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[ Abstract] Currently , most word vector models can build only one vector for a single word. Due to word’ s polysemy , it

is incorrect to use one vector representing a same word under different context. This paper proposes a new word vector

model. It uses latent dirichlet distribution and neural networks to train words to obtain word vectors and corresponding

topic vectors. And then it applies linear transformations on them to build the final word vectors. Experimental results show

that the accuracy of proposed model is high compared with current multi-vector models.
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