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Recommendation System for Mobility Points of Interest
Based on GRU Neural Networks

SHI Yancui, ZHANG Chi
(College of Atrtificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: At present, the research on point of interest recommendation algorithm mainly focuses on the recommendation of
static points of interest. However, there is little research on the recommendation of mobile points of interest. In this article, a
composite neural network structure including three network modules is proposed to realize the recommendation of mobile
points of interest. The overall algorithm framework includes the gate recurrent unit (GRU) neural network expert module and
the gate network decision module. The gate recurrent unit neural network expert module is composed of two sub modules:
mode GRU and point GRU. The mode GRU module integrates the transfer learning strategy and is responsible for learning
the dynamic spatiotemporal modes in other data sets for mode prediction;the point GRU module integrates the contrast
learning strategy to expand the number of samples in the target training set and improve the generalization ability of the net-
work for point prediction; the gate network decision-making module is responsible for selecting the output of the correspond-
ing GRU module as the prediction result according to the form of input samples to realize the neural network expert decision-
making system. In this article we also propose a sample filtering algorithm combined with TrAdaBoost + expectation maxi-
mization (EM) . The algorithm can select credible and available samples from the expanded samples generated by the two
learning strategies for training mode GRU and point GRU modules. The experimental results show that, compared with

Markov model and Gaussian mixture model (GMM) methods, this method has strong generalization ability, can drive the
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neural network with small training sample set, and produces smaller prediction error and prediction error quantile.

Key words: mobile points of interest; dynamic space-time recommendation; transfer learning; contrast learning; gated

recurrent neurons
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Fig.1 Calculation process , data and sample processing
flow of the network
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196514 2010-07-24T13:45:06Z 53.364 8119 -2.272 346 583 3 145064
196514 2010-07-24T13:44:58Z 53.360 511 233 -2.276 369 017 1275991
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196514 2010-07-24T13:43:18Z 53.367 964 062 6 -2.279294 368 9 207763
196514 2010-07-24T13:41:10Z 53.364 905 -2.277 082 4 1042822
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Fig.4 Example of user check-in information
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Fig.5 Comparison results of short-term mobile points of
interest recommendation
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Tab.1 Error statistics of short-term mobile points of
interest recommendation km
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Fig. 6 Comparison results of mid-term mobile points of
interest recommendations
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Tab.2 Error statistics of mid-term mobile points of inter-

est recommendation km
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X LSS 45 SRR, FEfR DT R St 4 ni HE
TR [N, A SCHE H 9 1k BB AE [] Isp A 4350 Ll 2 )
TS FNIL AL 2% 2] MG LI, TEREA LIRS REORIE T
W45 J 00 A S AR e HLREAR A R 2% , Bk vERe it T
L JRA] AR + DBSCAN 59 D s iR A4 +
DBSCAN J5%.

4 & iF

ASC N RT RS Bl 60 i R A S Tl [l AT, 2
BT RSB A, S TG
SRR I R O 26 PN [m) RS 932 AL RE T, B T AEAS
() 1 B 2 > 5 W R BL SR e B AT T Rl A, R
MMD J5 ¥ FIA SCHE H ) TrAdaBoost + EM X
PR T2 uE , PRUE T AEA AT R AT HPE L 4
A —E: | RS2 A P 28 W 48 S5 F BESAR 4T Hi
TG IR & KPR G5 A THERE.

ASSCHE H B 52 5 28 I 248 T 2 ) 5 M B A HE ¢
R, FE G CEW B b it 5T v, BT DL AR i 2E )
TG SR Z ()25 2] SRS 1R L R W R 540 55

S0k :

[1] DIUKNIC G M,RICHTON R E. Geolocation and as-
sisted GPS[J]. IEEE Computer, 2001, 34(2) : 123-125.

[2] DEY A,HIGHTOWER J,DE LARA E,et al. Location-
based services[J]. IEEE Pervasive computing, 2010,
9(1) :396-402.

[3] ISINKAYE F O,FOLAJIMI Y O,0JOKOH B A. Rec-
ommendation systems: principles, methods and evalua-
tion[J]. Egyptian informatics journal, 2015, 16 (3) : 261-
273.

[4] #400, ERZ, 2RI, LTS RE S LR 24085 1
RS ). THREHLNIT, 2021, 41 (2) : 398-406.

[5]) EE ECE, T, %, FANZS iz %shxt
SRER B[], N R S, 2019,
40(5) : 1099-1106.

(6] Brmk, Kul. HradsR SBkiets Sy sene . ®ig
IR 2 AR S SN (0], UL RE (rp L 1
K224)) ,2020,42(8) : 119-128.

[7] MRaEEL A7 AL b T R B SR A T — b S
FOMESAY AT (D], HUIH : k2, 2020.

[8] JAHA, sk, FAEMS. HFr=sF B rscmmmm (],
Tl H AL, 2020, 33 (4) < 42-45.

[9] CLIFF A D,HAGGETT P,ORD J K, et al. Elements of
spatial structure[M]. Cambridge: Cambridge University
Press, 1975.

[10] MARTIN R L,OEPPEN J E. The identification of re-
gional forecasting models using space:time correlation
functions [J]. Transactions of the institute of British ge-
ographers, 1975, 66:95-118.

[11] CHERKASSKY V,MA Y. Practical selection of SVM

parameters and noise estimation for SVM regression [J].



c 62

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Neural networks, 2004, 17 (1) : 113-126.

ZHANG G P. Time series forecasting using a hybrid
ARIMA and neural network model[J]. Neurocomputing,
2003,50:159-175.

KRIZHEVSKY A,SUTSKEVER I,HINTON G E, et al.

ImageNet classification with deep convolutional neural

networks[J]. Communications of the ACM, 2017,
60 (6) : 84-90.
HE Z,CHOW C Y,ZHANG J D. STANN:a spatio-

temporal attentive neural network for traffic predic-
tion[J]. Institute of electrical and electronics engineering
access, 2018, 7:4795-4806.

Wsr T, 25, 3T SVD Hil ARIMA FOIT2S 55145
fFNTRIN (], LT AR, 2021, 47 (3) : 53-61.
TIE—. Ml ST RS R (], M R

#2,2020,36 (4) : 52-59.

TOBLER W R. A computer movie simulating urban
growth in the Detroit region[J]. Economic geography,
1970, 46: 234-240.

SALEEM M A,LEE Y K, LEE S. Dynamicity in social
trends towards trajectory based location recommenda-
tion[C]//ICOST.
Homes and Health Telematics. Berlin: Springer,2013:
86-93.

LI X, JIANG M, HONG H, et al. A time-aware personal-

ized point-of-interest recommendation via high-order ten-

International Conference on Smart

sor factorization[J]. ACM Transactions on information
systems, 2017,35(4) : 1-23.

GAO H, TANG J, LIU H. Exploring social-historical ties
on location-based social networks[EB/OL]. [2021-11-
23]. https://www.researchgate.net/publication/268348632
_Exploring_Social-Historical Ties on Location-Based

Social Networks.pdf.

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

AEHEAREEE H378 Foll

ZHAO K, CONG G, YUAN Q,et al. SAR:a sentiment-
aspect-region model for user preference analysis in geo-
tagged reviews[C]//IEEE. 2015 IEEE 31st International
Conference on Data Engineering. New York : IEEE,
2015:7113324.
YIN H,SUN Y, CUI B,et al. LCARS: a location-
content-aware recommender system[C]//ACM. Proceed-
ings of the 19 th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. Chicago:
ACM, 2013:221-229.
YIN H,CUI B,SUN Y,et al. LCARS:a spatial item
recommender system[J]. ACM Transactions on informa-
tion systems, 2014,32(3) : 1-37.
DEY R,SALEMT F M. Gate-variants of gated recurrent
unit (GRU) neural networks[C]/IEEE. 2017 IEEE 60th
International Midwest Symposium on Circuits and Sys-
tems (MWSCAS) . New York: IEEE, 2017 : 8053243.
B, XME, £F, % MEARRE T B E ] K
BIUNZRA L], B4, 2022, 33 (1) : 193-210.
KIS PR, ROCR, 5F. BT L 2 S AT AR
INBEA S (D). T EHLPT Y S R R, 2021, 58(12) -
2573-2584.
SUTHERLAND D J, TUNG H Y,STATHMANN H, et
al. Generative models and model criticism via optimized
maximum mean discrepancy[EB/OL]. [2021-11-23].
https://arxiv.org/pdf/1611.04488.pdf.
58 O, T, S BE TR LRI M 2%
S5 & IR S HE7E R 4 (JOL]. LA 1-10
[2021-11-23]. http://kns.cnki.net/kcms/detail/50.1075.
TP.20220223.1411.002.html.
K. geiteEh A E TR L. R RTOR
4k, 2009 (20) : 173-174.

RIEHIE: R

(L% 53 W)

[25]

[26]

[27]

MRS i, b B, SRR, 45 M3 A s 2 A S 2
THkEER ). AN S KR, 2022, 59 (3) : 617-
632.

R 5, S BUR B, 2. RS2 At 1], 3t
FHLBFIE S K R, 2020, 57 (1) : 136-144.

LECUN Y,BOTTOU L,BENGIO Y,et al. Gradient-
based learning applied to document recognition[J]. Pro-
ceedings of the IEEE, 1998, 86 (11) : 2278-2324.

[28]

[29]

NETZER Y, WANG T, COATES A, et al. Reading digits
in natural images with unsupervised feature learn-
ing[EB/OL]. [2021-11-01]. http://ufldl.stanford.edu/
housenumbers/nips 2011 _housenumbers.pdf.
KINGMA D P,BA J. Adam:a method for stochastic
optimization[EB/OL]. [2021-11-01]. https:/arxiv.org/
abs/1412.6980.

RIEHIE: R



