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Abstract The authors propose a model based on multichannel compact bilinear pooling to rank pair candidates in
a document. The proposed model firstly extracts the emotion-specific and cause-specific representation containing
position information via graph attention network, then further learns the local relation representation between
emotion clause and cause clause through the local relation-aware module. Finally, these representations are fused
via multichannel compact bilinear pooling to learn the emotion-cause pairs representation for effective ranking.
Experimental results show that the proposed approach achieves the best performance among all compared

approaches on the task.
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Fig. 3 Multichannel compact bilinear pooling
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