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Motivation 

1. During the competition AI Challenger 2018, external data are 

not allowed. The common methods which pre-train word- or 

character-level embedding independently do not work well with 

such a small-scale corpus. 

2. As encoders to a long text, stacked LSTMs often give better 

results, but they are also difficult to train because of exploding and 

vanishing gradient problems. 

3. The distribution of three labels in the training set is unbalanced 

and exerts a bad influence on model training.  
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Main idea 

1. We combine POS tags to pre-train hybrid embedding, which 

contains more semantic information and can represent 

questions and passages better. 

2. We jointly optimize all K multi-class cross-entropy losses 

corresponding to every stacked bi-directional LSTM in the 

passage encoding layer during the training process.  

3. Irrelevancy of question and passage is used for data 

augmentation and new samples with label unidentified are 

generated. The new samples are added to the training set, and 

higher accuracy is achieved in experiments.  
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Method 
1. We combine POS tags to pre-train hybrid embedding.  
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Method (Cont’d) 

2. We jointly optimize all K multi-class cross-entropy losses.  
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Method (Cont’d) 

3. Irrelevancy of question and passage is used for data augmentation.  
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Major results 
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Major results (Cont’d) 
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Conclusions 

1. POS tags have been combined to enrich the semantic 

representation of questions and passages.  

2. Extra attention and output layers have been introduced in the 

training process, and multiple losses have been jointly optimized 

to better update the parameters of networks.  

3. To relieve the problem of data imbalance in the competition, a 

data augmentation strategy has been implemented to generate 

new samples.  
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