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Abstract: This study investigates the domain adaptation problem for nature language processing tasks in the distributional view. A 

novel method is proposed for domain adaptation based on the hybrid model which combines the discriminative model with the 

generative model. The advantage of the discriminative model is to have lower asymptotic error, while the advantage of the generative 

model can easily incorporate the unlabeled data for better generalization performance. The hybrid model can integrate their 

advantages. For domain transfer, the proposed method exploits the difference of the distributions in different domains to adjust the 

weights of the instances in the training set so that the source labeled data is more adaptive to the target domain. Experimental results 

on several NLP tasks in different domains indicate that our method outperforms both the traditional supervised learning and the
semi-supervised method. 
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 1. 

Data Set NB SVM MaxEnt EM-NB S-MCL Ours 

D-B 0.715 0.7325 0.7125 0.6925 0.7375 0.7575 

E-B 0.6675 0.675 0.68 0.675 0.675 0.715 

K-B 0.6675 0.6725 0.6725 0.63 0.6725 0.7075 

B-D 0.74 0.7425 0.7325 0.7475 0.735 0.7875 

E-D 0.6875 0.6975 0.7025 0.70 0.70 0.7075 

K-D 0.6975 0.695 0.695 0.7025 0.69 0.7025 

B-K 0.6925 0.715 0.7275 0.56 0.7275 0.76 

D-K 0.6725 0.7125 0.7225 0.56 0.7125 0.73 

E-K 0.7625 0.82 0.81 0.7725 0.8225 0.8425 

B-E 0.6275 0.6775 0.67 0.5375 0.6775 0.6875 

D-E 0.63 0.73 0.72 0.5375 0.7225 0.74 

K-E 0.7425 0.7875 0.7825 0.7325 0.7825 0.815 

Mean 0.6919 0.7215 0.7190 0.6540 0.7213 0.7460 

     

2.

Data Set NB SVM MaxEnt EM-NB S-MCL Ours 

ns-wl 0.7244 0.761 0.7412 0.6975 0.7504 0.774

ns-bn 0.7 0.7544 0.7186 0.6747 0.7209 0.7427

wl-bn 0.66 0.7368 0.718 0.6134 0.6842 0.744

wl-ns 0.6546 0.7329 0.716 0.631 0.7133 0.7341

bn-ns 0.7177 0.7291 0.7088 0.7202 0.7215 0.736

bn-wl 0.7491 0.7972 0.7412 0.7185 0.7446 0.7755

Mean 0.7009 0.7519 0.7239 0.6759 0.7224 0.7511 
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