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High frequency algorithm and its back-testing results based on GAN

MENG Xuran', BI Xiuchun?, ZHANG Shuguang'
(1. School of Management s University of Science and Technology of China s Hefei 230026, China ;
2. School of Mathematics and Statistics s+ Guizhou University of Finance and Economics s Guiyang 550025, China)

Abstract: In the financial classification mission, due to the big noise and low information-ratio in financial
data, traditional supervised-learning regime may extend the noise influence because of the over dependent
on the data label. GAN (generative adversarial network) can learn the data characters and reduce the
influence of noise. When it is used to analyze the financial data, it has great results. We apply GAN to the
high frequency trading: set the data labeled or unlabeled based on its volatility, then use the adversarial
training between generative network G and discriminative network D to learn the intrinsic characters of the
data, finally use the well trained D to get the up and down classification model and the quantization
strategy. The sample is based on the future data, and the final results show that the LSTM model training
by GAN is better than the deep learning models such as LSTM with supervised training and the Logistic
regression model.
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Tab.1 Samples of market data
time open high low close volume hold
2018-3-8 9:10 3866 3866 3862 3862 10890 3418372
2018-3-8 9:11 3861 3862 3857 3857 33320 3418872
2018-3-8 9:12 3857 3857 3850 3852 49622 3413492
R 205 2018-3-8 9:13 3851 3854 3851 3851 26118 3407068
2018-3-8 9:14 3852 3852 3847 3848 34348 3407060
2018-3-8 9:15 3849 3853 3848 3852 22344 3405150
"""""""""""""""""" 2018-1-3 9:30  2925.8  2929.4  2924.4 2926 109 21103

2018-1-3 9:31 2926.4 2929.2 2926 2929.2 136 21003

2018-1-3 9:32 2929.6 2931 2928.6 2931 122 20930

[k 50 2018-1-3 9:33 2930 2931 2927.8 2927.8 126 20851
2018-1-3 9:34 2928. 2 2929 2926. 8 2928. 8 123 20797

2018-1-3 9:35 2928.4 2928.4 2926.6 2927 87 20760

""""""""""""""""" 2019-3-7 10.10 5427  5427.2  5415.2 5419 335 48841

2019-3-7 10:11 5419. 2 5422.8 5411.6 5413.6 299 48804

HE 500 2019-3-7 10:12 5414 422.2 5414 5422 203 48777
2019-3-7 10:13 5421.2 5423 5414. 2 5416. 8 195 48754

2019-3-7 10:14 5416. 4 5434.6 5416. 6 5426.2 201 48720

2019-3-7 10:15 5426 5435 5420 5435 182 48691

R2 BEARERGHE

Tab. 2 Technical indicators and features
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% 3 RB # GAN(MLP+LSTM) &l
Tab.3 Backtest of GAN(MLP+LSTM) in RB

IR L) a 2 G L fit R %R JHk R B RS BB 25
10 0.6 472 299 0.633 0.5147%, —0.7602%;  0.0468%,
15 0. 65 617 383 0.621 0.5117%, —0.7644%,  0.0281%,
20 0.8 1132 695 0.614 0.5036% —0.7775%: 0.0091%,
30 0.95 974 581 0.597 0.5033% —0.7718%,  —0.0106%
60 0.995 803 467 0.582 0.4977%, —0.7739%,  —0.0338%
100 0.995 952 551 0.579 0.5014%, —0.7693% —0.0336%
200 0.995 1067 623 0.584 0. 4960%, —0.7673%  —0.0295%

%&£ 4 RB #1 GAN(CNN4LSTM) 3] I
Tab.4 Backtest of GAN(CNN-+LSTM) in RB

1B a” 5 I EL Jik: ) VR B Ji: 2 1 2R RS B A7
10 0.6 619 388 0.627 0.5162%, —0.7547%, 0.0422%,
15 0.65 579 348 0.601 0.5135% —0.7609%, 0.0051%,
20 0.85 1021 609 0.596 0.5060%, —0.7643%,  —0.0072%
30 0.95 796 467 0.587 0. 5003% —0.7630%  —0.0214%,
60 0.995 868 502 0.578 0.4963% —0.7684%, —0.0374%,
100 0.995 1047 611 0.584 0.4987%, —0.7705%,  —0.0293%
200 0.995 1263 734 0.581 0.5016% —0.7621%; —0.0279%,

Ko 5 W AT #AR % i, Logistic MIH 5 CNN fE
M benchmark #1475 LSTM 14 tL %8¢, #8471 25 A0 47
1 benchmark J& , & P 7E R 8040 1 62 P, benchmark
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Fig. 5 Winning rate of strategies in RB
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Tab.5 Backtest of supervised learning regime in RB

R (IREUH)D a 55 WEL I O B i A 35 4 W E i R
LSTM 0.995 1167 672 0.576 0.4970%,  —0.7619%, —0.0368%
CNN 0.995 1349 733 0.543 0.4987%,  —0.7693%, —0.0808%
Logistic 0.95 1279 656 0.513 0.4631%,  —0.7519%, —0.1286%
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Tab. 6 Backtest of GAN(MLP+LSTM) in IH
fICEIE) a” 5 I EL Jik 1) vk B i 2R S 2R T R 25
10 0.6 644 395 0.613 0.3511%, —0.4465%, 0.0424%,
15 0.7 516 317 0. 604 0. 3469%, —0.4420%, 0.0345%,
20 0.75 722 425 0.589 0. 3501%, —0.4533%, 0.0199%,
30 0.85 1304 743 0.570 0.3474%, —0.4494%, 0. 0048%,
40 0.95 627 344 0.549 0.3523% —0.4560%, —0.0122%:
60 0.95 1105 596 0.539 0. 3484%, —0.4601%, —0.0243%;
100 0.95 1313 705 0.537 0. 3466%, —0.4572%,  —0.0256%
200 0.95 1453 784 0. 540 0. 3490%, —0.4587%,  —0.0225%
%7 IHH GAN(CNN+LSTM) =
Tab.7 Backtest of GAN(CNN-+LSTM) in IH
fICEIE 50) a” & 5 I EL Jik 1) vk B i 2R B S SR AR 25
10 0.6 451 283 0.627 0.3577%, —0.4503%, 0.0563%,
15 0.7 560 339 0. 605 0.3516%, —0.4429%, 0.0378%,
20 0.8 1262 744 0.590 0. 3480%, —0.4506%, 0.0206%,
30 0.85 1138 656 0.576 0.3439%, —0.4523%, 0.0063%,
40 0.9 964 533 0.553 0.3495%, —0.4514%, —0.0085%:
60 0.95 1033 559 0.541 0.3432%, —0.4520%, —0.0218%
100 0.95 1258 677 0.538 0. 3458%; —0.4549%, —0.0241%;
200 0.95 1521 815 0.536 0.3477%, —0.4540%,  —0.0243%
*8 IHHPFLEEIZG&EXEN
Tab. 8 Backtest of supervised learning regime in I1H
FERL(_F3IE 50) a” 2 5 W Jik 1) ok B JjES B S SR AR 25
LSTM 0.95 1464 786 0.537 0. 3490%, —0.4565%, —0.0239%;
CNN 0.95 1847 935 0.506 0.3442%, —0.4613%, —0.0537%:
Logistic 0.95 793 382 0.482 0.3204% —0.4521%;  —0.0798%,
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&£ 9 IC H GAN(MLP+LSTM) [EH il
Tab.9 Backtest of GAN(MLP+LSTM) in IC

fICHYE 5000 a” 28 G L Ji: ) Ji: 2 24 R T 4 W #R
20 0.65 523 319 0.610 0.6104%, —0.7874%,  0.0623%,
25 0.7 647 381 0.589 0. 6059% —0.7905%, 0.0320%,
30 0.75 874 498 0.570 0.5994%, —0.7913%:  0.0014%,
40 0.8 1432 808 0.564 0.5920%, —0.8015%:  —0.0156%
60 0.95 928 511 0.551 0.5879%, —0.7916%, —0.0315%;
100 0.95 1594 859 0.539 0.5891%, —0.8021%; —0.0522%
150 0.95 1793 961 0.536 0.5872%, —0.7962%,  —0.0547%
200 0.95 1962 1054 0.537 0.5885% —0.7940%; —0.0516%,

%10 IC 52 GAN(CNN4LSTM) [3] I
Tab. 10 Backtest of GAN(CNN+LSTM) in IC

fICHRHIE 500) a” 5 I EL Ji U %k Ji: 58 3 B R T A £R
20 0.6 492 302 0.614 0.6011%, —0.7928%,  0.0631%,
25 0.65 533 317 0.595 0.5962% —0.7965%, 0.0322%,
30 0.75 712 411 0.577 0.5934% —0.8031%:  0.0027%,
40 0.85 1272 716 0.563 0.5967%, —0.7959%, —0.0119%;
60 0.95 892 483 0.541 0. 5890% —0.7983%, —0.0478%
100 0.95 1369 732 0.535 0.5842%, —0.8004%;  —0.0596%
150 0.95 1874 1010 0.539 0. 5905%, —0.7977%,  —0.0495%
200 0.95 2038 1092 0.536 0. 5829%, —0.7936% —0.0558%
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Tab. 11 Backtest of supervised learning regime in IC

FEHL CHPIE 500) a” &5 R HL iR € Jik 2 3 B R W5 A %
LSTM 0.95 1935 1039 0.537 0. 5844 %, —0.8029%, —0.0579%s
CNN 0.95 1839 973 0.529 0.5710%, —0.8061%; —0.0776%

Logistic 0.95 917 478 0.521 0.5610%, —0.8133%, —0.0973%s
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