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High-order Collaborative Filtering Recommendation System Based on Knowledge Graph Embedding
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Abstract For the problem of data sparsity in recommendation systems, traditional collaborative filtering methods fail to capture
the correlations between auxiliary information, which decreases the accuracy of recommendation. In this paper, we propose the
KGE-CF model by introducing the knowledge graph as auxiliary information, and utilizing the multi-source structured data in
knowledge graph to effectively alleviate data sparsity. KGE-CF integrates multi-layer perceptron to capture the high-order nonli-
near features to learn deeper interaction information between users and items.,which can improve the quality of recommendation.
Specifically, we first map the user’s historical interaction items with the corresponding entities in the knowledge graph,and use
the translation model of the knowledge graph for training,through that we can get the entity embedding vector and the relation
embedding vector,moreover the model can learn a richer user vector by interest disseminating. Then,after concatenating the ob-
tained user vector and the item vector, we send it into the multi-layer perceptron to capture the high-order feature information be-
tween the user and the item. Finally.a sigmoid function is used to obtain the user’s preference probability for candidate items.
The experimental results on the real-world datasets prove that the proposed KGE-CF model in this paper has achieved the best
recommendation performance than state-of-art methods.

Keywords Knowledge graph,Multi-layer perceptron, Recommendation system,Collaborative filtering,Data sparsity
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Fig. 6 Result of AUC for different dimensions on all three datasets

4P Dk A T B 08 R 0 0 B
T W KGE-CF B 55 44 W08 £ % 7R i 4
FEHERE N 75 L0 B0, A 5 7 MovieLens 1M ¥ HR 95 L ik 17

&=

Wt LT BB MR IA ML-1M 588 45 v BE AL B 3 4%k
e B 4 76 O FR F P B0 B BOR AR A T L B — S SR
i B 4 (4 PP 43 /N A SRR 4 7 43 19 70 9% 5 55 A F i 5 HE
B T 43 /N Ry 35— A B A 57 48 97 43 19 50 %0, 58 = A
R 58 A BRI B AT 4 R/ 20 %

YR N E e P -3 R o BE AL B — 4T 408
SR o 38 Ao F U I 02 S L O 4 1 P BOR 2% BLBUE
RAE, GISRRAS BRI A& PR 43 A M A AR 1,

B2 AR 1IWEBRERZGE OGS E N
B — B A L LA N G B 4 .

B3 ETU-ANGHEMWBIEERL LR 1 ML R
2, LLIRRE 59 J7 30 B 2 LI-B 5 28 B9 BOHE 4 48 R R
A

[vi) 2L 7745 3 LA-C Sh 5 48 0 i i 300 4 L 3 AR [R) s 3 2
BB SR M Ge i 2 3 gl

# 3 SR B Y R R e it
Table 3 Datasets statistics with different level of sparsity
Datasets # Users # Items # Ratings # Sparsity/ %
MLIM-A 6040 3706 739843 96. 6948
MLIM-B 6040 3706 447590 98. 0004
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Fig. 7 AUC on the ML1M datasets with different level of sparsity
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