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Abstract: Recommendation system can help users quickly find useful information and improve the retrieval
efficiency of users effectively. However, the recommendation system has problems such as data sparsity and cold
start, most of the existing recommendation algorithms that integrate social relations ignore the sparsity of social
relations data, and there are few recommendation algorithms that integrate social relations and item attribute data at
the same time. This paper proposes a recommendation model that is multi-task feature learning approach for social
relationship and knowledge graph enhanced recommendation (MSAKR) in response to solve the above problems.
Firstly, the algorithm extracts the user’ s social relations through the graph convolutional neural network to get the
user’ s feature vector, then selects the neighbor by the graph centrality, and generates the virtual neighbor by the
word2vec model, so as to alleviate the sparsity of the social data. This paper uses the attention mechanism to gather
the neighbors. Secondly, multi-task learning and semantic-based matching model are used to extract the information
of attribute knowledge graph to obtain the feature vector of the item. Finally, comprehensive recommendation is

made to the user based on the obtained user and item feature vectors. In order to assess the performance of the
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recommendation algorithm, experiments are carried out on real datasets Douban and Yelp. Click-through rate predi-

ction and Top-K recommendation are used to evaluate the performance of the model respectively. Experimental results

show that the proposed model is superior to other benchmark models.

Key words: recommendation algorithm; graph convolutional neural network; social network; knowledge graph;

multi-task learning
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Table 1 Basic statistics for datasets
pCnE S Douban Yelp
DRS¢ 1492 65514
Yk 70318 16 022
R H LA 1231089 1039 331
KG =I5k 392 443 97 496
KG REL 171 098 17190
SN X R %L 76 349 18 804 104
3.2 OWFLEBER B gk R
F AR LA LA

(1) MF"": iz fa] 5808 204 R 1 4 e A5 2, 5 3 4y
il VT3 P S R S5

(2)EATNN"": Chen %54 i 19 —4> = 28 A 38 )W i
M 2% il T A28 5 SR BGE HERIUCR

(3)KGCN™: Wang 45 48 H} 1t — B 4t FH 11 0 28
2553 Tl B A5 B A EE A IR RS A AR AR AR

(4) MKR™: Wang %5 $i& 1 i — B £ FH 1 &) 3%
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Fig.6 Influence of parameter d, n on model
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Table 2 Result of AUC and ACC in CTR prediction

Douban Yelp
A
AUC ACC AUC ACC
MF 0.8713 0.8458 0.8523 0.8952
EATNN 0.834 8 0.854 8 0.829 7 0.900 0
KGCN 0.8872 0.8650 0.8459 0.896 2
MKR 0.880 4 0.8520 0.8162 0.878 1
MSAKR 0.893 4 0.8759 0.863 8 0.909 8
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Table 3 Result of NDCG of each model with different K

Douban
i

K=1 K=5 K=10 K=20 K=50
MF 0.2192 02042 0.1982 0.1877 0.168 1
EATNN 0.1900 0.1848 0.1686 0.137 1 0.112'5
KGCN 0.2100 0.1949 0.1722 0.1600 0.1367
MKR 02700 0.2193 02074 0.1896 0.1630
MSAKR 02900 0.2323 0.2120 0.1924 0.1636

23 0] LUIAS Y 2 A9 MSAKR A 5 B ofe 455 80 7
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Table 4 Result of NDCG of each model with
different K in cold start

" Douban
A
K=1 K=5 K=10 K=20 K=50
MF 0.1200 0.1058 0.0968 0.0900 0.0805
EATNN 0.1100 0.0825 0.0907 0.0861 0.0832
KGCN 0.1100 0.0811 0.0762 0.0774 0.0743
MKR 0.0800 0.0618 0.0598 0.0527 0.0462
MSAKR 0.1700 0.1365 0.1212 0.1121 0.0958
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45 MSAKR B 5 MSAKR () BRI 5% T 5 bi A LE
Table 5 Comparison of result between MSAKR
and MSAKR(-)

Douban
i
AUC ACC precision@5 recall@5 NDCG@5
MSAKR(-) 0.8894 0.8717 0.208 0 0.008 4 0.208 6
MSAKR 0.8934 08759 0.2220 0.008 7 0.2323
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