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Recommendation algorithms based on

personalized knowledge graph representation learning
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Abstract: With the rapid development of Internet technology, recommendation systems are playing an increasingly important
role in addressing information overload. However, traditional recommendation methods often overlook the complex latent
relationships between users’ personalized features and items, leading to suboptimal performance. To tackle this issue, we
propose PKGRec, a Feature - Interactive Graph Neural Network recommendation model based on Personal Knowledge
Graphs. PKGRec integrates users’ personal knowledge graphs with public knowledge graphs and captures complex interaction
patterns among entities through a feature - entity interaction layer. Furthermore, we design a preference - aware attention
mechanism that enables fine-grained user representation learning based on the user’s interaction weights with different items,
effectively enhancing the model's expressive power. We evaluate our model on two large-scale real-world datasets: NetEase
Cloud Music and KuaiRec. Experimental results show that PKGRec significantly outperforms eight strong baselines,
including BPRMF, NFM, and CKE, across three evaluation metrics: Precision, Recall, and NDCG. Notably, PKGRec
exhibits significant advantages in cold-start and long-tail recommendation scenarios, validating the effectiveness of personal

knowledge graphs in enhancing recommendation systems.
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Table 2 Experimental results of the KuaiRec dataset

Precision@  Recall@ NDCG@  Precision@  Recall@ NDCG@
10 10 10 20 20 20

BPRMF 0. 0626 0. 0035 0.0640 0.0608 0. 0066 0.0614

NFM 0.0634 0.0037 0.0632 0.0613 0.0071 0. 0601

CKE 0. 0655 0.0040 0.0646 0.0610 0.0101 0.0619

ECFKG 0.0639 0.0039 0. 0594 0.0434 0. 0096 0. 0435

KGAT 0.0644 0.0031 0. 0545 0.0504 0.0122 0.0476
KGCL 0. 0646 0.0032 0.0553 0.0564 0.0137 0.0574
KGIN 0.0656 0.0041 0. 0644 0.0614 0.0144 0.0622
KGRec 0.0657 0. 0039 0.0647 0.0664 0.0153 0.0619

PKGRec 0. 0677 0. 0042 0. 0658 0. 0681 0. 0158 0.0634

x3 WEZEFYUFEEZHRER
Table 3 Experimental results of the NetEase Cloud

Music dataset

Precision@  Recall@ NDCG@  Precision@ Recall@ NDCG@

10 10 10 20 20 20
BPRMF 0.0633 0.0175  0.0634 0.0663 0.0434  0.0602
NFM 0. 0642 0.0186  0.0602 0.0651 0.0455  0.0613
CKE 0.0614 0.0190  0.0611 0. 0582 0.0418  0.0641
ECFKG 0. 0651 0.0195  0.0657 0.0530 0.0430  0.0547
KGAT 0. 0620 0.0173  0.0634 0.0583 0.0383  0.0556
KGCL 0.0701 0.0172  0.0649 0.0642 0.0449  0.0574
KGIN 0.0713 0.0195  0.0707 0.0640  0.0466  0.0662
KGRec 0.0719  0.0207  0.0702  0.0665  0.0462  0.0665

PKGRec 0.0733 0.0216 0.0724 0. 0685 0. 0477 0. 0676
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