HEILTR S KR DOI:10.7544/issn1000-1239.2019.20190330
Journal of Computer Research and Development 56(8): 1621-1631, 2019

BER RER F B K A oa B KREL
ORERZFEHAG 25 K 300072)

FORBAE AT 5 N 2B AR E ChERH AR R G 230027)
(hongke@tju.edu.cn)

Predicting the Dynamics in Internet Finance Based on Deep Neural Network Structure

Zhao Hongke', Wu Likang®, Li Zhi*, Zhang Xi', Liu Qi*, and Chen Enhong’

"(College of Management and Economics, Tianjin University . Tianjin 300072)

*(Anhui Province Key Laboratory of Big Data Analysis and Ap plication (University of Science and Technology of China) ,
Hefei 230027)

Abstract In recent years, the Internet financial market has achieved rapid development across the
globe. In the meantime, Internet finance has become a hot topic in academia. Compared with
traditional financial markets, the Internet financial market has higher liquidity and volatility. In this
paper, the dynamics (daily trading amount and count) of the Internet financial market is studied and a
prediction model is proposed based on deep neural network for fusion hierarchical time series learning.
Firstly, the model can process the multiple sequence (macro dynamic sequence and multiple
subsequences) feature as the input variables. And then, an attention mechanism is proposed to fuse
the input variables from both the time and subsequence feature dimensions. Next, the model designs
an optimization function based on the stability constraint of the sequence prediction, which makes the
model have better robustness. Finally, a large number of experiments have been carried out on real
large-scale data sets, and the results have fully proved the effectiveness and robustness of the

proposed model in the dynamic prediction of Internet finance market.
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Fig. 1 Illustration of deep neural network prediction model based on multiple sequence attention mechanism
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1~10d HF & 528 5 4 % w25 2 /) RMSE i
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Table 1 The RMSE Results of the Market Amount Prediction in the Next Ten Days
K1 WREK10ATHHZZLATNERNHFTRIRZE
Days
Method
1 2 3 4 5 6 7 8 9 10
ARIMA 0.064 0 0.0633 0.064 0 0.064 6 0.0659 0.065 6 0.066 4 0.0675 0.068 8 0.0707
LSTM 0.062 7 0.0633 0.0637 0.064 1 0.0651 0.0655 0.067 2 0.0680 0.0695 0.0718
MLSTM 0.062 4 0.062 8 0.0631 0.0629 0.063 6 0.064 2 0.064 6 0.065 3 0.066 0 0.066 9
MALSTM-t 0.0589 0.059 3 0.060 2 0.0607 0.0611 0.0618 0.062 2 0.062 6 0.0630 0.0637
MALSTM 0.059 2 0.0594 0.0597 0.0601 0.0605 0.0609 0.0616 0.0614 0.0618 0.0624
MALSTM-L 0.0583 0.0584 0.0586 0.0591 0.0594 0.0596 0.0596 0.0600 0.0606 0.0611
Note: The best results are in bold.
Table 2 The MAE Results of the Market Amount Prediction in the Next Ten Days
R2 MWRE10dTHHZZLATMNERNEHETIRE
Days
Method
1 2 3 4 5 6 7 8 9 10
ARIMA 0.044 8 0.0455 0.046 0.046 9 0.048 8 0.0489 0.049 6 0.0507 0.0524 0.053 6
LSTM 0.044 1 0.0453 0.0458 0.046 5 0.048 1 0.0487 0.0502 0.0513 0.053 2 0.0554
MLSTM 0.0437 0.044 5 0.0449 0.044 6 0.045 2 0.046 2 0.046 9 0.0480 0.049 1 0.0497
MALSTM-t 0.0416 0.04 2 0.042 8 0.0430 0.0439 0.044 4 0.044 7 0.0450 0.0453 0.046 2
MALSTM 0.0413 0.0417 0.042 2 0.0427 0.043 2 0.0438 0.044 9 0.044 2 0.044 7 0.0459
MALSTM-L 0.0406 0.0409 0.0412 0.0420 0.0426 0.0431 0.0429 0.0432 0.0438 0.0442

Note: The best results are in bold.
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Fig. 2 The results of the market transaction quantity prediction in the next ten days
&2 TSR R 10 d 4 Wl T 3 09 38 B BRI 45 SR
Table 3 The RMSE Results of the Market Counts Prediction in the Next Ten Days
3 XWMRKRI0ATHHNZBEHRNERNIARIRE
Days
Method
1 2 3 4 5 6 7 8 9 10
ARIMA 0.0816 0.0810 0.0800 0.079 2 0.0771 0.0775 0.0780 0.0794 0.0805 0.082 6
LSTM 0.0812 0.080 1 0.0790 0.0778 0.076 3 0.076 1 0.077 3 0.0789 0.0810 0.0833
MLSTM 0.0800 0.0786 0.077 3 0.074 6 0.0749 0.074 8 0.0771 0.0813 0.0779 0.0847
MALSTM-t 0.0801 0.0779 0.0765 0.0750 0.074 3 0.074 8 0.076 3 0.076 4 0.077 2 0.0774
MALSTM 0.0789 0.0774 0.076 0 0.074 4 0.0740 0.0749 0.0757 0.0751 0.0757 0.0759
MALSTM-L 0.0777 0.0771 0.0756 0.0748 0.0730 0.0742 0.0744 0.0747 0.0758 0.0761

Note: The best results are in bold.
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Table 4 The MAE Results of the Market Counts Prediction in the Next Ten Days
R4 WREKVVITHHXSEHTNE RN EHEIRE
Days
Method
1 2 3 4 5 6 7 8 9 10
ARIMA 0.0585 0.0577 0.056 2 0.0555 0.0538 0.054 4 0.0553 0.056 7 0.0572 0.058 4
LSTM 0.0581 0.0570 0.0559 0.054 5 0.0533 0.0531 0.0550 0.056 2 0.0579 0.0596
MLSTM 0.0569 0.0554 0.0541 0.0518 0.0524 0.0522 0.0541 0.057 3 0.054 8 0.0611
MALSTM-t 0.0570 0.054 9 0.0534 0.0521 0.0514 0.0520 0.053 6 0.0539 0.0545 0.054 8
MALSTM 0.0550 0.0538 0.0528 0.0516 0.0512 0.0524 0.0533 0.0528 0.0536 0.0540
MALSTM-L 0.0544 0.0536 0.0526 0.0519 0.0497 0.0510 0.0514 0.0522 0.0539 0.054 4

Note: The best results are in bold.
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