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Recommendation method based on multidimensional social relationship embedded
deep graph neural network

HE Haochen, ZHANG Danhong’
(School of Automation, Wuhan University of Technology, Wuhan Hubei 430070, China)

Abstract: The social recommendation system can alleviate the data sparsity and cold start problems in the
recommendation system through the users’ social attribute information, thereby improving the accuracy of the
recommendation system. However, most social recommendation methods mainly aim at the single social network or linearly
superimpose multiple social networks, making it difficult for the users’ social attributes to fully participate in the
calculation, so the accuracy of recommendation is limited. To solve this problem, a multi-network embedded graph neural
network model was proposed to implement the recommendation in complex multidimensional social networks. In the model,
a unified method was built to fuse the multidimensional complex networks composed of user-item, user-user and other
relationships. Different types of multi-neighbors were aggregated to atiribute to the node generation through attention
mechanism, and multiple graph neural networks were combined to construct a graph neural network recommendation
framework under multidimensional social relationships. In the proposed method, the entities in the recommendation system
and their relationships were reflected by the topology structure, and the relevant information was calculated and updated
continuously on the graph directly. It can be seen that the method is inductive, and avoids the problem of incomplete
information utilization in traditional recommendation methods effectively. By comparing with related social recommendation
algorithms, the experimental results show that the recommendation accuracy indicators such as Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE) of the proposed method are improved, and the method even has good accuracy on
sparse data.
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Fig. 1 Network structure of user preference feature model
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FHRPID) . BSR4

TEA S I TR, M — A S gl g s, 430 R
RRFR FARR FFECFR AU SCE AT A A B
KR, KRB WS RA A B ES IR S48 38
T SR L AT Ay Bt ] Je] 0 ) A R

X Douban Hl Yelp 1M & , W43 £ 36 5 Fi 8, v] LA 3

PEATEL L : N
T B THEPE D% BoRIEAME M R AR
RO(ELAY L TR

X BEA K B A SO S REHLIE £ 30% . 50% . 80% 1
HNZREE , HA T0% .50% . 20% 1E Rl 4 .
2.2 FHERR

YRR R AR Z T 2 A F8 A5 - AR R 22 (Root
Mean Square Error, RMSE) Fl 4 X 5 1% 22 (Mean Absolute
Error, MAE) , i1 ARUT .
Ll (R, - R, (20)

|T|(ll,'fj)
1 .
— R; - R, (21)
|T|<u,.z:',>‘ ‘

Horpo 7 RN AE P PR B G 5| « | s KA P A7 TE B
ﬁﬂ"]ﬁﬁ)ﬁ%ﬁﬁﬁﬂ/ﬂﬁi;Iég%ﬁﬁz’giﬁ&ﬁ‘rEF'E"JFHF'%
SHPESR TN . RMSE R MAE #8/)N , W0 v gE k4

RMSE =

MAE =
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2.3 WKFE

T B RS SR H 04 22 T A A8 48 (AT B 2 ) T i G A
FEPEREAUECGE ARSI LA T GNNMSR FIELA i th 2 b i
TR EE R, BB R s L T LA

1) #F 2 55 B4 4> f# (Probabilistic Matrix Factorization,
PMF) o B2 — AR 7 ik AU 0 R e A T
S

2) b F SCHE FF 43 fif (Context Matrix Factorization, Context
MF) J5 6 o %07 B T AL 58 O ME AR RE B 43 , 76 PMF 1Y
J U8 AT R T I - P P A R R P = PP D G A
LI R I DA A AR DL A R

3) 3k F At 2 A5 AT 42 W 19 P TR 32 A 15T 13 (Collaborative
Topic Regression with Social Trust Ensemble, CTRSTE) ", %
BRI T S GAEE G 0P E E R, R i S5
BB G I A3 A, I AE PMF "R 254 1 Bk R v 75 4 i
(Latent Dirichlet Allocation, LDA )&

4) 4122 M 26 1E W) (Social Regularization, SoReg) B g
SCT IEMAACRAE R AT AT BT B LG T P -4 iR,
FH P —FH P ORERLRE R B R M I A 0GR (AT R RS o

5) 5 T A5 A% 09 AF 5 {8 73 f# J7 ¥ (Trust Singular Value
Decomposition, TrustSVD) ™, Z k&5 & T H P 54 FE R
TRAE B ((FAE R ) AT IR . A SCE P 2Z 18] 1 A
e BE AR BE R A R R AR DG & R s m 2 & Bt
SRR 2T 558 53 f# (Singular Value Decomposition++, SVD++)
BRI

6) H F ¥ 4 17 A 4 1 )7 35 (Exploring Users’ Rating

Behaviors, EURB) ', Z 5Bk T =4 THP-H %
FA M SVD+HIERD 55— 56 F O LA R 5 28 AN R AT
SRR , R A R B B 5 4 = A6 R4 A PRI AT
R Fha e RIEMALAE B =2 R HME.

7) 45 5 4138 W 4% 1 7% (Recommendations in Signed Social
Network , RecSSN) "o % WL AE AR R /AR AE AL AR 2 4 4E
24 A HL AN 4 SRy {5 B o IR TBURIRO BB PE 4k 25 IE AL R
WP ES AR A5 s
2.4 BEUARSW

AR SLE i FH Pytorch BRI RF- 17, 5 X BN 1 S 800 H#AE
LT |, 25138 45 A MLP W25 1 258 g, , P SRR E &
MLP 45 1250 q,, F P 1 d DF 3 1538 MLP I 28 240 p, LU )
HoAt i 2 S50

Wi SIS LA T k=5,10, 15,20 I 7E GNNMSR - ARG
BT X B I 10 11 20 18 8 £ BB 805 Hofth Jr ik A7 1
B I RN RAECT RS BE , 4 ¢,=¢,=10 p=151F N I
L ZH, A FILEE (embedding size) 73l EFE 8 . 16,
32.64.128 256 7L , W HE T 64 1E N AR HERE . HoAlh
{9 2 Bt i 1 ST 0E 4T AR bateh size B 64, 2% 2] FHL
0.001, ¥ 7% BRI AR FH 48 M 4% i 48 P 51 9T (Rectified Linear
Unit, ReLU) REBUS R AL A RCE .

2.5 LEBER

AR SCVTAS R 1R 8 AR i MAE 1 RMSE, @ 1
TR A [ B AU 2142 (30% , 50% , 80% ) FIAN 7] (14 V5 7 [H F
ARk (k=10,20) 47 T 208, OAAE RN 2~3 .

®2 EMEKINKEE R MR

Tab.2 Performance comparison on Douban Movie test data

AL P W5

L 1/% LS PMF Context MF~ CTRSTE SoReg TrustSVD EURB RecSSN GNNMSR

RVSE 10 0.747 0. 660 0. 659 0.717 0. 630" 0. 658 0. 649 0.623

20 0.727 0. 638 0. 656 0. 688 0.610° 0. 643 0. 627 0.577

30 10 0.593 0. 500 0. 499" 0.573 0.511 0. 499 0.519 0. 504

MAE 20 0.587 0. 485 0. 484" 0. 566 0. 500 0.493 0.511 0. 467

. 10 0.734 0. 628 0.628 0.707 0. 636 0. 626" 0. 652 0. 585

- RMSE 20 0.723 0. 626 0. 627 0. 686 0.633 0.619" 0. 649 0.597

VAR 10 0.576 0.514 0.512 0.562 0. 493f 0.512 0. 508 0. 467

20 0.554 0. 497 0. 499 0. 547 0. 488" 0. 499 0. 491 0. 440

10 0.720 0. 641 0. 640 0. 699 0. 639 0. 638 0.618" 0.539

RMSE 20 0. 694 0. 631 0. 626 0. 684 0.627 0. 631 0.597" 0.557

80 VAE 10 0.569 0. 489 0. 488 0. 554 0. 499 0. 487" 0. 504 0. 447

20 0. 567 0. 488 0. 472" 0.533 0. 484 0. 480 0. 499 0. 465

VE T AR ARG B GNNMSR VA ST 2 o smAAL

ARG S 90 45 303 B A B, R AL 23S P 25 5 B A T4 A
RMSE F1 MAE J5 T 8035 1 35 o 640, 5 264 PMF A Lb AT Ao
— T R AT AR A 2 B VR A O EL Ak 5 R A
FE LR RE A A AT . O AT A TrustSVD \EURB,
ReSSN 7E R L0 i T ki PMF .CTRSTE .SoReg 95U [A .

AR SCHE H ) GNNMSR 73 b H At % b O vk 3545 3 4 1)
SR, A Ly vk R R B A A A A L, TR R
Yelp "1 GNNMSR 7351 - BIFEAR T 0. 03 F10. 1 A 45 %5 MAE $5&
FRAA , 3225 B & GNNMSR R 1 58 5 B 2288 ok ek
HER

Yelp 204 4 (1 PERERA 0 55 F SO L 52 L X J& R Yelp 5K

P AE ) AR I T E R T R R, X 5308 45 T
(B = W43 A SN 2% . BRI, RMSE Fll MAE $8 AR AR KA i
IR RAR A B

YIRS, B R AT . (EAE R, SYIZRER
Lb 11 %5 T 50% A, GNNMSR ik 8 T e fE kg . SLg 4 &
W], GNNMSR 7] LA ik 1] FH 224443 90 26 SF ool 20 o P-4 e 3
BIMH . BEAN , R AE 4 BE kAR AR RS BE I 1Ay I B A 42
T, U H RN GRFEA F A BRI, 73 MAE Fil RMSE 48 #7 [
TTAE e 46 B B30 22 X B RAAE 4 B2 DT A BB AT k=10 2
ZRE R BF R
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Tab.3 Performance comparison on Yelp test data
pllES WA L SRR
L A81l/% Eisun PMF Context MF CTRSTE SoReg TrustSVD EURB RecSSN GNNMSR
RMSE 10 0.981 0. 873 0. 870 0.947 0. 830" 0. 868 0. 854 0.777
30 20 0. 945 0. 843 0. 836 0.917 0. 804" 0. 839 0. 849 0.733
MAE 10 0.784 0. 660 0. 661 0.753 0.674 0. 658" 0. 686 0. 635
20 0.768 0. 649 0. 635" 0.747 0. 663 0. 655 0. 663 0. 622
RMSE 10 0. 968 0. 826" 0. 832 0.931 0. 843 0. 829 0. 859 0.772
50 20 0.959 0. 825 0. 804" 0. 900 0. 828 0. 821 0. 828 0.797
MAE 10 0. 760 0. 681 0.673 0.740 0. 653" 0. 675 0.671 0.610
20 0.759 0. 654 0. 661 0.724 0. 641" 0.670 0. 666 0. 630
RMSE 10 0. 949 0. 849 0. 841 0.918 0. 839 0. 838 0.819" 0. 740
%0 20 0.917 0. 835 0. 809 0. 906 0.816 0.813 0. 809" 0. 730
MAE 10 0.750 0. 644" 0. 645 0.732 0. 659 0. 645 0. 668 0. 600
20 0.723 0.618" 0. 642 0.730 0. 654 0. 640 0. 648 0. 608

VE KT AR AR LT i GNNMSR VA ST 5] 69 FARAE
3 %iE

Z

PRI 2 19 2% (GNIN) W] LIS 38 5 5 300 B v o 1) 4
BRSO R G h SR SRR EL IR G % THR SR 2RI,
T FHVAGN 2 AT 55 0 RR I, DRI 32 3 2 AR SFUR L S iz
Kt ARSOR PP 28 ) 25 71 22 B I 28 R AT A BB 78 43R
Dy sE A S AT P 2Z 1) 64 22 | OGRS B A RO T T 4
PERCR UL T Z AL A AR HEAERG B 1 S sk . 4R,
AR TR SR B X A AT TSR B P OC &R
VP03 BE AR T2 AE 2 I AR A Y, I Xof 7 (9 R AE A6 U AN C )7
Wil 2 AR Ak, QRTS8 i P 28 TR 28 R AT B S A AR HEREIG 2 T
— AR A
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