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Abstract In multi-modality scenarios such as commodity descriptions and news comments, existing paraphrase
generation models can not utilize information from image and therefore result in the loss of semantics in the
generated paraphrases. In order to solve this problem, this paper first propose the Multi-modality Paraphrase
Generation (MPG) model to integrate image information for paraphrase generation. In MPG, in order to integrate
the image information corresponding to the original sentence, the authors first construct an abstract scene graph
and transform the image features into node features of the scene graph. Furthermore, the constructed scene graph
was utilized to generate paraphrase, by using the relational graph convolutional neural network for encoder and
graph-based attention mechanism for decoder. In the evaluation stage, a sentence pair similarity calculation method
was proposed to select sentence pairs describing same objects from the MSCOCO data set, and then evaluation
experiments were conducted. Experimental results show that the proposed MPG model achieve better semantic
fidelity, which indicates that the integration of image information is effective in improving the quality of the
paraphrase generation in multi-modality scenarios.
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Fig. 1 The proposed framework of multi-modality paraphrase generation model integrating image information
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