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Representation Learning for Question Answering over Knowledge Base:

An Overview

LIU Kang' ZHANG Yuan-Zhe' JI Guo-Liang? LAI Si-Wei' ZHAO Jun'

Abstract Question answering over knowledge base (KBQA) is an important direction for the research of question
answering. Recently, with the drastic development of deep learning, researchers and developers have paid more attentions
to KBQA from this angle. They regarded this problem as a task of semantic matching. The semantics of knowledge
base and users’ questions are learned through representation learning under the framework of deep learning. The entities
and relations in knowledge base and the texts in questions could be represented as numerical vectors. Then, the answer
could be figured out through similarity computation between the vectors of knowledge base and the vectors of the given
question. From reported results, KBQA based on representation learning has obtained the best performance. This paper
introduces the mainstream methods in this area. It further induces the typical approaches of representation learning on

knowledge base and texts (questions), respectively. Finally, the current research challenges are discussed.
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