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Abstract

This paper uses the check-in data and the user’s social relationship in the location based social
networks (LBSN) to carry out the research on the successive point-of-interests recommendation.
Firstly, this paper uses the non-negative matrix decomposition technique to model users’ implicit
and explicit social information and transform the social network graph into a low-dimensional
feature vector. Secondly, by improving the LSTM model, this paper proposes a successive
point-of-interest recommendation SLSTM that merges social information, which shares the graph
vertex vector trained by the non-negative matrix decomposition technique and realizes the effec-
tive fusion of graph structure data and check-in sequence data. The experimental results show
that the SLSTM model improves the performance of the Recall@10 metric by 17% and 15.2% over
the SERM model on the Gowalla and BrightKite dataset respectively. Location-based social net-
works contain rich contextual information. This paper only focuses on the impact of social infor-
mation on recommendation results. The implicit social relationships have an important influence
on their behavioral preferences in location-based social networks. Successive point-of-interest
recommendation model with explicit and implicit social information performs better than other
recommendation algorithms.
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1. 5|8

Ak, BEEBIEMBIARNE ), TEELEZMGNHGIN TALBERS, FEIAZ M 2% 5 5
SHER A B K, P R R 3 O ) O R AT 4T R 8RR Bl (check-in),  AH 7347 B 4L AS 4%
(Location-based social network, LBSN)u# % fB[1], 40 Yelp. . XM, SUEFEN, M5 ez
RAMGK, Wb, W5, BITSE, KREMGEEWARHPAE, HA TR PR k8. 0%
MAEFE R EAE, RS T H P RN R, nT DA B P PR BSOS B A &, sk P ek
IfA], 52 305 P E A

PSE R N Ria 3 BT ZIR R S FERS TR b, P U5 0] O ER RAEE Se E T s AEAS A B, H
JAY7 1] () D6 AR I T R R o T4 MR SRR 5T R 2 20 1 P 2 B0 1) e S A 2 1
WG HR I 130 FH B R HE T I — AN A ) I 2 MR S HE T (successive POI recommendation) [2], %5
I [A]RE S MERRAE B I 2 P A U T2 i e, B H IR AL EN N, W24 A - 1 s 2%
s DA AR A B S, B R — AN v RE U7 in] 1t A o

LD X P A A KRR EENMHMME. — T, TS, S
RAEFE RN PR T — A0l BB G i, I Rtkss, 545 B R n S B A Rk k. —T7
M, M TEEME, SO HEE T U IR R KBRS, AR DMl R 8 sy, ik
25 SRE W R BUE T IR AT, A BT R K AR R S AT R U
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BT BN R—MEEH P SR P ZERER. AP SMEBRZ KR MEBa5MEBRZ
MR RIVE R RN, SEGHEEAT S AL, BGOSR AR — S8 1 1) .

1) BAEMEGTE . T B AL 2% 25 BB 2 — PR B s, fE— e R XN, BT
FAANZERTE T A PRV AN IR R i v, P A8 BB a2t AL G4 2R e I B8 (D 5 45 07 70 5
)R b o

2) FETALEAAZ A I s iR, R TAEAE B, K2 HOGER P B EE, |/
MR RR, MR T HPRELRZER, WAL R, EHLFEZER T2 HEE RGBS I
Srp, H PR R A AE BT AR, KEERE (S BERE TR SR, F 0 S
AE B ATRR AL S — SRR TS, RN RRIR AT SRS AR R R . Rk, FEMHATIESD R s iR,
it BRI LR 78 2 R P R A R R A A R &, @R P A28 S BT A A, PR
I SR FRA B

FETF UL, ASCEEH T Rl B R R A S AE B E S S HE R . AR SO TR A
T

1) FIHAEGHEFE AR, Sl I NS K008 F P B A R PR R 28 O & B e A0 R4t
P ) B, SRARACE AR B Pk ) R

2) K LSTM ZEtdkaT oieash, Mg 7 e Bt Bk 52 05 B S 4 B i 77 A R SLSTM.
R ST TR 1T A AN SRR 224 1 o 22 0 8 R b — B 20 (R B RS s, 3B BN 24 /i
iR & = SN il R S i Bu e | 5B e g 7 i B [N TS TN T == e 5 T Sy AR € IR
J7 5 0 2R

3) fH I ESZH) LBSN &R 44 : Gowalla A1 BrightKite, #E47S236 1P SLSTM HIHEFETERE, S2ih
S5 R SLSTM A T It Sl i3 ()3 B2 0 0 m M AE A

2. HFEELR SR ORISR
2.1. EEMB LS

SRR R HEAF ELER A IR B A, N P HERE T — AT BRI SR H 2 . Chen Cheng [3]
FE N E AN S R M R SR — N, A3 B R BB ARG F P (U5 P A1 R . Jing He 28 A [416 5
IRFFREEAS I 556 R o iR R AR 45 G R, R R =W ol 2R B SRR IRE s P 28 30 67 B 1 7 15 . SR
1M IR T VEAFAE— E ahbE, BRI B R P AR U I R 5 ., TS ME B E R Bsid, MY
W T B VT ) M 5, SE A2 3 7 s B SR . Liu 22 A[S1HR I T —FP3E T 2 B 5 R w] AR (135
SRR SRR S, VR T A O BRI B B PR AN R R A, IR A E )
G A5 110 T B B v R (] AT B 4 B Bk

A 5 R K B R 1 S DGR S HE 0. Zheng 55 A [6] R FHIK & AL, TR P
SRAEFIME SR, WIEH P - ALE - WarikE, DGR SHERESE R . Zhao SEN[7]56 AHRH T B2
TEEHE PR (STELLAR), IZA RN SE T ik B0 RAE LS, XHEL DS S AT @A, IR T 2 31%
M2, {HZ STELLAR A8 H O 1 —AUES M ST, AR BEXTH P 3R 25 31 7 51 455

AR, JEIAREE WX ZSTE T FI A TP S T BRI RN, DRI K 22 B0 3 1 L T 4 i i 42
Qiang Liu %5 A\[8]32H T W 2GR W 25 (ST-RNN), - 35 T Hsf [1) . B2 1 2 ) R B T9X) 4% (4] s — J2 0t JRg 3 i 1]
NS () AL o AE SR OGP 22 IR 2% A7 LE M6 FE T 2R R R, O T 2 9] B, Zhao 55 AN[9]3 H T —/MET LSTM
AR ——ST-LSTM, IZAR ALK B[R] T TRIEE 231 15] N LSTM e, FH DU $0% 8248 31 fUI B 2545
HoLiZE A0 T — MR KR TMCA, 2T LSTM ¥t 45 - it (Encoder-Decoder) [11]
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HESR, 25 EHIERN I TR E N B RoR, FERHRASAR LA G— 5k m & B R SCE B T IES
HEH

22. ETHIEBHONBRIEF

LBSN {5215 B 5 & 7 AT S, 7T DL i A gt i B, RGP 22 2 2 R A 524
PR S HERE HORGRE12] [13]. AL T S AR, TH5 R 7 Z 18 BOARAUEE A Bk )
RLPETTIRREAT M MR AT HERE[14] [15] [16] 0 A BTN GO A SIS B 93k T B 0 fff 7K 2 70 P I D0 150
BE R . RS N[17]5E T — Pk T AR [RS8 [ A HER RPE——CSCR, BRI R T AR %
2 Ptk R RN A R A IE WAL 2R Gao 55 A\ [18]45 B OGHA: T 2 BB vh i Ba AL 22 5 i ik
AT T, B 3 T v A ) R A o ) S R R R (S VR, TN P 7 2 AV S A AR A8, Vv —Ff
WEE TR HE B, [FDR B AR RV AL (5 AEE BN TR 55 A [19)5 T B A7 & P g A
P A AL 8 R b, $EH 7 — FEE A MFDR, B TR RS0 SR A - Ok RFERE, 4 AEAC K
R S REAT AR . LR T AR AR Ak 58 5% R A D T R 20 8 s SR ) AR A B T AR A1
TN TR A, XA T IEALSCR AL S 58 R A G B S AT MR T, BOA R R A AE B IE R
AR R A

3. BB SESR
3.1, PGB R EE o E A

N U R AR AR SCRT R Y B S R s HERR B, AR ST M S RO B R 5 b, IS
H T S0 M A 7 ) PR 7 S

LU ={u,uy,uy,uy, ) NP IES, M ARERFEE. P={y,p.,0 vy AERIES,
NREXGB SR, a0 S A WA B M ID IR 2 2 AR

EX 1 ZFd: FHTE LBSN i 3he gt r 1 — A =008 (u,3,t) £, FoRH P u 1E ¢ B 21005
)T 2 Y.

SEX 2 P u P RERFS: AP TESERNCRIVES R, ={r.n.n, 5} Holn R
Fu AE T2 il 5%

SE S 3 ASFINF ] ASCEZEHZEHFEREE, —MEE—RKR5N 24 AN, —Fodk— &
SPRTAEHRIETAER, 0oRELIEH, 1 RERIELIEH, HFS 7 FoR.

BN 4 HASR R N T KRR A A E A B RS BRI 3 BTN, ARS8 LT — MK
RIPEF e N MFRA PSR BARERD 3.1 35K,

AL AR5 B B e 1 R

Table 1. Key symbols and definitions
F 1. XBHSREX

5 i eX
u,,U,P RPN, TIPSR, S
M,N PP, SR
L SEINI, SEI LR
r=(u.y.1) EF)ILR
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Continued
R ={r,nr,n,n) P u 7 22 251
At,Ag Wz, PR

F FAE R R
E, #HAE % RS AE KRR
H, 28 SR RRHE I RBUERE
e, RS SR ZRAFAE B A
d, FAE R AL B A B 44
n HAZRFR BT

3.2. BT EGERES BRI ZEEERE

D VA sl S D o S W A B W N T PO ~43 3 el L R R P N - 2 TN
LW 2T AT ACHERE R X088 i, TP AR B BB i 2 s P R BT e 5y — T, A EAR
BB VYRR RN B S I 2% T 0BT OAE S I 4%, AE R AR 2 K. filtn, A EA R
MR YiIE TR —AT7, ST A T A — A B, T H A SRR R R R B, A AT
GFAEBL, A2 AhAT AR T BEAB ORI A SR RAR B AL S O AR . Rt SN A 2%
. AR R HAR D, B FE AR HERE R, ISR 1 A v R 2 el
I G AFBIEA IR, W AR AR BIH D, AN A G R B Z A IO HERE . BE Tk, AR
M AR RE WA, KRB E F P B AN R A 52 o0 2R B R A AR LR 2 1) B, DA T S 0 i
PR

Rt RZ R &
—— — - BEMRA

Figure 1. Social network diagram

1. #3ZMLEE

1) Ha 2 e A £ MR A

MRS (5 BRI, RS SE MU A — LS F e NV, M OB st AL B ScRE, OF
A A RN 0. BIFEEE £, HHOEIR()FTR, F BRI fITE R A N, R U
IR AN FEREIARTER £, PR SLIAT R, S 1 SR RN, R A SRt
SRRWE, =N, N FRRP 5 ARG A A S S P B R R
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W g =N, 4y SR NIERS, R BRI T, B, T RN A R B
= BB R
N,i=j
Sy = AN, i# JEIS R B R (1)
Ny i % jHI S AR R

2) ARG SRR iR

FE /AT, ARSCR P AR S R 2% B ROV AR AR RE O T30, i TR R P I P S 22, Wi
(RIRS AEAE FE RS ARG B, BT AR (R AE AR P30 A R B AR RS AR T, 5 0 il i AT
e LER B ATRFAE AL AR SRR , AR SOR AR S R 0 AR R [20] 5 RS ST E AT RAIE AR B (45 AE R

2 SCSR AR S R 5 77 0 JEL R R 4 52 155 LR L L F e N A3 Rl — N SESERE E, e R A0
—ANRJUEREH, e R, WRQ)FTR, Hbd, < M o FSUT R A (5 BRI A M 3 MG
FORFAE A B2 A, 5 o] P RAIEAS S AR AR AR 2 1) T B T BRIA o MR A 19 BURVIRBRIERE £, FONJR6 %S
TR R ) AR, R R v A — AT 3O L — AN P AR S5 AR RO T FE 2R A ) T B 1
T d, <M, AT ASEBLRT AR HE X B4R AL

F~E.H, )

ARSERE I A R BE 23R AR RAE I ADUE A SO P 2 T R B 10 90 2 DLJE S e oA Bk 4
WG, ZEEILERE E H, ARG F 218 A BLEE .

o0,(1- o.(1-
O R R R Loy p 2oy e
s

Forh, E, e R JEatih il BAFE R AR A BINIERE, H, e R RABUEN, d, R E, T
PRI, |||, TR VR SR, || R LR, o, NIEMILBE, p, A L ENL AT
WAL L. JERERE B, AR BORME 1, I BEHLBRRE T AT AR

A GURE R ST DU (X 450 B O AERE AT TS, AT 28 A P 1 e A 2t 2 £
SOHSE, FE2% SITEREAE 21 F IR AR . A SRR, P fERRE
5 £, et AT R SR LR, R R RR e

3.3. EF LSTM BYELELB o HEFERT

TR, JEPA#H 28 9 2% (Recurrent Neural Network, RNN)ZE RS 773 47 i) 8 _FHUAS TR KB EGEN[21]. A
SCREE TR S DR m HEFE 1), T Az B AL S X 2% B e NSRS Bl AT g, BRI AESEAN I 215
] 7 AR R, B AR SR I A PP AR AN S A PR A, DRI AR S5 R IS PR A 22 10X 2% 1EAT S B 0 1
HERE, LG S5 RN R 1 25 B 7 AT A AT LA RAR MR B P A AE . (EE P RS 2 7 41 R
FE4E 1) RNN 25823 HIUBRFEV 2%, ik AL B O [n) . K J ) i 4Z 52 7G(Long Short-Term Memory,
LSTM) [22]52 Jyfifffe RNN 6 7 2% il FUSR L 1 o ASSCIE I 4 Ji& — ) LSTM BS54, KA A2 5 B RN
F| LSTM Kl 1345k, $RH 1 —FhRha e A B A4 525 B S S 7 B (Long Short-Term
Memory with Social Information, SLSTM).

1) Bk LSTM A&7

Rl B PR R A A A5 R S R A AT SLSTM P A e I <] 2 7R #E SLSTM #5i 7
o, LRI BRI L 1T A B AN AR 2 I 220 B DN R R b — I 2 B B RR S B
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g, MiEHE

NS RTI Z1E b FSofs B, F AR AT B HOFR S BRI 1A £5 SR N e . A SO X, oo
MBI E RS B B, X, =[e,, 7,0 Ag ], B e, A 3.2 LT AE SUBRE SRS 5
R 20 6 RAAE B o 7 FE P 2E ¢ N 200 SR TR T ;AL o, 5 38 R A S0 1D F /N 0L J T
FERRAE T R, AL Ag FFANES S b KR N R A RBE R %, Hob, 25055105
NG, W AR 2R 0 . UK 4 ML AT RS, SAE LSTM o1, F
R A28 9 00 55 25 S5O A\ GE 10 B B RIS 0 B, SRS T R (S B I I S
A S0 A

|

5
o
2
.
>
[
o 2
o
=
>
ot
>
g
R

o

Figure 2. The basic frame work of SLSTM
[ 2. SLSTM HYEAHELR
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I
N re

Figure 3. Improved LSTM structure
B 3. BER) LSTM 4544

SLSTM BRI 1] 7, SR ) o, AT ] o, tH R s (4)-(6) s :

T, = sigmoid(W/h,_1 +U X, +V,y, +b_/.) 4)
7, =sigmoid (W, h,_,+U, X, +V,y, +b,) )
z, =sigmoid(W,h_, +U, X, +V,y, +b,) (6)
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B AR

Hrr, h FRoR E—BZIMBGECIRES, X, FOoR UETI ZIE) B RS, y, R SR ZID s R
8o AN 3 B, JESETT BRI 1R H 1) A AN B SCOOAR 3 4 AT INE ZI Ny, A0 E— I 2 B BEGBUIR S A,
PE, IMAEHIN 20 B FSEE X, o ST 7, Bl R R BUETERE DY (0,1) ) S kML 1L 2Rl
ZAOMPEBINEE: B8] o, e MRS, AR HIHAEE: Wit togidizgiif C,
WA R. WU,V WU,V WU, Y, BRSSO TR T RORCERERE, b, b, b, 72X R
s . O R sigmoid BRE, BUEVERIY (0,1), HHEAX (T FR:

1

sigmoid (x) = o (M

SLSTM 51 ¢ B ZI i ic 2 4n i C, AicAZ 4000 €, , 505 FEansR(8) M1(9) iR :
C, =tanh(W,h_ +U X, +V.y,+b,) ()
C =1,%C,+1,%C,_, 9)

Fof, @ FORE AR T, R AR R 5, b R BARRIR S By, R %)
() E RSO X SRR E. C R « M ST, FILMEAE ML K02, R LSTM 2%
LAY, U PR, AEHA R R T ¢, R — L AN T TE €, SR, R R
ST ] o, AEEICAZITE C AR G OSOR R EON tanh BEL, TETER (1), AR IIR(0)

Fi7R:
h(x)=S =S 0
tanh (x) e (10)
SLSTM i 2 ¢ AN EIGICAZ 4000 C, Ff 1] o, A6, 1580 4T 2 BRBOIRES A, , THEEFR an =X
ADFR:
h, =7, *tanh(C,) (an
Horr, b 2R, B, ANdZgii ¢ 3EE g, FH DMRAE 2% I RHIAIZ . * RORFERRIZTT
FON AR

Zexd T -1/ LSTM S TR AT AL 8 Ja , BEBAa 28 7 — 1 AN RDD ARG T Ay s 0B 1 P
s B by ENAETERZAT NG, i S5 TN RS A % AR A& o N TASEIH P E
55 T AR RS B0 i U7 IR, ASCROESXN B B — N2 R, ARAR)ESIA
Softmax Jz, THAXWIF12)MA3)Fr, F LSRR M8 i K107 R HE

tep = &'T (12)
. e?‘r
== (13)
j=1 tepj

N T84T WA RIS ], R 25 R B A ATIE vk, A4 0 =100, AL O AFTH M
SRR, RIIEEUS 5 7 — 1 AR D AR A3 A]_E AR AR 100 AN %R fAE B MR i, BEAT MM i HE
o Yy FORFH AR TARHEE T, UK 100 DDGER A, RN UT ] IR ) . A SCUR LT
k MR BRI R AR tophk RS -

SR, SLSTM BERIER 1 MR s 25 21 Fr 41 i A B PEAD SRR S5 S RIS R, FT 80 1 e A3
PRSP A S EAIRIFEIR, MRS/ LSTM S5#4 LAl E 5T 4t MR ri 28 3y 51l e
(3 P i dF EAT H2 30
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2) SLSTM BRI 25
SLSTM B BHCH Q = (W, U, V..b.} * e { fLu,0,c), AW, U VIS, EHil 7, Hith
Iz, Mg iCAZ 200 C, (R RERE, b, xR m A TE, BRI ZR0 B AR 2L A LT 3%, (45
T 470 25 3 4 B AR — YRS S A A BN ERRE A T 2, XA BARARILE A SCR B Softmax 4125
PREH, w14
argmin L(y;‘”,yT ) = Z;(_Z,Q-:1 ¥y, log yﬁl_‘” )l_ (14)
W ,Us Ve b
Hry, 9 one-hot #lidh, FIRFHFTESE T ASK D HSLUF ) %0 A, P RomNGEARNSE. N TIA
B EIRHAR, ASCEBALI G BAE R 2= S R 8] Adam AR AL SV 23 15 45 28Y S B0 47 56 .
SLSTM # A BAR I Zrid FE W 59k 1 B

Algorithm]1: Training the SLSTM

Input: Training set (checkin sequence L and X, = [e JN At,Ag] )
Output: the parameter set of the SLSTM Q

Training set: learning rate, n_epoch, batch_size

1. Initialize the parameter set Q= {W,U,,K,b,} ¥e {f,u,o,c}
2. While epoch <n_epoch do

3. While batch < 1 + size / batch_size do

4. For each L do

5. Calculate /,C, according to Eq. (4) —Eq. (11)

6. Calculate y,“ according to Eq. (12) and Eq. (13)

7. End for

8. Find € minimizing the objective function (Eq. (14)) with Adam
9. End while

10. End while

11. Return the parameter set Q

4. SCIf
4.1. TWARFIBIEE

AV B =5 DS IER R A 2, IR S R UE SRR R AR AR R AT L AL . HARBLHE: SLSTM
T 5 TR S MR T HE T R (A PR RE AT UG RARAL S IR 7 X E SR f TR 45 R P
B FERS HERF 25 R

AL 2 IF Bidli 2 Gowalla A1 BrightKite SRl A SCHERZ SVE R TERE . & St 54k a3 47 il
KERE, MERDT T 20 A E IR, MIERVT 2T 20 IR MGER Ri[24]. BEAN, DA T BRFSIK
B, BOREA M R BREBAMET 20, ASCRBRAHRRN G EILIE 2 s, ALK, ¥
AT AN BB FE[10], 73 A IEHCREAS HE 7 D SR 28 B B0 70%, 20%,  10%1FE s il Zrde . Tilatdke
FIG IR o
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Table 2. Dataset statistics
< 2. BUREST

ik Gowalla BrightKite
ZEHE 569,651 1,939,499
Mo 1,947 1,649
PR R HE 25,322 14,259
K RHE 10,274 17,808

4.2. VN IEHRR

BT R —ANEEF A G, BT DU SR S0 A Bk i B i L PR B AR
[F]% Recall@k [9] [25]3K 1 & IE LN MR sSHEFEAT 55 TP AHOCBVA I B . Recall@ k R T H Topk AN
JURTREVT ) (688 A, F AR TGS (1 88 pUER BT B 0 R SR e,k SRR IR
HAkE L 15)Fros:

[¥aY4

Recall@k = _—

(15)

Hep, VARG HEER b XGRS, Vo R AP AENRE U R SR RS .

Recall@k TF5 1 HEF7 53 HE B 77 78 F P T B B T D4 B0 5 L, i BUBOR, SRR AR Y
HERE L RS -

4.3. SEEEENB

N TAERA SO SR (A R, A BUT JUAS TS B a7 7 134T F

1) FPMC: M B R B R GERR 261, SRR 20 i 77 i A 1R B R A3 SR B e S 301 v 4 2 1)
xf I B 25 B4 D EAT A .

2) BPR: DU AMEALHRF[27], I AP0 X088 i B P R R JE AW ALK AR 7 58 R R
SR DR R R i, TSI AR

3) ST-RNN: IS fEIAMPLE LR (8], (RIS 25 RGN [ A2 [R] N 3R, 2400 T ) % BB 4 -

4) SERM: filie bR SO B EA PR M5 [28], RIS BB . 2%, FHPRAE, PRS2 0
A PRI FAIE

4.4. SHRE

RNT AT ATFRtRE:, fEARSCS Y, SH MR B e M IR 28, I RIE A 5k
FRT DA B B FEPERE o W A SIS SLSTM, W EHLE N 256, Hiih 281k Adam, >R ¥ E N 0.001.
S A S AR SR RE 2 R, Gowalla $03E 5 A1 BrightKite AT 3% R T n BEE N 1,
AE P A AE BB R B 48T d WE N 60; 37K EREN 10,

4.5. SEIGEER

1) HEREXT L
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Table 3. Performance comparison of methods based on Gowalla and BrightKite datasets

% 3. ££F Gowalla 5 BrightKite $B&ER & /5 A M REXTEL

Dataset Method recall@2 recall@5 recall@10 recall@20
Gowalla FPMC 0.0585 0.0792 0.1535 0.2565
BPR 0.0798 0.0990 0.1896 0.2765
ST-RNN 0.1324 0.1524 0.2714 0.3526
SERM 0.1973 0.2389 0.3245 0.4158
SLSTM 0.2156 0.2798 0.3796 0.4512
%Improvement 9.3% 17.1% 17.0% 8.5%
BrightKite FPMC 0.1145 0.1411 0.1735 0.2723
BPR 0.1165 0.1723 0.2273 0.3598
ST-RNN 0.2267 0.3123 0.3537 0.4523
SERM 0.2587 0.3435 0.4024 0.4845
SLSTM 0.2967 0.3925 0.4636 0.5202
%Improvement 14.7% 14.3% 15.2% 7.4%
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Figure 4. Comparison results of Recall@k indicators of each model in Gowalla and BrightKite datasets
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