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Abstract Cross-item social recommendation is a method of integrating social relationships into the recommendation system. In
social recommendation.user is the bridge connecting user-item interaction graph and user-user social graph. So user representa-
tion learning is essential to improve the performance of social recommendation. However, existing methods mainly use static at-
tributes of users or items and explicit friend information in social networks for representations learning,and the temporal infor-
mation of the interaction between users and items and their implicit friend information are not fully utilized. Therefore,in social
recommendation. effective use of temporal information and social information has become one of the important research topics.
This paper focuses on the temporal information of the interaction between users and items,and gives full play to the advantages of
social network,modeling the user’s implicit friends and item’s social attributes. This paper proposes a novel graph neural net-
works social recommendation based on high-order and temporal features,referred to as HTGSR. Firstly, the framework uses ga-

ted recurrent unit to model item-based user representations to reflect the user’s recent preferences,and defines a high-order mo-
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deling unit to extract the user’s high-order connected features and obtain the user’s implicit friend information. Secondly, HTG-

SR uses attention mechanism to obtain social-based user representation. Thirdly, the paper proposes different ways to construct

item’s social networks,and uses the attention mechanism to obtain item representations. Finally,the user’s and item’s represen-

tations are input to the MLP to complete the user’s rating prediction for the item. The paper conducts specific experiments on

two public and real-world datasets,and compares the experimental results with different recommendation algorithms. The results

show that the HTGSR has achieved good results on the two datasets.
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Table 7 Typology of baseline algorithms
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Table 8 Comparison of baseline models with HTGSR

Ciao(60 %)

Ciao(80%)

Epinions(60 %) Epinions(80 %)

methods MAE RMSE MAE RMSE MAE RMSE MAE RMSE
PMF 0.952 1.197 0.902 1.124 1.021 1.274 0.995 1.213
SoRec 0. 849 1.074 0. 841 1. 065 0.909 1. 156 0. 896 1. 144
SocialMF 0. 835 1. 059 0. 827 1. 050 0.897 1. 141 0. 884 1.133
TrustMF 0.768 1. 054 0.769 1.048 0.855 1.151 0.841 1.134
NeuMF 0. 825 1.082 0. 806 1.062 0.910 1.165 0.907 1.148
DeepSoR 0.781 1. 044 0.774 1.032 0.852 1.114 0.838 1.097
DSCF 0. 750 1.016 0.734 0.990 0.843 1. 100 0.829 1.072
GCMC-+ SN 0.770 1.022 0.753 0.993 0. 860 1.100 0.859 1.071
GraphRec 0.752 1.019 0.739 0.995 0.856 1. 095 0.829 1. 089
HTGSR 0.739 0.995 0.730 0.984 0.825 1.068 0. 821 1.069
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Table 9 Comparison of experimental results of GraphRec,

GraphRec+GRU, GraphRec+ GRU-Att and HTGSR

I % v GraphRect+ GraphRecGRU-
R GraphR HTGSR
e raphtee GRU Att
. MAE 0.7524 0.7443 0.7420 0.7394
Ciao(60%)
RMSE 1.0189 1.0123 0.9972 0.9953
MAE 0.7387 0.7339 0.7318 0.7296
Ciao(80 %)
RMSE 0.9954 0.9930 0.9877 0.9844
Epinions MAE 0.8561 0.8409 0.8366 0.8247
(60%)  RMSE 1.0948 1.0995 1.0792 1.0677
Epinions MAE 0.8290 0.8251 0.8237 0.8213
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Fig. 6 Validity of timing information and gated recurrent units GRU

on Ciao dataset
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Fig. 7 Validity of timing information and gated recurrent units GRU

on Epinions dataset
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Fig. 8 Validity of high-order features on Ciao dataset
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Fig. 9 Validity of high-order features on Epinions dataset
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Table 10 Comparison of results on GraphRec using T-GRU and

(36)

GRU respectively

I AR . GraphRec+ GraphRec+
GraphRec .
T-GRU GRU
MAE 0.7524 0.7448 0.7443
Ciao(60 %)
RMSE 1.0189 1.0165 1.0123
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Table 11 Comparison of experimental results of HTGSR-H,

HTGSR-H+NIS,HTGSR-H-+PIS and HTGSR

il % AR HTGSR-H+ HTGSR-H+

? HTGSR-H ) N HTGSR

NIS PIS

MAE  0.7443 0.7393 0.7428 0.7394
Ciao(60 %)

RMSE  0.9998 0.9992 1.0011 0.9953
) MAE  0.7378 0.7365 0.7413 0.7296
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RMSE  0.9930 0.9868 0.9982 0.9844
Epinions MAE  0.8366 0.8251 0.8370 0.8247
(60%)  RMSE  1.0856 1.0763 1.0876 1.0677
Epinions ~MAE  0.8168 0.8218 0.8373 0.8213
(80%) RMSE  1.0781 1.0719 1.0701 1.0692
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Fig. 10 Results of different item representation modelling approaches

on Ciao dataset
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Fig. 11 Results of different item representation modelling approaches

on Epinions dataset
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Table 12 Effect of the amount of feature information on model
performance
. Ciao(60 %) Ciao(80%)

a MAE RMSE MAE RMSE
HTGSR-H 0.7524 1.0189 0.7387 0.9954
HTGSR-H+ NIS 0.7393 0.9992 0.7365 0.9868
HTGSR 0.7394 0.9953 0.7296 0.9844
HTGSR+ NIS 0.7410 1.0088 0.7431 0.9989
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Table 13 Impact of embedding dimension on model performance
- Ciao(60 %) Ciao(80 %) Einions(60 %) Epinions(80 %)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
d=16 0.7549 1.0023 0.7553 0.9927 0.8664 1.0931 0.8440 1.0818
d=32 0.7486 0.9996 0.7431 0.9882 0.8324 1.0774 0.8315 1.0704
d=064 0.7394 0.9953 0.7296 0.9844 0.8247 1.0677 0.8213 1.0692
d=128 0.7460 0.9984 0.7412 0.9925 0.8405 1.0728 0.8347 1.0737
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