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Knowledge Graph Question-Answering Based on‘Joint
Location and Attention Representation
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[ Abstract] Knowledge graph is an important part of artificial intelligence.It describes the concepts, entities, and relationships
in the objective world in a structured way and provides a better ability to organize, manage, and understand the massive amount
of information available on the Internet. With the development of deep learning technology, representation-learning-based
knowledge graph question-answering methods have emerged.The core goal of such methods is to embed the question into
the representation vector space with the same.dimension ag triples and match the questions and answers through appropriate
answer prediction methods.Referring to the idea oficomplex field coding, this paper presents a triple-representation model,
Pos-Att-complex , based on joint location{andiattention representation.In the triplet representation part, the features of the word
itself and the location features are jointly encoded.The deep-seated features are further mined through the decoder network,
so as to score the triplet.In the question ‘and answer part of the knowledge graph, the question is embedded into the vector
space with the same dimensiondas the triplet vector through RoBERTa, and the vector is fused with the relationship set filtered
through the relationship.On this basis, the candidate answers are scored by the joint representation decoder to screen them
out.Experimental results show that the model can achieve good test results on triple classification and multi hop question and
answer benchmark datasets.Furthermore, it outperforms GraftNet, VRN, and other existing models.
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Table 1 The size of triple representation datasets
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Table 5 Comparison of question-answering results of
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