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Financial Data Prediction Method Based on Deep LSTM and Attention Mechanism

LIU Chong and DU Jun-ping
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Abstract With the rapid development of the Internet, financial markets generate a large amount of online financial data every
day,such as the number of daily transactions and the total amount of transactions. The dynamic prediction of financial market da-
ta has become a research hotspot in recent years. However, the financial market has a large amount of data, many input se-
quences.and changes over time. Aiming at solving these problems,this paper proposes a financial data prediction model based on
deep LSTM and attention mechanism. First,the model can handle complex financial market data which are mainly multi-sequence
data. Second, the model uses deep LSTM networks to model financial data,solves the problem of long dependence between data,
and can learn more complex market dynamic characteristics. Finally,the model introduces the attention mechanism, which makes
the data of different time have different importance to the prediction and make the prediction more accurate. Experiments on real
large data sets show that the proposed model has the characteristics of high accuracy and good stability in the field of dynamic
prediction.
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Fig.1 General flowchart of proposed DLSTM-A method
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Table 1 RMSE value of serial prediction method for total transaction amount forecast in next 10 days
#F1X %2 X %3 X #4X %5 X %6 X #7X 8 X #9X %10 R
ARIMA 0.0636 0.0640 0.0633 0.0646 0.0655 0.0664 0.0664 0.0680 0.0688 0.0701
GRU 0.0612 0.0631 0.0621 0.0636 0.0646 0.0638 0.0642 0.0649 0.0665 0.0687
LSTM 0.0604 0.0623 0.0612 0.0616 0.0637 0.0633 0.0646 0.0643 0.0652 0.0665
MALSTM 0.0591 0.0584 0.0592 0.0599 0.0600 0.0600 0.0621 0.0616 0.0618 0.0629
OURS 0.0583 0.0583 0.0590 0.0588 0.0590 0.0598 0.0613 0.0605 0.0613 0.0604
F2 FHIBM T X R K 10 KESL S £ B BN MAE {4
Table 2 MAE value of serial prediction method for total transaction amount forecast in next 10 days
#1X %2R %3 X EXES %5 X %6 X ERES #8 XK %9 X %10 X
ARIMA 0.0454 0.0461 0.0467 0.0463 0.0495 0.0481 0.0498 0.0507 0.0525 0.0531
GRU 0.0435 0.0449 0.0454 0.0457 0.0481 0.0474 0.0491 0.0487 0.0509 0.0522
LSTM 0.0438 0.0433 0.0445 0.0446 0.0454 0.0473 0.0480 0.0476 0.0497 0.0510
MALSTM 0.0422 0.0423 0.0427 0.0427 0.0442 0.0439 0.0451 0.0458 0.044 3 0.0458
OURS 0.0414 0.0410 0.0411 0.0416 0.0426 0.0439 0.0444 0.0436 0.0450 0.0454
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Table 3 RMSE value of serial prediction method for total transaction count forecast in next 10 days
#1X %2 X %3 X %4 %5 % %6 X EES ERES %9 X %10 X
ARIMA 0.0829 0.0812 0.0809 0.0779 0.076 4 0.0765 0.0788 0.0805 0.0812 0.0837
GRU 0.0803 0.0797 0.0805 0.0780 0.0774 0.0757 0.0775 0.0777 0.0803 0.0805
LSTM 0.0819 0.0787 0.0784 0.0776 0.0771 0.0764 0.0759 0.0799 0.0807 0.0807
MALSTM 0.0778 0.0778 0.0763 0.0758 0.0726 0.0736 0.076 6 0.0765 0.0755 0.0763
OURS 0.0721 0.0691 0.0685 0.0655 0.0674 0.0677 0.0668 0.0669 0.0688 0.0688
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Table 4 MAE value of serial prediction method for total transaction count forecast in next 10 days
1K F2X %3 K FA4X F5X F6X FTX %8 X %9 K %10 X
ARIMA 0.0583 0.0570 0.0557 0.0553 0.0540 0.0542 0.0555 0.0562 0.0570 0.0580
GRU 0.0588 0.0573 0.0558 0.0553 0.0537 0.0542 0.0556 0.0561 0.0582 0.0586
LSTM 0.0587 0.0576 0.0553 0.0543 0.0528 0.0533 0.0546 0.0569 0.0583 0.0589
MALSTM 0.0544 0.0544 0.0530 0.0516 0.0516 0.0518 0.0530 0.0529 0.0539 0.0538
OURS 0.0543 0.0537 0.0522 0.0512 0.0501 0.0512 0.0523 0.0514 0.0529 0.0528
5 JFIHIM TR R 10 Kk L B HII 9 RMSE {4

Table 5 RMSE value of serial prediction method for number of defaults forecast in next 10 days
#1X %2 X %3 X 4R %5 X %6 X ERES %8 X %9 K %10 X
ARIMA 0.0240 0.0236 0.0233 0.0247 0.0253 0.0269 0.0264 0.0283 0.0284 0.0305
GRU 0.0207 0.0234 0.0223 0.0234 0.0244 0.0239 0.0246 0.0244 0.0268 0.0287
LSTM 0.0203 0.0220 0.0207 0.0219 0.0239 0.0235 0.0248 0.0248 0.0252 0.0264
MALSTM 0.0195 0.0185 0.0189 0.0201 0.0198 0.0204 0.0220 0.0220 0.0222 0.0231
OURS 0.0188 0.0188 0.0193 0.0190 0.0188 0.0193 0.0208 0.0206 0.0217 0.0206
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Table 6 MAE value of serial prediction method for number of defaults forecast in next 10 days

% 1R %2 % %3 % 4R 5K %6 K %7K % 8 K %9 X %10 K

ARIMA 0.0254 0.0241 0.0236 0.0249 0.0236 0.0279 0.0254 0.0209 0.0293 0.0304
GRU 0.0221 0.0222 0.0232 0.0194 0.0212 0.0178 0.0251 0.0230 0.0299 0.0296
LSTM 0.0187 0.0135 0.0218 0.0157 0.0190 0.0262 0.0241 0.0203 0.0296 0.0264
MALSTM 0.0149 0.0204 0.0161 0.0138 0.0242 0.0175 0.0186 0.0164 0.0204 0.0230
OURS 0.0133 0.0200 0.0142 0.0119 0.0152 0.0188 0.0240 0.0138 0.0193 0.0165
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Fig. 2 Impact of RNN framework selection on RMSE values
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