4811 ¥ B # 2 & £ %X & 3 & Vol. 48, No. 11

2018 j'5|3 11 H JOURNAL OF UNIVERSITY OF SCIENCE AND TECHNOLOGY OF CHINA Nov. 2018

i, 0253-2778(2018) 11-0923-10
ETREFIEENENXZSRERERZ TG
J Eﬂ ’ ‘1‘%%

(P EBHEHE AR E SIS SR LA 230026)

WE. REFIHEEANEFI PO —FH TR 5, EAGAE EFFR3 MEMMFFMRDT

BB EREFI T EZLRTEHRLG ¥, BB RN Z W %Fe LSTM 4p 22 W % 5 7| #) 12 3%
B RAEA b el AR R SR S Rk, SR H N £ N A4 A :Vﬁt‘a/ﬁ"l%‘%z,%wﬁ/\#fr
SO AR, B @klj/u:zrff R 2% B R P Rk i, el A R A A T AR E

LSTM #¥ 22 P 4584 590 X5 R ek-04 B A 4 jjffﬁt‘;i’iz’fhﬂbj]ffiﬁ’ﬁﬁﬁ’\@g‘é@ﬂi$ﬁu}iﬂﬁq§(ﬁ§

ﬁﬁfr;’_%,ﬁi@tb/\quﬂ%ﬂé S L=

KR, FEF T AR ZME; LSTM AV Z M % ; THIET; HMRH

FESES: F830 SCERARINAG: A doi: 10.3969/j. issn. 0253-2778. 2018. 11. 008
SIFMER: INAE S FHAR, FET UL I SOk i s 58 b s e LB R RE I RSE [T, BBk R AR Kt

2018,48(11):923-932.

SUN Dachang, BI Xiuchung. High-frequency trading strategies based on deep learning algorithms and their
profitability[ ] ]. Journal of University of Science and Technology of China, 2018,48(11):923-932.

High-frequency trading strategies based on deep
learning algorithms and their profitability

SUN Dachang. BI Xiuchung
(Department of Statistics and Finance s School of Management s University of Science and Technology of China , Hefei 230026, China)

Abstract: As an important algorithm, deep learning has been applied successfully to image processing,
speech recognition, machine translation and other fields. Here, deep learning algorithms were applied to
high-frequency trading. Convolutional neural network(CNN) and long short-term memory(LLSTM) neural
network were selected to build up and down classification models, respectively. Based on the models,
high-frequency trading strategies were proposed. Then the data of bitumen futures contract was used for
back-testing and empirically analyzing the superiority of the strategies. In back-testing, deep learning
algorithms were compared with artificial neural network CANN). The results show that both strategies
based on CNN and LSTM neural network exhibit better profitability and generalization ability. In
addition, the winning rates and expected returns of the two strategies are also better.
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Tab.1 Samples of market data

H it a] M WA e K %L %It S
2016-10-10T09:02:10 1750 38 22 841 147 5.72 694
2016-10-10T09:02:10 1750 40 34 865 431 2.01 434
2016-10-10T09:02:11 1752 42 20 847 441 1.92 406
2016-10-10T09:02:11 1750 262 252 719 561 1. 28 158
2016-10-10T09:02:12 1750 1144 956 152 558 0.27 —406
2016-10-10T09:02:12 1750 324 —100 546 469 1. 16 77
2016-10-10T09:02:13 1750 1 100 738 49 475 0.10 —426
2016-10-10T09:02:13 1748 120 —84 466 217 2.15 249
2016-10-10T09:02:14 1748 384 —306 524 417 1. 26 107
2016-10-10T09:02:14 1750 80 —56 493 380 1. 30 113
2016-10-10T09:02:15 1750 18 0 494 376 1. 31 118
2016-10-10T09:02:15 1748 40 —40 575 376 1.53 200
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Tab. 2 Technical indicators and number of features
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#r#% MAS 1
Mg MA10 1
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% 2 J1, MA (moving average) 1§ ¥ 8l F 15, 75
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Tab.3 Back-testing results of high-frequency trading strategy based on ANN

b G EL JiE% B F RS B LUE=lhEny
0. 50 7013 151 39.10% 0. 5588%: —0. 4313%, 1. 30 —0. 0441%s
0. 55 6 807 015 39. 61% 0. 5584%; —0. 4273%, 1.31 —0. 0368%;
0. 60 6 593 208 40. 64% 0. 5581% —0. 4234%, 1.32 —0. 0245%,
0. 65 6 367 272 41.21% 0. 5578%: —0. 4197%, 1.33 —0. 0168%s
0.70 6 117 356 41.20% 0. 5574%, —0. 4157%. 1.34 —0.0147%.,
0.75 5 830 391 41.82% 0. 5572%, —0.4117%, 1.35 —0. 0065%;
0. 80 5 484 446 42.53% 0. 5569%0 —0. 4074% 1.37 0. 0027%
0. 85 5041 836 43.42% 0. 5567%0 —0. 4025% 1.38 0. 0139%
0. 90 4 415 969 44.64% 0. 5567% —0.3967%, 1. 40 0. 0288%
0. 95 3357 756 46.70% 0. 5573%: —0. 3880%s 1.44 0. 0534%
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Tab. 4 Back-testing results of high-frequency trading strategy based on CNN
P 35 KR JHEA - 35128 ) -2 45 BT Wl
0.50 7013 151 40.79% 0. 5592%0 —0. 4102% 1.36 —0.0147%,
0. 55 6 748 041 41.45% 0. 5579%: —0. 4025%, 1.39 —0. 0044%,
0. 60 6 633 440 41. 78 % 0. 5577% —0. 4002% 1.39 0. 00001%,
0. 65 6 491 209 42.13% 0. 5568%0 —0. 3966%0 1. 40 0. 0050%
0.70 6 198 399 42.80% 0. 5548% —0. 3899%0 1.42 0. 0144%
0.75 5 758 877 43.96% 0. 5546%0 —0. 3843% 1. 44 0. 0284%
0. 80 5631 410 44.26% 0. 5538%: —0. 3818%, 1.45 0. 0322%
0. 85 4 740 119 46.52% 0. 5523%: —0. 3708%s 1.49 0. 0586%.
0. 90 4 393 566 47.39% 0. 5524%, —0. 3680%s 1.50 0. 0681%
0. 95 3043 224 51.10% 0. 5534%0 —0.3575%, 1.55 0. 1079%0
x5 LSIM #HEZMNEFINZE S RN ENESR
Tab.5 Back-testing results of high-frequency trading strategy based on LSTM neural network
» 35 KL JHEA A RSl B WA
0. 50 7 013 150 38.57% 0. 5569%: —0. 4387% 1.27 —0. 0546%s
0. 55 6 668 948 39.36% 0. 5561%; —0. 4330%, 1.28 —0. 0436%s
0. 60 6 258 512 40. 84% 0. 5562%; —0. 4268%, 1. 30 —0. 0253%
0. 65 5 814 531 42.56% 0. 5565%0 —0.4218%, 1.32 —0. 0054%,
0. 70 5611 819 44.09% 0. 5571%, —0. 4180%, 1.33 0.0119%,
0.75 5227 912 45.65% 0. 5580%: —0. 4135% 1.35 0. 0299%,
0. 80 5031 622 47.40% 0. 5587%: —0. 4083%, 1.37 0. 0500%.
0. 85 4571 186 49.57% 0. 5595%: —0. 4013%, 1.39 0. 0749%
0. 90 4025 918 52.37% 0. 5604%, —0. 3916%, 1.43 0. 1069%,
0. 95 2 972 234 56. 45% 0. 5605%; —0. 3761%, 1.49 0. 1526%,
% 35 PIRER, P EA, P 5L B 5 1 0550 -
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Fig. 9 Winning rates of three strategies
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Fig. 10 Expected returns of three strategies
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