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Abstract

As an information screening tool, the recommendation system can predict users’ interests and
recommend the list of items that meet users’ needs through the analysis of users’ personal infor-
mation records. Its core is the recommendation algorithm. Most of the existing recommendation
algorithms need to collect users’ large-scale data for training, which has the problem of data
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sparseness. When a user wants to buy new items, it is often unable to make effective recommen-
dation. In this paper, we propose a novel recommendation algorithm based on knowledge graph
and content. Firstly, a content graph was constructed to obtain the similarity between entities and
relationships based on graph embedding. Secondly, the content was vectorized based on text word
embedding, and a content-based similarity algorithm was constructed. Finally, a fusion method
combined graph-based similarity method and content-based similarity method was proposed, and
then the entities with high scores would be selected as the recommendation result through weight
estimation. The result of comparative experiments on the MovieLens dataset shows that the algo-
rithm proposed has improved the precision and recall on performance.
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Figure 1. The framework of recommended system
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Figure 2. The procedure of content-based recommendation algorithm
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Figure 3. The procedure of recommendation algorithm based on knowledge graph
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Figure 4. The framework of the algorithm based on knowledge graph and content
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Figure 5. An example of algorithm TransE
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Figure 6. The movie graph used in experiment
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Figure 7. The movie graph used in experiment
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Figure 8. The precision of different nearest neighbor
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Figure 9. The recall of different nearest neighbor
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