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Abstract: In order to solve the link prediction problem of knowledge
LCPE (Local Combination Projection Embedding) was proposed, which refilize
and relationships into vector space. By analyzing the Unstructured

entities” embedding was shorter in the vector space, in other

model, ProjE model was used based on similarity between two e
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ﬁlared variable network model named
prediction of links by embedding entities

as derived that the distance between related

entities were more likely to be related. In LCPE

relation type between them. The experiment shows that with the same number of parameters, the LCPE improves Mean Rank

by 11 and lifts Hit@ 10 0. 2 percentage points in da
percentage points in dataset FB15k, which proves th
predictive capability of the ProjE model.
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Tab. 3 Link prediction results on two data sets by different methods
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