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[ Abstract] The texfual entailment recognition model based on neural network learns inference knowledge only from
training data, which leads to the weak generalization ability of the'model.This paper proposes a Chinese Knowledge
Enhanced Inference Model (CKEIM) fused with external semantic knowledge. Based on the features of the HowNet
knowledge base, the features of word-level semantic knowledge are extracted to construct an attention weight matrix.At
the same time, the semantic similarity features of words and -hyponymy features are selected from the CiLin knowledge
base of synonyms to form the feature vector.Finally, the attention weight matrix, the feature vector and the encoded text
vectors are integrated into the training of the neural network model to implement enhanced recognition of Chinese
textual entailment. Experimental results show that.compared with the Enhanced Sequential Inference Model (ESIM) ,
CKEIM improves the recognition accuracy by .3.7%, 1.5% and 0.9% respectively on CNLI training sets of 15%,50% and
100% data scales, which demonstrates that it has better Chinese textual entailment recognition performance and
generalization ability.
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Fig.1 Schematic diagram of HowNet structure
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Fig.4 Comparison of model recognition accuracy at

different training set scales
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