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Knowledge representation learning for joint structural and textual

embed-ding via Attention-based CNN

Min Peng, Yalan Yao, Qiangian Xie, Wang Gao
(School of Computer, Wuhan University, Wuhan 430072, China)

Abstract: Knowledge representation learning has attracted lots of attention in natural language processing with
especially encouraging results on tasks such as Entity Linking, Relationship Extraction, Question Answering and
so on. However, most of the existing models only use the structural information of knowledge graph and cannot
handle new entities or entities with few facts well. Hence, we propose a joint knowledge representation model
which utilizes both entity description and structural information. Firstly, we introduce convolutional neural
network models to encode the entity description. Then, we design the attention mechanism to select the valid
information of the text. Moreover, we introduce the position vector as the supplementary information. Finally, a
gating mechanism is used to integrate the structural and textual information into the joint representation.
Experimental results show that our models outperform other baselines on link prediction and triplet classification
tasks.
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