIN(spread)) 57~ spread /3 41 ) s A AE A i/ IME -
TR B SRR A T, T DLASCHE DI R R 2 BN 2 2E4T S Bl al T, DARE 2B
WEFE T, AR A SR AR W] DUSE 4 i e A A O 5
spread, , +spread, , +spread, , +spread, , + spread,
c :

spread =

®)

ma5_ spread, =

(6)
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4.2. WAMEIE

KT AL CNN BRI 4 P 25 TR AL R i 72, A CSC@d w2k, il AR i B2 4L,
BRAE BRI KRN, BEAKE 4 MESE. 5T A0SR 004 /2% 52 6 i 8] 7 51347 A B,
8] 77 5 5 ARG T I s AR N, BTLL, RTBRZEEASC AT ie 1 EM 2 2, N Tk
G BT (1 BE AT S A A R R 5 R e AR R A, BT DO IR B AR BB R T, B E R AR
K FESy 30 AT 40 FE XL . BREASBFUZ R /NIREAR K BEAE DG, B RIS REAR K B AN, W E B
KNG N 3 A5, RS2 W B AW ZR, B ENERBANEOEE NS N 6, 7
528 5 A1 10,
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Figure 1. Predicted result based on model with different convolution layers
B 1. ETAEREREEHRETNER
1 real &7~ ma5_spread, , C1-S30. C1-S40 Fil C2-S30. C2-S40 73 il AFEAKE Jy 30, 40 K45
TR ZHG A — I (R 22 T A th 2k .

Table 2. Predicted result of different convolution layers
2. TEIBRERNTUNLER

Conv_num Kernel_num Sample_size Kernel_size MSE R? r
30 3 0.00007 0.9908 0.9959
1 5
40 5 0.00014 0.98203 0.9920
30 3 0.00019 0.9748 0.9880
2 (5, 10)
40 5 0.00016 0.9796 0.9900

R 1R ESE 2 P MSEWR? R r T LUE H, BRUZE N 1 EE RS EERZE N 2 Z 4R,
Horh 2582505 B A (1, 5, 30, ), ¥ 77152 )9 0.00007, 1 5E 24 R? 9 0.9908, 17 /K b AH % 2 %y 0.9959,
AR T 1, SR RUMEGT, TR 5 RS e P B s, A kL, 0 A8 S 1 A
R thtim. BrCAfERE FORITHE R R B R Z B E N 1 2.

e TERANERERUS, REMITERZEIIRN, XSRS, AT AR RN
XFEetk, [ EREAKEE N 70, Rl EGHEIIR/N N3, 5, 9, 13,
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Figure 2. Predicted results based on model with different kernel size

Bl 2. ETAEEREXNDIRBTNER

I« 2 H real 27~ ma5 _spread, - kersize_3. kersize_5. kersize_9. kersize_13 7 HINERZ K/ 34

5. 9. 13 (¥4 Z= TME Hh £k .

% 3R EREEON 1, BREAEON 5, HEAKE N 70, BRI ANTHIN 3. 5. 9. 13 |,

R ZE I 28 6t 22 1) L 45

Table 3. Predicted results of different convolution kernel sizes
% 3. TRERZKPMRITUNLER

Kernel_size MSE R? r
3 0.00016 0.9792 0.9918
5 0.00017 0.9784 0.9929
9 0.00024 0.9691 0.9876
13 0.00030 0.9608 0.9837
0.38 ! , ;
real ; :
- sample 20 | L]
0% sample_30 |
sample_40 | :
03B sample 70 | ... i N g T

2020/5/28 8:46 2020/5/28 10:36 2020528 11:25 2020/5/28 13:44 2020/5/28 14:34

Figure 3. Predicted results based on model with different sample size
3. ETAEHEAKERIRETNEER

B EEAD ERATLLE 12 Kernel_size A 3 1, 5% % MSE F1 R #RZ /AL, B /REMAA > 28
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r 4 0.9918. FIR U ER UL R/ EE Y 3 I, 5 ELSHCHE 1w 25155 10 55 1A 55 0 SIS 00 PR B 3 A AL 1Ak B
Mo FTLL, TERE T ORMIE S BRI NEE R 3.

e 7 ERZEECN 1 ABHRZIIR/NA 3 )5, T RIMSFEARIK LR, KA ZREEE Ak
BB B gt 2 H0d, AR SRR A, AR I ZE 32 KA (R 7 B (R R e A5, BT AT B R AR K S 4y
%14 20, 30, 40. 70,

3 i real %7K ma5_spread,, sample_20. sample_30. sample_40. sample_70 7 AREAK BE N
20, 30. 40. 70 PfhZ= ToMIAE Hh £k

" A FIRUNEGZEHCON 1, BRECH 5, BRI K/NA 3, FEAKE 728 20, 30, 40, 70 i,
2 R 22 IR 2% B TN 45

Table 4. Predicted results without sample length

4. FRIBAKERFUNER

Sample_size MSE R? r
20 0.000029 0.9963 0.9983
30 0.000084 0.9893 0.9951
40 0.000060 0.9923 0.9968
70 0.00094 0.8799 0.9581

MFEAKE A 20 I, 7515 2 MSE >4 0.000029, # 52 241 R? 4y 0.9963, 57 /R HbAH < R ¥ r v 0.9983,
MPEARKE N 70 B, 7512 MSE 4 0.00094, ¥eiE R RN 0.8799, F7/RIMHIC RS r N 0.9581,
AT DAL A5 1) R ISR B A R A B O i 3218 o X R A IR S8 T s AT 48 HE T 4
(B T 37 %) 5 o B A A v

G AR SORBE FURSE R BR800 o] DA e B RUZE S BRI, FEARR
K. SRIE R BB MG % 78 5. 8. 16, 32,

0.35

real
0.345 - kermum_5
kernum_8B

0.34

[ L) PPN

0.325
.32 Fererrrenenrinr, . ....... ' ...........
0.315 Lass = S == N & ........................ .................................. .........

0.3 romronrrrrrrmriersrsrsrnenneery S

0305 L - L
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Figure 4. Predicted results based on model with different kernel numbers
4. BETARERZNHAIRBTNLE R
4 v real #/RESZ{H . kernum 5. kernum_8. kernum_16. kernum_32. /35l &R EFAZAECN 5.
8. 16. 32 MM Z= TIIME i £k
%5 RRHEREEN 1, BRI 3, FEAKEN 20, BRZA%7r509 5. 8. 16, 32 Itf,
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Table 5. Prediction results of different convolution kernels
%= 5. TRIEBFAZANHHITUNLER

Kernel_num MSE R? r
5 0.000033 0.9957 0.9980
8 0.000034 0.9956 0.9979
16 0.000026 0.9965 0.9985
32 0.000023 0.9970 0.9985

LS A M R] AR H SR AN O 32 B, 39751 % MSE i 0.000023, 1R5E Z% R 0.9970,
B IRMARE R r 4 0.9985. 43 HIAE 4 FhiE il R R BT

FRIE LR R S0 HE, BRI LA E CNN SR R b B2 EHON 1, B
B K/NA 3, FEAKE RN 20, BRI E 32, A7 X CNN R K FI S5 B T 6 te b, A
SR FH E AR R ATV 1 SVM RS RN XGhoost B, BT TR T4 54 Bt 6 Bk

Table 6. Comparison between predicted value and actual value
2 6. UNMES SKPMERIXTEE

Mean Std Min 25% 50% 75% Max
FLE 0.296950 0.088837 0.000000 0.241792 0.299989 0.343670 0.515797
CNN 0.298125 0.087845 0.016718 0.243841 0.301164 0.344240 0.512961
SVM 0.400073 0.069181 0.173027 0.357542 0.402243 0.436633 0.569122
XGboost 0.542577 0.045901 0.391998 0.514417 0.544066 0.566803 0.654671

6 R LSRN ZE M E )Y 0.296950, CNN AR A FIUIIME 354y 0.298125, FLSH 22 B KAE N
0.515797, CNN BRI TR 2 (i KME N 0512961, 1 SVM K57 XGboost 71 FFMIAE )18 43 51
0.400073 F1 0.542577, # KAE 554 0.569122 A1 0.654671, FlEAGISLIF 2243 . Fr LA AT 32 371 43 A7 K
F, (ERARIALE EHI T, CNN B E 4T T SVM AT XGboost #5781, i FE T =R AR [FIAL
A5 IR B P 45 SRR B R SRR AT BRI T

4.3. EFIREE

AT 2020 4F 2 H 14 HEF) 2020 4 6 A 1 H A #_EAE 50 Bl bt 3= & 2MiiE 500 i 157
FAELHAT I ARG EPTER, BRI I TE R AE N2 023, KT LR, A0
BN A AL, BISRRGELL 510 4 M2 AL aRAT 0, T IR AR IR ORISR N 10%, %
MR B 6 5 AL 80015, A B WIAATRIE SR 280,000 TG o I8 Ik 5 AR 28 10X 2% 1) TR ASE 1Y
A LA B0 22 ) TP 51 pre _spread, o 83T pre _ spread, 75 2 TRIE 14 Z 36 & pre_In, .

In, =mab5_ spread, —ma5 _ spread, ,, @)
pre_In, = pre_spread, —ma5_spread, ,. 8)

EFRE b T R E 3 T MO Eh In, FORE 3 TH A In, IVBSZDARAE 2L MO F 2 o FF 40

RIS BRE N X _1(t) M X _S(1), FEMRBEAM(t).
X _1(t)=M(t)+2xStd, (t),

X _S(t) =M, (t)-2xStd, (t), 9)
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A M (t) RosTE t IZIRHT s A In KIASSPEIME,  Std (t) RARTE t IZIHT s A In KRS ShbREZEH .
EMLRES NS EREFeMIESRYEr &, HhIr2 6. TR eMIEF T aR5E 5 BE 2
AX_I(t) X_S(t) M (t). 5 55mE A
2 pre_In > X _I(t) i, SEAN—TF LIE 50 BARIMIT 2 S, KN — Tk 500 B 02
M opre_In > X _I(t) 5, FX pre_In <M (t) B E7 4t 4 M2 SR TP
Y pre_In <X _S(t) i, EAN—TF EiE 50 BARHITe Ak, KA —TFHiE 500 BAR BT £ 3k
% pre_In, <X _S(t)J5, FiX pre_In > M (t) B85 Hi#e5E 4 M2 AL HEAT

4.4, R4
AT AR S R A S, Bk el g R B AR . AR SOR RIS TP B E RS s 4

W BN 40, 50 F1 60, RPSEES TG RIME 4> A BEE A In [FHT 40 50 60 HAMIES S Inyek b 5 b e 22
SRS (P B 43 T WA In, R 40, 50, 60 HARIRSBHIME . SRS IR 45 1R .

1.2 ; ; : -1500
net40 : : :

net50
net60
spread

115

-1900

AL 2300

#E

'E (SED

-2700 ¢

1

--3100

0.95 i i - 3500
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Figure 5. The curve net value and trend of spreads

B 5 REFERZSNEES L

5 it SRt LD 4 RN RIS EBIE S 40 40, 50, 60 B (4B 4k . Shth 2k
Fonth Z 2. I 5 F AT DL H = Fh S 1142 i 28 B R TE JR S A e 3y, (R BRI BT
For S 40 40 A1 60 B HEBE I G RN . I Balid [%] 5 o] DUE IS 22 1E A = eI
FIAGES (20201311 o A7) , EREREBAGES (2020417 A7), SEBSIEHE Hh 2k SR E R BT

NT AT BRME WK BRI 5 RS HEATS T LT, 43T SVM BRI XGboost 57 (1)
TG RAATHEFE AE 51 8, W EBRESECN 40, SRR WE 7 s,

Table 7. Return of arbitrage strategy
® 7. BEFIRMEEE R

CNN
A SVM XGhoost
40 50 60
]300 i) B8 20202 H 14 H# 202046 A 1 H
YIBARIE 4 (7T) 280,000
TG 328 281 267 300 352
1R B 201 189 170 230 255
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Continued
MEF(T) 41,449.4 23,039.4 46,577.3 11,664.3 13,480
ISP NEIE &S 3.7% 3.5% 2.9% 3.2% 3.4%
sk = 15% 8% 17% 4.1% 4.7%
AL 7 % 50% 28% 57% 13% 15%

W 7 DA A BE SR 9 40 BITEHL T, FET CNN &AL, SVM %8, XGboost #5744 i 23
R HIN 15%. 4.1%. 4.7%, 55N 328, 300, 352; f K[EIHEER BN 3.7%. 3.2%. 3.4%.
BT CATT DL HZEAE [F] RE S 8010 58 T 2T CNN B AR 5) SRS I s R BT T 25T SVM B AE 5 S
FIFEETF XGhoost #7575 el e 2 R . I HIET CNN BEALI22 5 45 SRS s MRS 5 R3oi/b, X
SRy s K, RESZEZHIE I, FIER X A ER, ERPLSEED . 5T CNN &R, JT
SR FE BE S EAR R RS R BN 15%. 8% 17%, f KRS BI04 3.7%. 3.5%. 2.9%. ik
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