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Script event prediction based on a quaternion-gated graph neural network

CHE Feihul’z, ZHANG Daweil, SHAO Pengpengl’z, YANG Guohual, LIU Tongl, TAO Jianhua'™”

(1. National Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China;
2. School of Atrtificial Intelligence, University of Chinese Academy of Sciences, Beijing 100049, China; 3. CAS Center for Excel-
lence in Brain Science and Intelligence Technology, Beijing 100190, China)

Abstract: Two types of information sources are essential for script event prediction: the correlation between events and
the inner interactions within one event. For the first information source, we use a gated graph neural network to model
the correlation between events. For the inner interactions within one event, we use quaternion to model the event, and
then we use the Hamilton product of quaternion to capture the inner interactions of four components. We propose to
learn event representation by combining quaternion and a gated graph neural network. This approach considers the inter-
action of external event diagrams and the dependence within an event. After obtaining the event representation, we use
an attention mechanism to learn the context event representation and the relative weight of each candidate context rep-
resentation. Next, we calculate the sum of the context event embeddings through the weights, and then we calculate the
Euclidean distance between the context event embedding sum and the candidate event embedding. Finally, we choose
the candidate event with the smallest distance as the right candidate event. The results of experiments conducted on the
New York Times corpus show that our proposed model is superior to the existing state-of-the-art baseline models
through evaluation using a multiple-choice narrative cloze test.

Keywords: quaternion; gated graph neural network; event representation; script event prediction; attention mechanism;
event evolutionary graph; graph convolution networks; event interaction
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