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XIONG Xu-dong' ,DU Sheng-dong''*? , XIA Wan-jun' and LI Tian-rui'***
1 School of Information Science and Technology,Southwest Jiaotong University, Chengdu 611756, China
2 Institute of Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756 ,China

3 National Engineering Laboratory of Integrated Transportation Big Data Application Technology,Chengdu 611756, China

Abstract With the rapid development of data-driven intelligent technology, personalized intelligent recommendation algorithms
and related applications become research hotspots. Recommendation can be regarded as a matching problem between users and
items. As the semantic gap between users and items,it’s inconvenient to match them directly. Many existing recommendation
methods based on deep learning use the idea of mapping entities from different spaces into a unified semantic space to calculate
the matching degree by embedding representation. With the emergence of network representation learning, the bipartite graph can
be formed between users and items and the embedding representation in the recommendation algorithm can also be regarded as
nodes representation in bipartite graph. Many recommendation algorithms based on bipartite graph nodes representation have
been proposed. However, existing algorithms are still hard to extract high-order interactive information effectively. To solve this
problem.a bipartite graph convolution representation-based recommendation algorithm(BGCRRA) is developed in this paper. In-
teractions between users and items are regarded as a bipartite graph at first,nodes are represented by adaptively fusing multi-or-
der and multi-level graphs secondly,and finally the matching degree of users and items is calculated and the recommendation is
realized. Comparative experiments are carried out on 3 open datasets and the effectiveness of the proposed algorithm is verified by
comparing HR and NDCG (Normalized Discounted Cumulative Gain) indexes of our algorithm and the state-of-the-art algo-
rithms.

Keywords Recommendation algorithms, Embedding methods,Graph convolution, Bipartite graph

| oas T G 1= B 1 2% (Information Overload) B4 0] 80, /£ 48 49 {5 B &
= BB AR I % — 2 OS2, P AP AL 1 g — Fi
TERBCE AR L 5T 90 FP A B0 2 1 s KR AU HeAb s %8 2 WR 3 I B A T il 2 40 L A A4S R

F K5 H 1 :2020-04-07  3RE H#:2020-09-20 A SCEIMATFF R COSID) L i H L7 Z4ei% 3K BURh e 45 ..
F4TH . ERKESNE TR (2017YFB1401400)

This work was supported by the National Key R&.D Program of China(2017YFB1401400).

S AEEF 22 Ko (rli@switu. edu. en)



fETRZR 45 36 T 0 KB BRROR B 12 5 1k

79

HLR A (U050 25 L T B L 2 Amazon 28) 4 32 46 37 & (4
s TR AR Twitter %) BT M 4267 & (N4 H Sk 4 — %
il .GroupLens %),

i FE 8 R FHBEA R, 2 20 e s B L 6 B 4R 3
Y s AE B A At A2 . 1 W1 JE PR3k K % GroupLens fiff
S L0 4R H 3 P IR 3 ik i PR AR AR R R R B I R AR S —
P R B HEFE R AR B N T A R AR AR AR R
3k R RN 2 TR 38 AR SR T VA e 4 LA
PRATHERED) . HERE R GoHh 5 A 22 D) A 38 EL I AR T DA
EER—M R, A 1 Fia, T 20K B, Zhou
O T BT AR A M S A o A HERE RS KR
AR H A% G5 0 P [ 3 08 B0k B o e R AR . )R L B
TR W R ORI B AL S B T A R R LR Ak Rk ok 4R
5, Zhou F5EETE B T B[R] 3 38wl bk R SRy T A R B — R
Fefl e TR T 0 B AR A 3k .

1 JAP Y = EOR i

Fig. 1 Bipartite graph of users and items-!!]

B % B E %7 2] (Deep Learning) BRI P & i€, 5k T I
BE AR 2 255 1) ki VA BB 22 4R 0 L o TR A B S A
FEA SR BUE B RE S N THEFF SR B M A, B
28 W 2% (Convolutional Neural Networks, CNN) #% 72 W JH
TG A P8 18 SO BT WL A B A A, LB A 2% 45 AH
PVl AR T o (R SN DR S AR
(Graph Convolutional Network, GCN) #{ 4 7, i F1£ 4
e F T o R AR B 1 AT S BRSO R AR T B A
TR 2% i 1 H2 N — 43 IET i 2 IO P RV b 09 32 HL AR S, 7 3
FH PRI i 04 i A 35 2R TR HEAT R RE DR C L DAL O BT A R 4%
Bz N THEE R G

AT 1 T 1 A BRI 7 B vk R R0 4 TR I 8% 114 R L AT
FEME LAXT i B 38 B AE B R AT A RO SRy ) Y PR AR S
P T — R R T 2 B RS 14 1 5 BGCRRAL T
MRS L ERIER RN AR 2N 2R RNER
PEAE, LIS 20 P A A A R I 153 G I E L 58
MedE . ASCH EZETTRAN T DA T GON L 50 iy #
W43 3B S B 2, IR R Bl 28 0 268 ok S 3 5 2) TEHEAT HR A
FIKWS, FIE B A T 5 Y6 2 )0 B B E S L 5 3) 3
ZE WA AR SR A R T B9 A8 J1 5 4) 7 Last-
FM'7! MovieLens-1m"" " Fil Pinterest''® 35X 3 4~/ FF % #5845
R HEAT X H SR S AR 45 R IR AIE T BT SR AT R A A RO

2 MXIE

2.1 BEFREFINEZFEE
204 T R 2 2T PR B R e b 8 I 2% ke 2 )
FHP Ry i 0 i A 3R 35, T 47 DC FC Al ) AR A 4 A

B2 TR, 3T UR B 2 00 Ak 38 B A S L B 9 F 5T
T

(ORI P& A B RS B R IRIS A i A
FR. U0 Elkahky %0 % 3 T £ G0 HE 12 Rk
A Xk LA K B0 ) R S 3 40 M R P AT R R AE L 4R T — R
FH 22 00 £ B TR BE 4 42 I 45 455 8 (MLulti- View Deep Neural Net-
work, MVDNN) 3 3K BUF P i A 3 7R I 0 47 DG it 4 12 14 3
. Covington FP " FAMA P FEE B RERELERWE
BLEB T —F T 8 AR R T YouTube ¥L59 He 77 HY %
JE 25 X 5 AR, Xu R0V 43 B3 3 FH P AR 28 R H A X 2 4
HE VA 23 1] 6 78 K P2 2L HEFE . Cheng 5122 MRS JH P 45 4iF A
HFRRHIE , 45 G LR BRI IR R R 42 1 T F i A RN 1Y
Wide& Deep HEFERE A,

C2) P A i 0 58 B4R BOR R B A i A Rom
0 Xue 52 V4R T A 22 2 B0 ML R AR RS 1% 400 B4 43 fige LA
RS HAF B, Bk 1 A5 5 0 R AR B DMF, He
S 2017 ARHR TS5 G A M Ay A AN 2 2B HLAS B i A
FIRH) NeuMF , Xue S T30 i 58 B45 BOR A 21 4 &
T 4% 28 P Y DeepICF 559, Deng 4507 #1158
3 45 A A8 HLAF B3R 7R T T 6R B2 > o 4T 3 72 19 DeepCF
Bk

Users’” Embedding
M Match&Recommend
Items’ Embedding
Items

P 2 T R 2 T A HE AR 0 5 M o 2

Fig. 2 Structure of recommendation model based on deep learning
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* 1 BEELT

Table 1 Statistics of datasets
Dataset Lastfm Movielens-1m Pinterest
Users 1740 6040 9916
Ttems 2665 3706 55187
Ratings 69149 1000209 1500809
Sparsity 0. 9851 0.9553 0.9973
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Table 2 Experimental results with only interactive information

included

Dataset Lastfm MovieLens-1m Pinterest

Method HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
eALS  0.8268 0.5201 0.6906 0.4195 0.8659 0.5429
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Table 3 Comparisons of experimental results on Moviel.ens-1m

dataset with and without features

Movielens-1m Movielens-1m

casures without features with features
HR@10 0.7249 0.7336
NDCG@10 0.4313 0.4410
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Fig.4 Experimental results for exploring negative sample ratio
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Fig.5 Experimental results for exploring graph convolution orders
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