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[ Abstract] Sarcasm is a common pragmatic phenomenon in daily communication that enriches the views of speakers
and indirectly expresses the their deep meaning. The research goal of sarcasm detection task is to mine the sarcasm
tendency of target sentences.As the contexts and expressions of sarcasm is diverse, and the meaning of sarcasm varies
according to users and topics, this paper proposes a contextual sarcasm detection model fusing users’ embedding and
forum topic embedding. The model uses the sequence ‘learning ability of ParagraphVector method to encode the
documents of user comments and forum topics to obtain the satirical features of users and topic features of the target
sentence.Then a Bi-directional-Gated Recurrent Unit(Bi-GRU) neural network is used to obtain the sentence code of the
target sentence.Experimental results on the standard sarcasm detection dataset show that compared with traditional Bag-
of-Words, CNN and other models, this model can effectively extract the contextual information of sentences, and has a
higher accuracy of sarcasm detection and classification.

[Key words] Natural Language Processing (NLP) ; contextual sarcasm detection; deep learning; ParagraphVector
model; Bi-directional-Gated Recurrent Unit(Bi-GRU ) model
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Fig.1 Contextual-based sarcasm detection model
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