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Deep learning based social-aware location recommendation
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Abstract: With the development of location based social network, location recommendation, a typical
recommender system, plays a more and more significant role in addressing data overloading, enhancing
user engagement and improving platforms’ profit. Most existing researches on location recommendation are
based on matrix factorization, which cannot capture the complicated relation between users and locations.
In addition, in location based social network, social relation data is important for building user
demographics, and therefore it becomes a major concern that how to combine social relation data to help
improving recommendation quality. In this paper, a location recommendation approach based on deep
learning is studied. By designing two novel designs, a social-aware sampler and a social-enhanced
regularizer, the social information is integrated. Extensive experiments on two real-world datasets
demonstrate that the proposed methods can significantly improve the recommendation accuracy compared
with existing models.
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WAL IR EFIEE, HEEERS N Ubuntu 16.04.3, H 4 %7 Anaconda 2 Linux 4.3.1
Python 2.7. Sz86rpfdi FI IR 2% S HESE .y TensorFlow!™, JiR7 1.3.0. 4k, M XFFmBus®E, HE¥IFEE
Bt % 7 2/~ NVIDIA TitanX GPU #1 2 /> NVIDIA TitanXp GPU, IWFEK/NYH 16 G, Al , B2 X #3117
T cuda-8.0 FlHE TR B2 4% > 19 i # % cudnn-v5.1,
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Brightkite %4 4 "2 2 7 41 #% K 2% (Standford Network Analysis Project, SNAP)HF 5% 41 2\ FF 0 % 48 48 .
Brightkite 4 & —% LBSN k5 &by, H P Al LLiE ot 28 20k o =M T 0 07 8, -804 4 B i & 18 . Brightkite
Bl FE AL M 2008 4F 4 H = 2010 4 10 A AT A P Bk, B0 S PR A AR T R AT 4 B B A A e )
KAERAE; AP ARREWE . L, hRifkat s M4 81, SNAP #5416 Brightkite J5t4a %504k A3 )
(directed) iy [ A& 56 & Ak B854 Jo 19] (undirected) A9 T A5G &, Bl Brightkite 4 48 v T 7 18] #8910 A O 2 72 U5 HE A7
. Yelp i EMUEd Yelp X —M4ATMATH LBSN R 55 45 £k 7 7 32 0 i B0 0 P i 3% 1 28 JT RO S 4 o elp
BOPE AL & M 2009 4 4 H = 2017 45 12 H A )

o i - . % 1B S HE
HE, ##EEASHmg ., mxrEME. HoxE Tablel Statistics of two datasets
RV A P K RS EFORIEG R, ] dataset Brightiite____Velp
N . s N number of users 7703 13420
EF‘ ’ EHK?Q%Q%Z?EEPFHF IEﬂ H@Eﬂﬁﬂé%%%m H(J © number of users with social relation 7037 7352
Zad WAL HLS B Brightkite 8421 Yelp ¥4 number of locations 9084 9997
; RN — number of check-in records 464 405 201 349
HBEARGETH s BN 1 Pz sparsity of interaction matrix 0.66 0.15
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2 B IR Fa bR, 4000k -

1) HR@K: Hit Ratio(HR)PEM i P M S A2 HAE 9 1 A9k e 454 7, B Ground-Truth(GT)4E 4,
L2/ S IRTE T e A HEE LS P 1 top-K HfE g b 5 5 Kb . HR 3 A R .
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2) NDCG@K: Normalized Discounted Cumulative Gain(NDCG)i#k— % i I3t i s 78 e K b S e 47 5 = vp
P HEF O B . W SRR SRR, IEWIE AR B, W) NDCG ¥ #5; 0], NDCG &%, hFHEMN A
W =X 52 45t B HE 72 1) 8, NDCG 322 AT LA ik
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®)

214 LR BHBE
Sy FF A SCHR Y 2 A DRCF-Social #&8 (¥) #E7E R RE , R L vERE A (baseline) fU #5 4% NeuMF # %I 1 DRCF
BERL L T NeuMF 45575 £ 25 % S 56 iF W 0k B W38 1 7 A A% 45 10 35 T 48 M 0 i R B 8, 4 BPRIBL e AL S,
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5.1%71 3.7%; 4 A H({H ¥ 0.001 W}, DRCF-SoReg H&7If ¥k fig vk o4 o DRCF-SoRegauith 1001
2 M AHUE N 0.01 BF, DRCF-SoReg # M 1) HR@10 M:fEdEiE T —s— DRCF-SoReg-with /=0.001
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