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Abstract  AbstractWith the emergence of new and transformative ways of creating connection,

collaboration, and sharing on the Internet, the phenomenon of rich social behavior on the Internet
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has attracted the attention of researchers and practitioners. In recent years, with the popularity
and promotion of social network platforms, recommendation systems based on social networks
have also become one of the research hotspots in the field of personalized recommendation. Social
recommendation systems use social networks to alleviate the data sparsity problem in traditional
recommendation algorithms. In social networking, social relationships have played an important
role, and user trust is the foundation of social relationship. Every user is affected by the users
they trust. These trusted users will be affected by their own social relations, which means that
users associated with each and there is preference similarity among socially connected users. The
user’s trust relationship affects the user’s preference, and the user is affected by the social rela-
tionship between its trust users, and these social relationships are increasing and spreading in so-
cial networks. Therefore, the focus of social recommendation algorithm researchlies in the min-
ing and utilization of trust informationin the field of recommendation based on social network, a
representative model is DiffiNet, which has not fully considered the problem of trust, and at the
same time, there is additional noise when recursive long-distance social relationships, affecting
the quality of the recommended forecasts. Therefore, a DIFFNET improved social recommenda-
tion model-EIDNetis proposed in this paper. Firstly, when simulating the diffusion process of so-
cial relationship influence, the trust relationship between usersisestablishedby the historical inter-
action records of users with items, and integrates it into the recursive social dynamic modeling to
obtain different trust relationships for different users for different items. Second, Secondly,
when calculating social influence, a method of increasing residual connections is proposed to re-
duce the noise generated by long-distance social relationships. At the same time, in order to solve
the problem of weight distribution in the same order domain, an attention mechanism is proposed
to learn the user friend relationship vector, calculate different weights for different users, and
adaptively measure the social influence among users’ friends. Ultimately, the three parts are
fused into a unified framework to reinforce each other and build a better scaling model. Finally,
the user’s future behavior and preferences are predicted by combining the user’s historical inter-
action behavior and social relationship with the item. The main contributions of this paper in-
clude: (1)Integrate trust based on historical interaction records between users and items into re-
cursive social dynamic modeling to solve the problem of different users recommending different
items due to trust relationships; (2) In the recursive calculation of long-distance social relations,
a residual connection method is proposed to reduce the influence of noise; (3) Attention mecha-
nism is introduced tomatch different importance to users in the social network to solve the prob-
lem of weight distribution in the same order domain. The experimental results show that, com-
pared with the best performance results of DiffNet, the performance of EIDNet on Yelp is im-
proved by 10. 61% , and the performance on Flickr is improved by 24. 98%. The results confirm
that the improved model proposed in this paper improves the recommendation performance of the

social recommendation model.
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TSRS 3 AR Y O s A R AT AE
PN EEE R Yelp F1 Flickr #4752 8, 3 AT
AR SR RE. T ORAIE 2 S M A R e
IIXF B A 2 80 47 AR DL O X be 388 3 1Y o £

PERE . XX L F IR T H 248 T EAFE N
(top-N) . DU A K B fil K (F#E ) . Bk 2
BN 3 iR, R 4 ME S P o RATEE T 1
WESHK=2, K6, KAMEE TiAKE
D=64,N=10.

F4 AEAHBAKED ETH HR@Q10 5 NDCCG@10 HITEBEXTEE (N=64.K=2)
Yelp Flickr
Models HR NDCG HR NDCG

D=16 D=32 D=64 D=16 D=32 D=64 D=16 D=32 D=64 D=16 D=32 D=64
BPR 0. 2435 0.2616 0.2632 0. 1468 0.1573 0.1554 0.0773 0. 1554 0.0795 0.0603 0.0628 0.0732
FM 0.2768 0. 2835 0. 2825 0.1698 0.1720 0.1717 0.1115 0.1212 0.1233 0. 0866 0.0954 0.1062
Social MF 0.2571 0. 2709 0.2785 0. 1655 0.1695 0.1677 0.1001 0. 1056 0.1174 0.0723 0.0964 0.1061
TrustSVD 0. 2826 0. 2854 0.2939 0.1683 0.1710 0.1749 0.1352 0.1341 0. 1404 0.0978 0.1083 0.1203
ContextMF 0. 2985 0.3011 0.3043 0.1758 0. 1808 0.1818 0. 1405 0. 1382 0.1433 0. 0920 0.1102 0.1131
CNSR 0.2702 0.2817 0. 2904 0.1723 0.1745 0.1746 0.1146 0.1198 0.1229 0.0791 0.0978  0.1057
GraphRec 0. 2873 0. 2910 0.2912 0.1663 0.1677 0.1812 0.1195 0.1211 0.1231 0.0784 0.0930 0.0992
PinSage 0.2944 0. 2966 0. 3049 0.1753 0.1786 0. 1855 0.1192 0.1234 0. 1257 0.0844 0.0998 0.1046
NGCF 0. 3050 0. 3068 0.3042 0. 1826 0. 1844 0.1828 0.1110 0.1150 0.1189 0. 0819 0. 0945 0. 0998
DiffNet-nf 0.3126 0. 3156 0.3195 0. 1882 0.1822 0.1928 0.1342 0.1317 0. 1408 0. 0979 0.1089 0.1192
DiffNet 0. 3366 0. 3437 0. 3477 0. 2052 0.2095 0.2121 0. 1575 0.1621 0.1641 0.1210 0.1231 0.1273
EIDNet_res_int 0. 3431 0. 3515 0.3683 0. 2096 0. 2160 0.2248 0.1613 0.1702 0.1904 0.1332 0.1375 0.1510
EIDNet 0. 3544 0. 3645 0.3784 0.2126 0.2252 0.2346 0.1721 0.1785 0.1991 0. 1394 0.1409 0.1591

x5 AEX/N top-N {ET HR@N 5 NDCG@N KJHERETLE (D =64, K=2)

Yelp Flickr

Models HR NDCG HR NDCG

N=5 N=10 N=15 N=5 N=10 N=15 N=5 N=10 N=15 N=5 N=10 N=15
BPR 0.1695 0.2632 0.3252 0.1231 0. 1554 0.1758 0.0651 0.0795 0.1037 0.0603 0.0628 0.0732
FM 0. 1855 0. 2825 0. 3440 0.1341 0.1717 0. 1876 0.0989 0.1233 0.1473 0. 0866 0.0954 0.1062
Social MF 0.1739 0. 2785 0. 3365 0.1324 0.1677 0.1841 0.0813 0.1174 0. 1300 0.0723 0.0964  0.1061
TrustSVD 0.1882 0.2939 0. 3688 0.1368 0.1749 0.1981 0. 1089 0. 1404 0.1738 0.0978 0.1083 0.1203
ContextMF 0. 2045 0.3043 0.3832 0. 1484 0.1818 0. 2081 0. 1095 0.1433 0.1768 0.0920 0.1102 0.1131
CNSR 0. 1877 0. 2904 0. 3458 0.1389 0.1746 0.1912 0.0920 0.1229 0. 1445 0.0791 0.0978  0.1057
GraphRec 0.1915 0.2912 0.3623 0.1279 0.1812 0.1956 0.0931 0.1231 0.1482 0.0784 0.0930  0.0992
PinSage 0.2105 0. 3049 0.3863 0.1539 0. 1855 0.2137 0.0934 0. 1257 0.1502 0.0844 0.0998 0.1046
NGCF 0.1992 0. 3042 0.3753 0. 1450 0.1828 0.2041 0.0891 0.1189 0.1399 0.0819 0.0945 0.0998
DiffNet-nf 0.2101 0. 3195 0. 3982 0.1535 0.1928 0.2164 0. 1087 0. 1408 0.1709 0.0979 0.1089 0.1192
DiffNet 0.2276 0.3477 0.4232 0.1679 0.2121 0.2331 0.1210 0.1641 0.1952 0.1142 0.1273 0.1384
EIDNet_res_int 0. 2537 0. 3683 0. 4435 0. 1855 0.2248 0.2478 0.1476 0. 1904 0. 2445 0.1193 0.1510 0.2123
EIDNet 0.2759 0.3784 0. 4448 0. 2296 0. 2346 0. 2547 0.1603 0.1991 0. 2527 0. 1250 0.1591 0.2206
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Background

With the emergence and fast-growing of the online social
networks, users’ interests, opinions or behaviors are influ-
enced by others. Some works have verified that social recom-
mendations with interpersonal influence can better alleviate
the problem of data sparsity. Consequently, more and more
organizations and scholars are devoted to studying social in-
fluence phenomenon in the social networks. However, early
social recommendation approaches neglect the dynamic
process of social influence dif-fusion. In this paper, we pro-
pose EIDNet, an improved model of DiffNet that models the re-
cursive social diffusion process. Con-sidering the problems of
DiffNet and users’ trust, it not only integrates user’s historical
interaction records into recursive so-cial dynamic modeling to ob-
tain the trust degree of different users for different items, but al-

so adds residual connections to reduce noise. Furthermore, we

Knowledge and Data Engineering, 2014, 26(11): 2789-2802
[43] He X, Liao L, Zhang H, et al. Neural collaborative filte-
ring//Proceedings of the 26th International Conference on

World Wide Web. Perth, Australia. 2017 173-182

YANG Bing, M. S. candidate. His interests include ma-
chine learning, data mining and big data.

YUN Wei, M. S. candidate. His research interests in-
clude knowledge modeling, knowledge graph, machine
learning and its applications.

ZHAO Jing-Zhuan, M. S. candidate. Her research in-
terests include knowledge recommendation and machine

learning.

design a new attention-based module to learn the relationship
vector between users and their friends to assign different impor-
tance to edges between nodes in the social graph. And finally,
experiments show the effectiveness of our proposed model by
comparing it with other baselines, which can further improve the
recommendation performance of the DiffNet.
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