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Related Transaction Behavior Detection in Futures Market Based on Bi-LSTM
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Abstract With the continuous development of the futures market,its transaction volume keeps increasing. Behind the massive
transactions,some traders use related transaction behaviors to manipulate the futures market and disrupt the order of transac-
tions, which has brought severe challenges to market supervision and risk control. How to mining potential related transaction be-
haviors from massive transaction data is an important task for maintaining fair transactions in the futures market. In response to
this problem, this paper proposes a bidirectional long short-term memory(Bi-LSTM) network model with multi-feature informa-
tion fusion, which extracts multiple dimensions of shallow feature information such as trading time, trading volume, position chan-
ges,and futures varieties from the original transaction data. The Bi-LSTM network model learns deep features from the contextual
relationship in the forward and backward directions of the time series and realizes the detection of related transaction behavior.
For shallow features extraction.,a multi-granularity window feature extraction method based on transaction behavior is proposed,
to captures the correlation of transactions between accounts from the levels of day,hour,minute,second, etc. It solves the prob-
lems of high data dimension, large amount of data,and weak correlation of original transaction data. The model introduces the
Dropout strategy to alleviate problems of slow convergence and over-fitting. Experimental results on the real data of Zhengzhou
Commodity Exchange show that the proposed method evidently improves the classification precision and recall compared with
some traditional classification models and RNN and LSTM network. At the same time, the ablation experiment of each dimension
information proves the effectiveness of the multi-feature fusion method and the multi-granularity window strategy. In addition, the
transaction data of two futures varieties are extracted for testing,and the results show that the proposed model has good generali-

zation ability.
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Fig. 7 Structure of the proposed model
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5.3 ZIWHR
5.3.1 BirLSTM #2038 4 4

A% SR T P #9481 6 AT 2 B S B0 1Y L R IR i AR
B RILBESEES MR 1S, A5 LSTM [&Z 1Y 5T 5
(Hidden Size) , LSTM [ 2% (Num Layers) , #t ¥k K/} (Batch
Size), 2% 2 & (Learning Rate), LSTM JZ #J Dropout {&
(LSTM Dropout) , 4% i # )2 9 Dropout { (FC Dropout) » 4
P& JZB(FC Layers) VA M B — 2 948

F 1 BIrLSTM KR #1550

Table 1 Hyperparameters of Bi-LSTM model
parameter names parameter values
hidden size 128
num layers 4
batch size 64
learning rate 0.0006
LSTM dropout 0.8
FC dropout 0.5
FC layers 3
FC1 (512,128)
FC2 (128.,64)
FC3 (64,1)
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Fig. 11  Accuracy curve of validation set

5.3.2 B ERASNEBRERAYW
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A 22 5 W RN FFAE TTF . 4 450928 5 i F#AE TVF.5 4ERF5 4
BAGRHE PF SEATALA IR T AR 0T 1 S2 56 25 5L, (i
1B S B0k 0 R A O R AR T FE bR, N3k 2 BT
Bl L 22 5y Bk [ 8 AT 412 3L 7 A 58 3 R AT A e B 43 2R 6 L e AR
£ EAYHERG RN B R F T 91, 90% M 82.30% ., Ml &
PSR AE ROH B R AR AG T LU SRR AR A B 4T 1Y 43 S A AR H
TTF 5 PF W41 & 42 B 7 B0 8 F74E (9 35 5 2 28 85 3L, o
FRBBREF T 93.51% M1 92.08% . HIKA@ S TTF,
TVF,FP FAERT , A3 B UERI IR B 1 95,390, A I K5 T
94. 24 % o i T B AR H0 8 0 PR R Re AR SO0 20 & 19 4 2 ME
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PSR s e YRR PEA T

F 2 ATRERAE LA R S 25
Table 2 Experimental results of different features fusion strategies
CHLAL: 20D
Feature fusion Evaluation Metrics
TTF TVF PF Precision Recall F1
J 91.90 82.30 86. 84
N 72.18 67.15 69.28
v 88.31 71.37 78. 94
N N, 91. 34 83.70 87. 36
N, NG 93.51 90. 70 92. 08
N v 86.33 82.62 84.43
N / N 95. 39 94. 24 94. 81
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a3 WA /N TR RS TR) R EE L 4R IR SE 5 BT 1Y
RZERE . R T 90 00F 2 R B AR AE 42 B T 1 ot AR SO
20 AE Y38 Gy IF [ R AE TTE AT A [R1RL BE 9 5 AE 30 47 40
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TS I ic sk B IR L e 45 5 . W3R 3 BT 41, RO oRE 32 R AE 42 it
TR BE ST B Y SR AT AR AR DN IR AR 0 i 2 R 4 [l
ROBERT 69.00% 1 62. 70% . MRk A LA A
FCAb AL 2 R A B AR ARAT T LE SR B A Y 45 SR, L R
55000 B YRR AE 41 A A5 BT RURE BE RRAE S5 58 1Y B Ay 25 45
B MERR R WA AR T 79, 42001 76. 220 . HTERD
TSN 5l W 5 A S I S 1 A | A R T3 e -
/I IR P8 1) 45 iF 2H 5 23 ZEROR B I, He o 2 iR i R A
RS HIEF T 85.62% Ml 81. 14% . LU 4 SRR WL 45 Aok
FEE 118 R 1 e 43 28 235 B AR AN [R) AR 8 1) 52 WD, OB S N R 43 28
55 052 M) O, RO AR AE 0 S92 3 5 SR 5 R e KL Rl 4
Tl B2 R AE S5 A AR B I 4 35 0 A 56 R [ 4 0 31 3k 3
T 91.90% 1 82.30%,
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Table 3 TImpact of multi-granularity feature extraction

(€ RASZD)
Multi-granularity Features Evaluation Metrics
S M H D Precision Recall F1
N 69. 00 62. 70 65.70
N 62.29 61.95 62.12
NG 61.45 59. 81 60. 62
J 56. 89 47.58 51.82
NG NG 79. 42 76. 22 77.79
N N, 76. 95 74,97 75.95
NG NG 74. 30 67.93 70. 97
N N NG 85.62 81.14 83.32
NG NG NG 83.70 80. 58 82.11
J N NG N 91. 90 82.30 86. 84
5.3.4 SZsER T

T WA AR A A P A A LR AL S i 4 25 R L)L % RNN
N LSTM W 46 kA7 X L, SR I ) 4% 55 43 28485 0 32 48 307 % [0l
I ( Logistic Regression, LR) | % #f i & #L ( Support Vector
Machine, SVM) . #& £ # (Decision Tree, CART) . LightGBM
LI & XGboost,

ST 9 BT SR FHAR [ 1) 22 o JBE T 10 B R AR 4R O 5
N RRAE Y 4 B AR — 8. %A B BB AT IR A S X L A
AL B I AR A R A R R, iR 4 o, B &
o 245 450 TR T A 6 1 o 25 B 1 M BE 45 A I 45, HP Lighe
GBM #Il XGboost B HEREIL T RNN, I HF1 LSTM [ 45 fr) 14
REAR T A SCHE 1 Y BirLSTM 85280 5 Wi 8 28, 43 Inl 28 L I
F1H LR T 15 G0 0 2SR 2L &% RNN Al LSTM W %%, 43
Bl 1% ~5%,2% ~14%H 1% ~10%.

Table 4 Comparison of model evaluation metrics

LA 6)
Model Evaluation Metrics
Precision Recall F1

LR 89.57 79.42 84.19
SVM 92.52 86.49 89.40
CART 89.62 89.75 89.69
LightGBM 93.91 87.39 90.53
XGhoost 93.89 91.99 92.93
RNN 90. 83 89. 68 90. 25
LSTM 92.97 91. 30 92.13

Bi-LSTM 95.39 94.24 94.81

H T AR R A IZ AL RE T, S AMBER T 2019 4F 2 A 3
W2 FG905 A1 5 H 3 2l Iy I 4 & 249 2C909 138 5
B . AR SCHE Y 22 00 BE B 11 RRAE 42 B 0 $ BURRAIE
of IG5 g 110 5 R AT L S5 SR AN SR 5 T AL 7E B 5 AR
FGI05 (a1, T S A5 Y (1) 43245 o i 2R A0 3 (1] 2% 43 Jj1] 3 B
T 92.37% 0 91. 48 % s 1E 8 J EHA R ZC909 MEUHE I 43 ik
BT 94,0158 92.20% , LIRSS IR FH], BT 2 HEIE(E B Al
4 1 B-LSTM M 4 #1810 A7 R AT Mz ALRE T

R AT DI e

Table 5 Experiment results of generalization ability

CHAT - %)
Futures Evaluation Metrics
varieties Precision Recall F1
FGY05 92.37 91.48 91.92
ZC909 94.01 92.20 93.10
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