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Abstract

Many researchers have investigated ways to enhance recommender systems by integrating
heterogeneous data to address the data sparsity problem. However, only a few studies have successfully
integrated heterogeneous data using knowledge graph. Additionally, most of the knowledge graphs built
in these studies only incorporate explicit relationships between entities and lack additional information.
Therefore, we propose a method for expanding knowledge graphs by using deep learning to model
latent relationships between heterogeneous data from multiple knowledge bases. Our extended
knowledge graph enhances the quality of entity features and ultimately increases the accuracy of
predicted user preferences. Experiments using real music data demonstrate that the expanded
knowledge graph leads to an increase in recommendation accuracy when compared to the original
knowledge graph.
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Inter - entity type relation Intra - entity type relation
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Fig. 1 Relation modeling based on entity type.
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Entity: O User-Item Interact Relation : Item-Knowledge Entity Relation : Knowledge Entities’ Relation : New Relation : s

(1) Item-KG (2) Recommender Model (3) Relation Update (4) Extended-KG
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Fig. 2 Relation modeling using collaborative filtering (Scenario 1)
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Entity: O User-Item Interact Relation : Item-Knowledge Entity Relation : Knowledge Entities’ Relation : New Relation : s

(1) Item-KG (2) Entity Update (3) Relation Update (4) Extended-KG
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Fig. 3 Updated entity and relation in Knowledge Graph (Scenario 2)
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A. dataset (1) tem-KG (2) Relation Update (3) Entity & Relation Update (4) Extended-KG
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Fig. 4 Expanded Knowledge graph for Integrating Heterogeneous Data based on Multiple Knowledge bases (Scenario 3)
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Table 4 Comparative experimental results

Model Precision@2 Precision@5 Recall@2 Recall@5 NDCG@2 NDCG@5
KGCN KGbase 05505 0.5746 0.6945 0.9301 0.6702 0.8855
KGextend 0.5655 05736 0.7111 0.9303 0.6906 0.8840
KGbase 0.4090 04971 0.6233 0.8211 0.6406 0.8116
RippleNet
KGextend 0.4135 0.4973 0.6250 0.8221 0.6450 0.8125
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Table 3. Statistics of Knowledge Graph

Knowledge graph KGbase KGextend

#User 1,872 1872

#ltem 3,846 3,846

#Entities on Knowledge base 5,520 5520

#Total entities 547 5873
#Relation types 60 61

#User-item interactions 92,835 A,835

#ltem-item similarities 0 3,000

#ltem knowledge triplets 15518 18518
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