Journal of Computer Applications ISSN 1001-9081 2019-05-10
H IR A, 2019, 39(5): 1261 - 1268 CODEN JYIIDU http: //www. joca. cn

W EHS :1001-9081(2019)05-1261-08 DOI:10. 11772/j. issn. 1001-9081. 2018102084

MEHZMENEGRATRHNBRIER

BKIR, R
(JERLRS: HEREEE, 1M 510006)
( * TWIEVEE B T4 chengjuzhen@ 126. com)

B B ATREORTMS(IBSN)EHLR, FRT K FMEE(POD) £I5, it T XA ERFNFL, 4
KR P 3R BB AR S T3 R A A B B AR A LR B AR R K R, 1B A LR BRI AR A T AR R R
BRBEE T —A R IR A BAR A4 354 SR H T ok (SVPOL) o #5b 4 %A S50 5 4T 3 b2
18 AR BB RS A HEIE B BT 4R 5428 A AR &AM R MRS BT e O LES B, H
HATH R PR EIRSES, L RA A VCGCL6 KB KA 22 M 4454 (DCNN) 17 5] 2648 & B Z A 5, B 268 5
BB ARIEE, REREBERENARMBZE MER P ATER, RE,F A EERS M (PME) A g
SR PSR EFENIEE B NAEE A AR, MR SVPOL 34 S AR A RSB EHREN R KEH
AEHEE LG EBER LAY, 5 PMF SoRec, TrustMF \ TrustSVD 3 % H ik A6 b, SVPOL 3¢ 5 69 #5 B3 A R X34,
HP-34 %512 £ (MAE) Ao 3 5 # 3% £ (RMSE) # 20 45 4% Yo R AL 69 TrustMF Fok 55 48T 5.5% #= 7. 82% , £ 9
SVPOI A A #3F e # R

EKER AR EATEIGALML BRAS; RELARPER S  BEF 4% 5 2R

hE 45 #EES TP18 NkEREE A
Point-of-interest recommendation integrating social netw % image contents

SHAO Changcheng ™, CHEN Pinghua
(School of Computers, Guangdong University of Technology, Guang@ngdong 51000, China)
rgv.

Abstract: The rapid growth of Location-Based Social Networks (LBS@ 1des a vast amount of Point-of-Interest ( POI)
data, which facilitates the research of POI recommendation. To }olve @w
at’

nformation such as tags, geography, socialization,

ecommendation accuracy caused by the extreme
sparseness of user-POI matrix and the lack of POI features, by 1
score, and image information of POI, a POI recommendation met integrating social networks and image contents called
SVPOI was proposed. Firstly, with the analysis of PQ

distribution and a tag factor was constructed based on

tasgly a distance factor was constructed based on power law

quency, and the existing historical score data was merged to
construct a new user-POl matrix. Secondly, VG Convolutional Neural Network ( DCNN) was used to process the
trix. Thirdly, the user social matrix was constructed according to the
ith the use of Probabilistic Matrix Factorization ( PMF) model, the POI

recommendation list was obtained with the integration of user-POI matrix, image content matrix and user social matrix. On

images of POI to construct the POI image co
social network information of POI data. Finally,

real-world datasets, the accuracy of SVPOI is improved significantly compared to PMF, SoRec ( Social Recommendation using
probabilistic matrix factorization), TrustMF ( Social Collaborative Filtering by Trust) and TrustSVD ( Social Collaborative
Filtering by Trust with SVD) while Mean Absolute Error ( MAE) and Root-Mean-Square Error ( RMSE) of SVPOI are
decreased by 5.5% and 7. 82% respectively compared to those of TrustMF which was the best of the comparison methods.
The experimental results demonstrate the recommendation effectiveness of the proposed method.

Key words: point-of-interest recommendation; Location-Based Social Network ( LBSN); image content; Deep
Convolutional Neural Network ( DCNN); Probabilistic Matrix Factorization ( PMF) model
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Fig. 1 POI recommendation framework of SVPOI model
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Fig.4 Regional thermodynamic diagrams of sign-in records in Yelp dataset
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R, BT iE S s, A G LD T 20 SIS &5 Fm %ﬁ%{ﬁﬁ%ﬂ?&f 5.10, FE N4 &t Bl R
F, 0 g H A POLE /D35 B 1 [ 209K o 41, 42 S0iR 20% 50% % KB T W) MAE 71 RMSE {85,
R2 HiREST
Tab. 2 Data?t stafistic:
EAEIE S ArEeE  ENBE #HeXiR¥E 2 HBERifkE SEEE et i) 85 B
Yelp 416478 3056146 5819453 749 180621 1240 2004-10 — 2017-07
Yelp /NECIR A 1000 5310 92244 69875 1240 2005-07 — 2017-07
1.6
1.4
1.2
Zos|
g0
0.2|
0.0 3
99 80 50 20 99 80 50 20
MGE L/ % PIZE L /%
(a) FHIELEE N5 & HIEMAESH (b) L4 BN 10,8 FIEMAEH [ TrustMF
2.0 E= TrustSVD
1.8 [ SVPOI
1.6 — Zi&(sVPoD
1.4‘ ...
m 1.2 i
Si0} <
~ 0.8} ~
0.6 |
0.4 |
0.2 |
0.0
99 30 50 20 99 30 50 20
INGREE &5 H/ % P&t/ %
(c) AL 4 B 45, % H - RMSEfH (d) BHE4E RS R10, B EIERMSER

B5 KEWEET 5 fE K MAE,RMSE L5
Fig. 5 MAE & RMSE comparison of five approaches under large dataset

MBI 5(a),5(b) AT LIA B, TR AELEBE 50 500 5,10

it , 7€ 80% W ZR BB L M 1B 5L T, SVPOI #) MAE B ( MAE


http://www.joca.cn

£58

BRI« B AR R 2 e B N A S0 B AR 1267

@5=0.864, MAE@ 10 =0. 866 ) FHXT T H-Ath PUFF & 5 vp
B8 TrustMF ( MAE@ 5 =0. 883, MAE@ 10 =0.909) 43 5132 7+
2.15% ,4.73% WS BE s B 5 () ,5(d) AT t, FERFAE 4
BESHIBL S, 10, 75 5 Lt 80% i Y 2k 5 1Y% LT, SVPOL 1y
RMSE {& ( RMSE@5 =1.096, RMSE@ 10 =1. 094 ) #H%} FFH Ak
B R TrustMF (RMSE@ 5 = 1. 144, RMSE@ 10 =
1.174) 5y 54T+ 4.20% ,6. 81% HINERE. M, A &tk
(SVPOL) Fr&eit vl LA B, BEE Y GREc 45 1) o5 Hissg ok, Hoofe
iRt EFH BAOR R , SVPOL BAT S B A2 AR 3, 1L
FAb U LA o
3 BRTHENBEIEE - LR 10,80% I 25

KRS T B9 MAE #1 RMSE MBUEF L. WRHATLIES /b
HIET ,SVPOL F 548 A B L1 MAE {H71 RMSE {&
(MAE@ 10 = 0. 187, RMSE@ 10 = 0. 497) , ] k. TrustSVD
(MAE@10=0.943, RMSE@ 10 =1. 189) }5 & - 517 80. 16%
#158.2% BTt

R3 NEIREET FELER 10 HEEFFNER

Tab. 3 Metric comparison of different algorithms with

feature dimension of 10 under small dataset

PEMFE IR PMF SoRec  TrustMF TrustSVD  SVPOI
MAE@ 10 2.525 1.358 0.971 0.943 0.187
RMSE@ 10 2.827 1.614 1.297 1.189 0.497

3.2.2 BAEK
P BBAER FESPORHINE 4 Fin. RRHSH
SRR AR T AW, AR SGHET T KB, iR
FE BT LSRR T R RBCERRT
R4 BEEERNEIETSHNE

Tab. 4 Primary parameters of different algorithms

=878 Ay Ay Az Ap Ac
N b
SVPOI 0.001 0.001 0.0005 0.0005 10 “ -1
PMF 0.010 0.010 — — — — —
SoRec 0.001 0.001 0.0100 — 10 — —
TrustMF  0.001 0.001 1.0000 — — — —
TrustSVD  0.010 0.010 0.0100 — — — —

MRS PR, LR TENL3 PEEBFRZNFHE NS, Y
b = - 1B},a BUNRI{ER #) MAE F1 RMSE #7354k, S2H=
ZiRFW AL SVPOL T, Y b = - 1,0 BUEN 10 B, 453 11
BT RHEREROR .

%£5 3X(3)H a BER SVPOI iy MAE #1 RMSE & HI 25

Tab. 5 Impact of parameter @ in formula(3) on
MAE & RMSE values of SVPOI
~ a B
i 1000 100 10 1
MAE@10 3.779 0.332 0.185 0.201
RMSE@ 10 9.800 0.824 0.491 0.549

TE R AR BOI R P, A SCREAA T VG616 WEH
FME M BIAL, VCG16 2 —MERMAE MR, T
“RIAEE B U B R E BB B RIAE ImageNet

' gence, 2017, 39(8):

(http://www. image-net. org/) F ik F] 92. 7% &Y top-5 MiXNE
£ ,ImageNet ZJ& T 1000 1~251 1400 751~ & W B4 .
A SCEBAIH ImageNet KllZk VCC16 A S, EXFIR
FHITRMR

4 i

b=

ASCRE T — M IR N A REA BT
BRI ——SVPOL & F A Bt M4 b A BRI R, A
FowsE THFESEE EVEGR RESRER A
PR AR RGBS, AR R 1 EIR R G
PAB MG R FFAE SRR B RIRE . S THIE R SVPOT B2 AL i3
P, AT A SER RS LT T R E R SE8, TEHfE R
¥ BEJ7 T XS SVPOL HEAT T PFAG , 45 5 R B SVPOL Wy HEZ MG
SIMERREMILAE BRI Rkt PSR &N
7, B T AR — P R 25, TR R MR e 7R
AIPERE
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