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Abstract: The knowledge graph as auxiliary information can effectively alleviate the cold start problem of
traditional recommendation models. But when extracting structured information, the existing models ignore the
neighbor relationship between entities in the graph. To solve this problem, a recommendation model based on
KnowledgeGraph Convolutional Networke-Public Neighbor (KFCN-PN) sorting sampling is proposed. The
model first sorts and samples each entity’s neighborhood in the knowledge graph based on the number of public
neighbors; Secondly, it uses graph convolutional neural networks to integrate the entity’s own information and
the receiving domain information along the graph’s relationship path layer by layer; Finally, the user feature
vector and the entity feature vector obtained by the fusion are sent to the prediction function to predict the
probability of the user interacting with the entity item. The experimental results show that the performance of

this model is improved compared with other baseline models in data sparse scenarios.
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1) Function Public-Neighbors-Sampling(€)
2)ifl(e) < K
3) S (e) < choose K entities from N (e)
4) else
5) for i = 0,1,-,1(e) = 1 do
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(1) while model does not converge do
(2) for (w,;v)in Y do

®3)
(4) forl=1,2,-+,L do
(5) MIl] = Ml —1]
(6) for e € M [l —1] do
(7)
(8)
(9)
(
(

<

[0] v

7) Ml] <= M [l] UPublic-Neighbors-Sampling(e)
8) return {M [i]}/_,

9) e* [0] < e, Ve € M [0]

10) for L =1,2,+, L do

11) for e € M[l] do

(12) €5y 1= 1] S esey Fu () € 1= 1)

13) e* [I] + agg (e’é(e) l—1],e*[l — 1})
14) v* + e* [L]

16) Update (8, W, b) in the direction of gradient descent

(13)
(14)
(15) Calculate the probability of interaction: Yuv
(16)
(17) return F
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