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Abstract:Named entity recognition(NER)is a technique for extracting meaningful entities from unstructured

big datasets. NER has a wide range of applications.An example of NER is advanced data analysis which extracts

date,train,platform and other entity information from a large operation logs dataset produced by rail transit trains.In recent

years,the reinforcement learning based method has become the mainstream method of solving this task.However,these

algorithms rely heavily on manual labeling. The over-fitting problem may occur when the training set is small,and cannot

achieve the expected generalization effect.In this paper,we propose a novel method,Reinforced Co-Training. With only small

amount of labeled data,the performance of the named entity recognition model can be automatically improved by using a

large amount of unlabeled data. We have experimented our framework on corpus in two different fields,the results show that

the F1 value of our proposed method is increased by 10%,which proves the effectiveness and generality of the method in this

paper.We also compared our method with the traditional co-training methods,the F1 value of our method is 5% higher than

other methods,which shows that this method is more intelligent.
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Fig.1 The reinforced co—training framework
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Tab.1 The experimental results on People's Daily

F1{ CRF BiLSTM Rk
Wkt 0.741 0.759 0.784
Standard Co—Training 0.779 0.785 0.790
CoTrade Co—Training 0.810 0.818 0.824
RL Co—Training 0.857 0.870 0.879

R2 SRIEIERLRL

Tab.2 The experimental results on financial news

F1{fi CRF BiLSTM BRIR
Rt 0.737 0.730 0.758
Standard Co—Training 0.774 0.776 0.778
CoTrade Co—Training 0.790 0.800 0.802
RL Co—Training 0.831 0.840 0.849
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Fig.3 Learning curves of three co—training algorithms
on People's Daily Corpus
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Fig.4 Learning curves of three co—training algorithms
on financial news
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Tab.3 Experimental results of robustness analysis

Ffii et IS A SER Faidfie 2
AR HIR 0.879 0.863 0.870 0.0068
SRR 0.861 0.838 0.845 0.0073

5 #5if(Conclusion)
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