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Abstract: In recent years, social recommendation approaches have attracted attention because they can effectively
improve the recommendation quality when user-item interaction data is sparse. Explicit and implicit social relations, as aux-
iliary information, are used to improve the recommendation quality. However, social relations are represented by simple
graphs in existing models. The nature of edges connecting pair-wise nodes in simple graphs makes it suitable for describing
explicit relations. Still, it is incapable of modeling complex implicit relations, such as the collective relation between multi-
ple users who have purchased the same product. Therefore, it isn’ t easy to learn the node representation accurately, only
based on simple graphs, which even affects the recommender’ s performance. In this paper, we propose a recommendation
model based on a bi-graph hybrid random walk (BG-Rec) to overcome this problem, which combines hypergraph and
graph. We construct a hypergraph and a simple graph to depict complex implicit relations and explicit social relations sepa-
rately. Next, the mixed random walk strategy (MixRandom) is used to generate node sequences that combine implicit and
explicit relations. Furthermore, node sequences are used for learning more accurate representations of nodes. Then, positive
feedback hypergraph and negative feedback hypergraph are constructed based on user ratings, so that more fine-grained
friend relations can be considered to identify reliable friends. Finally, the personalized ranking of items is optimized by con-
sidering the preferences of reliable friends and the maximization of the posterior probability. Experiments on three public
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datasets show the superiority of BG-Rec in recommendation performance. The cold-start study and ablation study validates

the effectiveness of alleviating the cold-start problem and rationality of hypergraph modeling.
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Douban 2831 22129 606 467 0.97% 35624
Epinions | 15064 | 23575 356 959 0.10% 285 659

4.2 XLEFESENIER

T U PR 7 VR R DU, A SRR 2 2
MHER L 2Bl At SRR Bk 2 AN TR
o WY SR ) HE R

(1) BPR: — Ffr 28 L 1) DL - S8ip AP A HE e 417 5
RS LI R R0 P A s s R Al
JP AR

(2)SBPR: —Filt A 205 & Y DL A HE P
EFE RS M EC I UL i, P 2 O A T
(BRI e iy i

(3)IF-BPR: —Ffi T i 2OC R MR A R AL &
PHEFEFIL . ST oo AR M BE ML R A B A4
T FHFER R .

(4)RSGAN : —Ffr B T~ 2F il =0T Bt I 28 i kb 25 477
TPk KSR AR 5 | I BEHLITEE JAS AT A

(5) LightGCN (Simplifying and Powering Graph Con-
volution Network for Recommendation ) : — 1 1 T |5 £ FH
AR R B30 LA T RS A DI ) e 0 A T 2 P

A5 AR S A HERERICR:

(6) SGL (Self-supervised Graph Learning for Recom-
mendation) : —FhEE TP [ W 2 2] AOHERESRD. R
JH A W2 ST SR TR RE , S A A P e

P HEAR : = DI TAHOCHE R PPN 545 B Precision
(Prec),Recall(Rec) ,F ;S FHIFAFEFREIMAP,NDCG.
4.3 BEEFMEREXTEE

AR 7 R W HERR 45 R 2R 2 B, o BG-Rec 7E
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%‘fﬁ(%ﬁj%LastFM*ﬂDoubanJ:E/J/ﬁ%;%(a—OS e I
%Eplmomiﬂz%;&a 0.1, @ MET LA BT

CU) B X 2 o = AN B 45 00 FT A VAN 45 b, 1R
BG-Rec BB B & T HALXT e s . BG-Rec RUFHETE

e SEFAMIXT RS2 A 25 AT 2.8490~5.49%.
2 BG-Rec MEMEXAMERELE
Dataset Metric BPR SBPR RSGAN IF-BPR LightGCN SGL BG-Rec Improve
Prec@10 0.042 6 0.087 0.0817 0.102 1 0.096 7 0.077 0.1050 2.84%
Rec@10 0.064 8 0.130 9 0.1224 0.1523 0.145 0.1157 0.1577 3.55%
LastFM F1@10 0.051 4 0.104 5 0.097 9 0.1222 0.116 0.092'5 0.126 1 3.19%
MAP@10 0.025 8 0.058 7 0.0545 0.070 1 0.064 5 0.052 6 0.072 6 3.57%
NDCG@10 0.060 2 0.1257 0.118 6 0.148 2 0.1383 0.113 4 0.1525 2.90%
Prec@10 0.123 6 0.158 8 0.173 0.1757 0.1257 0.146 2 0.1820 3.59%
Rec@10 0.041 3 0.055 4 0.057 5 0.058 3 0.047 6 0.048 4 0.061 5 5.49%
F1@10 0.061 9 0.0822 0.086 3 0.087 5 0.069 0.0727 0.0920 5.14%
Douban MAP@10 0.071 1 0.097 2 0.108 3 0.109 7 0.067 2 0.084 0.1151 4.92%
NDCG@10 0.140 8 0.1812 0.195 5 0.197 4 0.1378 0.162 1 0.205 4 4.05%
NDCG@10 0.140 8 0.1812 0.195 5 0.197 4 0.1378 0.162 1 0.205 4 4.05%
Prec@10 0.011 0.0145 0.018 6 0.0157 0.016 7 0.019 2 0.0200 4.17%
Rec@10 0.025 1 0.0309 0.041 5 0.034 2 0.036 9 0.042 4 0.044 0 3.77%
o F1@10 0.0153 0.019 7 0.025 7 0.021 5 0.023 0.026 4 0.027 5 4.17%
Epinions MAP@10 0.009 0.0122 0.016 6 0.015 1 0.014 8 0.018 6 0.019 1 2.69%
NDCG@10 0.019 4 0.0253 0.033 5 0.029 2 0.030 1 0.0359 0.037 3 3.90%
NDCG@10 0.019 4 0.0253 0.033 5 0.029 2 0.030 1 0.0359 0.037 3 3.90%
() A B OCH I SBPRTE BPR ALl EHERACR BRI SERROC R o 1 B Mgt n) R, $2 7 1 etk
FH/MEEERTE, XEHERE RGP BACREA 68 MM 7RG g8, X — s m sl P

4 5 TRl B, ) ORI 305G £ 19 RSGAN F1 IF-BPR 78
SBPR A4 B At | A R BE A 47 SCR B X 156 [+]
BF A . 2OC RN O R BB A RUR THIER R TERE

(3) AR SCHT 1 (A7 BG-Rec 76 = MU 45 11
HetAPERE e AE . BG-Rec Xt H HA B 1) — > 52 1R A 3
JEF T @W%ﬂfﬁﬁﬁﬁz‘ﬂ#ﬁﬁfﬂ@%%ﬂl‘%fﬁg
] A, Xt 22 B MixRandom 7 SR WS 45 & A B U R
ABRASC R IR G HAY , AT DU H R BRI A
MixRandom Jii#2E 5 W 14 75 BRAARE 18 158 7 fl 52 36 36E . 18
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EIEIN, BG-Rec-MURCRBHHRET , BIRIEAE)S , SR 5 2Rt
TR BRI R 1Y 84S K" 3R /& BG-Rec 1Y
S, BG-Rec P HEBH I & T BG-Rec. TEplnlonsJ:E/J%:z
5 LastFM Al Douban B8 AH L (32 i MR BRI A SC2T %
5. IR RES FH P SRR I A 8 KA 300
4.5 ABIARXE

PR B PE43E s /0 T 10 f P e 4748 05 sh
FUSC . R S ME 6, E = A B HE 4, SBPR,
RSGAN, IF-BPR HEZERCR AR T BPR , ixX 3R IH {2 0N
B o R A0 B TR THEFEVERE . BG-Rec MUMEFETENT
R AL T HADXT UL 3R] BG-Rec 7R X1
Je SR P A L R B AR ) B R R
BG-Rec U1 1 20087 BE e U A& OC R i 1 4504 7 i
P, FLAR 9 B XA A O 2 2045 90 112 2 903 44 T4
TEVERE , B TV e shln)
4.6 HBRILIE

S} 53 1 BG-Rec H I 1125 108 [ 7 4 1A B Y ) &
Fopk, DA X MixRandom Y 9 W A& BRAE , 50T DL R TH
S -

(1)BG-Rec: [A]H AL H 18 [ Fi-5-38 5]

(2)BG-Rec™*: BG-Rec 14 3% 18 Fﬁl,/\fi’iﬁli
ATBEALIEE .

Epinions
BPR
SBPR
RSGAN
0.04 + = IF-BPR
SGL
LightGCN
N BG-Rec
0.03 -
2
<)
153
< 0.02
0.01 - | ‘ ‘ \
0.00 |
Precision@10 Recall(/lo FIQ/IO MAP@IO NDCGQIO

5 A Ja s P EREE BEXT He(Epinions)

(3)BG Rec“/"H BG-Rec 1Y 138 5318 40 5 H 7 -4
st 3 P, 7R 3 P T R AL

F3FKH, *H %f T BG-Rec"® F1 BG-Rec"™", BG-Rec
I F5 | F5 a8 ] 5 30 L 2 AR AR
T T e e KOG R A B B O R A S
i 45 L W 2 — 7= AL AP AR . Rl
1 MixRandom Jiff 7 7R W& GE 4 44 A 7 18] 1 42 22, DA

BPR

0.16 - SBPR
RSGAN
0.14 4 W [F-BPR
SGL
LightGCN
0.12 4 B BG-Rec
0.10 o

Score
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BPR
SBPR
RSGAN
B JF-BPR
SGL
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N BG-Rec

0.08

0.07 o

0.05
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0.01 IJ |J
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Precision@10 Recall@10 Fl@10 MAP@10 NDCG@10 Precision@10 Recall@10 Fl@10 MAP@10 NDCG@10
(a) LastFM (b) Douban
El6 s HERETEREXS [
%3 BG-Rec 4 3IiH R #BE L@ E M IT L IR
Model Component Dataset Prec@10 Rec@10 F1@10 MAP@10 NDCG@10
LastFM 0.102 1 0.1523 0.1222 0.070 1 0.148 2
BG-Rec"" Graphy Douban 0.1757 0.058 3 0.087 5 0.109 7 0.1974
Epinions 0.0157 0.0342 0.0215 0.015 1 0.029 2
LastFM 0.1000 0.1509 0.1203 0.068 5 0.1445
BG-Rec"" Hypergraphy Douban 0.1527 0.0559 0.0819 0.0927 0.173 4
Epinions 0.0102 0.023 1 0.014 2 0.009 2 0.0186
Graph LastFM 0.1050 0.1577 0.126 1 0.0726 0.1525
BG-Rec Douban 0.1820 0.0615 0.0920 0.115 1 0.205 4
Hypergraphv Epinions 0.020 0 0.044 0 0.027 5 0.019 1 0.0373
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