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Jaccard Text Similarity Algorithm Based on Word Embedding
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Abstract Based on the research and improvement of the traditional Jaccard algorithm, this paper proposed a Jaccard
sentence similarity algorithm based on word embedding. Traditional Jaccard algorithm is characterized by literals of the
sentence, so it is restricted in the respect of semantic similarity calculation. While with the rapid development of deep
learning, especially the proposal of word embedding, there is a breakthrough on the expression of words in computer.
This algorithm firstly maps each word into a high-dimensional vector on semantic level by training,and then calculates
the similarity between the respective word vector. The results which are higher than the threshold a are regarded as the

intersection,and finally the sentence similarity is calculated. Experiments show that the algorithm significantly improves

the accuracy of short text similarity calculation comparing with traditional Jaccard algorithm.
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