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Chinese Ship Fault Relation Extraction Method Based on Bidirectional GRU Neural Network and
Attention Mechanism

HOU Tong-jia and ZHOU Liang

School of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China

Abstract With the development of deep learning,more and more deep learning models are applied to relational extraction tasks.
The traditional deep learning model can not solve the long-distance learning task, and the performance of the traditional deep
learning model is worse when the noise of text extraction is large. To solve the above two problems,a deep learning model based
on bidirectional GRU (gated recurrent unit) neural network and attention mechanism is proposed to extract the relationship be-
tween Chinese ship faults. Firstly, by using bidirectional GRU neural network to extract text features,the problem of long de-
pendence of text is solved,and the running time loss and iteration times of the model are also reduced. Secondly.by establishing
sentence level attention mechanism, the negative impact of noisy sentences on the whole relationship extraction is reduced. Final-

ly,the model is trained on the training set,and the accuracy,recall,and F1 values are calculated on the real test set to compare the

model with existing methods.
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Fig. 1 Bidirectional GRU neural network model
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Fig. 2 Bidirectional GRU model based on attention mechanism
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Fig. 3 Examples of manual tagging in some corpora

BIGRU_ATT #5& 5 it J5 14 1 Fa) At 2o 2 01 SC AT 3t 285
SCHASERL R A R L SR 1 45 BRI ) P RS
Bk 1 BIGRU_ATT AN %t 7
A < 1A A A T R SRR I R0
i < BRI R A P OG R A
1. train_data=json. data(open(train_test. json))
2. dev_data=json. data(open(test_new. json))
3. classdata_loader().
"
4. class Ner_model(tf. keras. Model) :
self. char _ embedding = tf. keras. layers. Embedding (4996, 64,
mask_zero= True)
self. bi_gru= tf. keras. layers. Bidirectional (tf. keras. layers.
GRU(6,return_sequence= True))
self. dense_1=tf. keras. layers. Dense(1)
self. dense_1=t{. keras. layers. Dense(1)
. class ER_model(tf. keras. Model) ;
. class Extra_result(object) :

. class Evaluate(object) :

o N o

. class Attention(Layer) .
def init ()
def build(self,input_shape) :
defcompute_mask(self,input,input_mask=Nore) :
def call(self, x, mask=None) :

defcompute_output_shape(self,input_shape) :
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9. model_Ner=Ner_model )
10. model Er=ER_model )
11. attention= Attention(step_dim=100)
12. optimizer=t{, keras. optimizers. Adam(learning_rate=1r)
13. checkpoint = tf. train. Checkpoint Coptimizer = optimizer, model _
Ner=model_Ner,model_Er=model_Er)
14. evaluate= Evaluate()
15. data_loader=data_loader()
16. best=0. 0
17. for epoach in range:
print(‘Epoch:”,epoch + 1)
print(“batch %d:loss %f:lossl %f:loss2 %f” %)
printC R4 L “F %P %R %f.” % (F,P,F))
18. end
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Table 3 Comparison of recall of different models

A BEHEE B E F A
BiGRU 4987 0.608
BiGRU-attention 4987 0.571
BiLSTM 4987 0.356
BiLSTM-attention 4987 0.307
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Fig.4 Comparison of recall rate of each model
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Table 4 Comparison of precision of different models

P EHEE  HAE
BiGRU 4987 0.778
BiGRU-attention 4987 0.928
BiLSTM 4987 0.778
BiLSTM-attention 4987 0.667
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Table 5 Comparison of Fl-measure of different models
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BiGRU 4987 0.608
BiGRU-attention 4987 0.571
BiLSTM 4987 0. 356
BilLSTM-attention 4987 0. 307
10
—— BiGRU
09 —&— BiGRU-attention |
—a— BILSTM |
08 —<— BILSTM-attention
L 07
£
5 06
2
g 05
& o4
03
02
01

0
012345678 910111213141516 171819 20 2122 23 24 25
Num

6 4B Fl-measure 53 Lt
Fig. 6 Comparison of Fl-measure of each model
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