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Abstract

With the rapid spread of smart mobile terminals, university campus wireless local area networks
have been widely deployed in libraries, cafeterias, teaching buildings, dormitories and other areas,
which has promoted the construction of information-based campuses and provided a great con-
venience for teachers or students on campus. At the same time, the university campus has accu-
mulated a large number of location-based social networks (LBSNs) data. How to use LBSNs for
Point-of-Interest (POI) recommendation has become a research hotspot. The high availability of
campus geographic information provides an opportunity to improve the performance of persona-
lized POI recommendations. However, there are two main challenges which should be addressed:
First, use geographic information to obtain user personal information, geographic coordinates,
and location popularity, etc.; second, incorporate the geographic information into the recommen-
dation algorithm. This paper uses a Campus Geographic Information Based Logistic Matrix Facto-
rization (CGLMF) POI recommendation algorithm. This algorithm uses student personal informa-
tion and campus geographic information. An effective geographic information model is proposed
by considering the student’s main activity area and the relevance of each POI in the area. Then the
geographic information model is integrated into the logistic matrix decomposition to improve the
performance of POl recommendation. Experimental results on the real-world students Wi-Fi
check-in dataset on campus that the proposed approach outperforms other POI recommendation
methods.
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TR [ #h A5 B I Logistici FE4 i (CGLMF, Campus Geographic Information based Logistic Matrix
Factorization) PORERHEE, ZHEMAZENANGEAREMBBER L, BidHREA RN R EFRD XK
MZXBEAPOIR AR, RE—MARFHB(E BEA, R EE SRR B Logisticki FE 4>
R DA IR R PO M AE, 7ERS I EL S22 A Wi-Fiss B BB & LT 5258, SRR T E R T HAhPOI
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1. 5]

Bl 5 B RS B W 4% (G J, T 07 B 4L A 4% (LBSNs, Location-Based Social Networks) %4k
KR, WA X S oy 22 R FUR1 Tl SR AL R DG A S ie) . 7 LBSNs o, AP AT BLIE S 7E
YollR 5. (POI, Point-of-Interest) %5 2ok 4y S AMATT U 1) (Kb i, BIINAETE . L0 AR J 45 . — (¥ POI
HEFAAT 252 160 FH P HE 5 307 300 R L P R (1) PO [1], B AR Rl 385 2242 F P 5047 9 B B 6L )
FUEE, B AFRATIZE P HERE POI AN R R HERE 2% AR AR U5 In] BT 80 BB 1K) POI, 17 2 A EScHis £ 8 1k 5k
2R N BRIEOGER K] POl B N 12 N ESCHE £ B Ak rh Bkt 7 A2 W RO R (1) POI AT HERF . HEZ H AR
T I P2 A AR I 25 B SR A O] S SR IRAR 2% AR TR 4 58 I (] T BB 17 19 1 top-N PO

SAEGTG BN SR RGANE, POI 5 H 7 2 18] 28 B2 5K H - 7 1) 3 S thE 5 rb LS A7 72 PR A
DRI, IS 204 S (RO 48 T R PR 22 24 A B IS (1] PR 35 55 =& B2 i T P SR PR BIAT NI OREE R R . filan, 24k
W RAE N R N B AR EOP A E IR, AR 2EES . BPEANE =X, 82, i
A5 BT 0 P AT N LAERAS POI A ZOCEEMMEN . POl HEFELEIR T AR . Rl 5 AR S5 AT
W A& EEME, $&H TR Z 7R R POI B & [2] [3], AT AT AR 4 52 2 ik 2 45 S A Tl FH
JARESS FE IS [E] ) POI AT 2 — A BAT BRA v iy 1) R 4]

Tk
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YFZ R IR R AL ST VR, FE RS2 i (MF, Matrix Factorization)Zs) i s POI 45 il f. MF 1R
P POI S 46 FE R A3 FH P A POI Y FE R ¥+, 5 B S FH P 2 2K [5] - BT — MR BI0R AR A
££(4n, Foursquare. Yelp 55)H P POI 2 2| % B RAIK, HET MF 1) POI #EFEAFE £ A i Mk Il /L [6] [7]
[8]o N T vt i) i HE i PO HEFEIHERAME, T EAEMIEL & A A LI UE R, HlinthsE, wf
BRI 45 26 9] [10] [11]o PR AT NI TR B, HOEEAE B0 F P i il s 2K F oAt 1RS¢
[12] [13], DAk, $2H)URE: T H B4 20 POI HE#E LR E[14] [15] [16], AR X L8 EEAA 2 MH P
FAREE REHERAE ., 9 dnth B PR 2 FH P 67 AN POI 2[RI BE 5

TEASCH, FRATHRH—FB Y POl HERE B, X EIEM A AL E AN 7 T 5 EE B AE B, o,
W F P IR R X I A B X 3 POI 25 B, % POI HEFAH Gl o A3 tH i 345 2
R i B M R HE LR b, 378 POI R IOk B o 76 Hh R 1 2 g B S AORE el 22 2E Wi 25 1 %ds 45 F it
ITHRE, 5HALTT AR, AR Y 5 R Sy A S A I R TR Il M FEAE B Logistic R FE 4> iR
(CGLMF, Campus Geographic Information based Logistic Matrix Factorization)$5.y% v] PLSZEL 5 47 POI HE
1EPERE.

2. XTE

IAESR, POl HEEFNVEZHAYS, REZHIEAE TSR HA MR IBCR. XBEELRL THRE
B E R RS B AT A T T N A P [ o AN B TR AL A B R DR . BT A A P A i Sk
TE PO HERZ A A5 FH FH 7 25 2B K T00 FH 7 PO e, 122350325 g L T2 ) i 2 5 B 09 B Hh P R 2 A7 AE
KEHHE CE AT NG L SEEAEMBI[17]; B THRA R FEIEIEEIE AR, HIasERE /- fR[18], LA#E
i PO HEF HERB AT AT 4 et . (i T IS POIL /MR 2 584N F 7 U7 1] 1) POIL BB A TR, R AE T
PR PR R 2 2 BIBE RS s 20, HEEREHE SRS POl Z A B4 REIEIL T,
HEFEVERE 3 NI DRIBG,  Vr 22 0 90 ik R s RIS JE 0 N ABE 2R A g e 1 T a8 ) 300 A i 12k i) 8]
[14].

BT B S o AR — S B R SUE R, BN, #hes2mJi[19] [20]. HhEEALE[10] [21]
[23]. BFIE][10] [22] [23]« FF#1[10] [23] [24]%, Rahmani 2£[22]#2H 7 —Fh POl #ix A\ B CATAPE, %
BZEFE 7 POI 2853 POI 5. CATAPE MR NARERANE IR I MR IRA B, LG I P 5104T
AL E R

FIRZWACEUEY, HPBLIASRMFE POl AN E AR EE K 2 [20]. & HIRZ AL
BT AT 7 SRR AR o X 8 B HEAT A [12] [18] [23]. Ye Z5[8]H W, % B (E EF, i
f) POl 1%/ 4347 (PD, Power-law Distribution). bah, fAI1HEH 17— R T 77 6 23 0 P [ L 38 (CF,
Collaborative Filtering) /7%, 1771538 5247 R KA ECHE 1 vl 4 vk i) B (R P . Cheng S5 [1413F B P
252l Ge 2 A HOEE T, T e HC 48 2 A0 = BT R (MGM, Multi-center Gaussian Model)fifi 3R 1 -
Li Z5[25]75 8 7 0T ot HER Wl J Y POI HEFEAT S5, AT T4 (1 BR] 46 B4 Sk R 345 2. . Zhang
SE[2614RH T —FhITiE, ZITR IERE TN P s R . it BT RN PR POL 2
VF) ) BE B8 20 A (A% 3 T2 Al TH(KDE), $2H T —FRAL . Yuan Z5[271f ok 7 BCm st in) @, fEisE FH P 4
] F/E b S A AT 2 4 V5 ik POI A B EHES B

T, Aliannejadi Z5[13]42H 7 —FH T POI W B UMEHES 5k, HEEIF—+L X+ POI
PR ER R, AbATTR B AN AN POL ARSI R TG . AhATIR I, 785 > iy il i A A
ik i) POI #R AT DAL MM ik ] 8. Guo S5[15]42 H T — b B Al & A AU 73 f# (L-WMF, Lo-
cation neighborhood-aware Weighted Matrix Factorization)#7, iZiRIEEA T POI 2 [H] i HHE 5C 2R LAAL
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B A AR AL

CARTIR 732 £ ZE P AR T RS I . 530l POI HEFRRUAEL, ASCHR I 5 2 2k TR
FH PRI B R 2 A il — A SE A R A ST . Ditl, AR A T R PR POIL TR B
SR B0 1 BER ) IR AR PO AR BIBIAR (AL B A BERTE) . BEAh, FRATIFERLR (477 SRS op 25
JE 1 POI SRS AN, DA DK Mg [ il

3. HiE&E

A E BRI XXXX K525 WIFT S $0R 8 105 TSI, 680 B2 % 2k R R 5
A () 4% T
3.1 BEE

SEOGHIF 7T A 3 A ] = AR AR - (1) XXXX K2 XX AR X 2018 4F 3 H AR fER: 24 7863 A WiFi
ZFHEENE: (2) KX ANEFLERSBAEZEER: Q) Ml S EES HITE ). F4E WIFI
3 HERIR W 1R,

Table 1. 20180301_20180331 Data Set
5 1. 20180301_20180331 #i#E&E

5] H= ik
% 7863 2018 4F 3 A &R TERAE
POI 202 A RSN
POI 251 4 Y, HE, ATBL A
POI Zhfig 6 Tadr, AW BERE, BRARE, BeA, Hib
T} [ 1A 2018/03/01~2018/03/31

WA R SRR M E MAC itk 52 S0 AR AR, BeRg AT A A AR S E A RN .
VRS ETMEE, BEGEANT 5. A7 . b, Dhee. WiFi 23] 0S8R S8 E A
T T(EA). MAC. bR, ITEISEE R . WIF 23] H S8 5 POI-POI H FE 1Y) % 2 67.31%i KT
— R RSB PR EE (W1, Foursquare. Yelp %5). 7EACHE WiFi 223 H G E B 2 i 2ox H B R 77E
e, MAHEREEDT 100 FHFAEMER, JHKIEABRTASEAD T S ZER, IREESHEE
ToREARMIER . B8 EEREE 2300 £ /1% H, BE2MEIRGIHE BR/RER L, 8T RRE ¥
A1 MAC (BE42) SRR e HhHR (5 2B 28 4 /N5 CGLMF Sk AE B2 4R 1 top-N HEFEFI % .

3.2. KEIE®E

]2 PO HE7E (B EE AR, AR AR TS U R AR B . WiFi 283 1 S & 22 A e 1
ARSI ST R R WIFT SR, I BEAR] DX A (AR RIS 1], W] DO 2N [R5 3l X 3w s Y 1
MR AR, fnlal 1 AE 2 fos. filan, 24 R L 8 miA A 12 i B IZ I AN A 46%7
38%, MEAHF FPLE A, —BRAE 5 RUTIRIF— ERFEEE] 8 mi/iy, Tom Rl 22 A4 (s s
DR o A A7 5 A RS BE B RFELIT (R 24 /NS, G KB 202 A AR Bl i sl O A i o, EUOR T
L B2 LU BB R B RAE TR, SRR R R B R LUROIVE, 1 S RrE 2 210E 3 2
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I 1A 2 g, ATUAREL, DA B AR BT SE) AR LRI (R BEE B LA K
B L AR LR, AR IR BB N ] S 22 T BRI e 2/ b, R W]~ 2R B o A R R
SIMIASREAE B 25 H 3o BT A I T8 RN 2SR AR 1 3R W] 2 Al I 1] B A AN “F- A5 52 ] B X2 L
B8 SRR N AR, AR PR A el e 7 8 ) N B LU AE AR Pl P I A R N BTE 22 0 2 2 A A X I I TR
BRI 2 A NIRINE B (8] B 2L N8 5 mibUE, L/ I (A7 0 DX AR B ORT B 51 1 2 45
Ko BEMEAEHFEATNER, AC—J5ihal By A4 H#EEF A 2 gta 51, 53—, wove
ROE BLSR BORL A FRIAN SRS SCRE DU PO Ui AT B 50 A
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Figure 1. Proportion map of the number of people in hotspots
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Figure 2. Frequent map of the number of people in hotspots
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4. CGLMF

AT AIRAVRE B G L POI HEFEDT VL, FROVEE TR H ¥R A5 B 1) Logistic #i % 73 % (CGLMF,
Campus Geographic Information based Logistic Matrix Factorization). CGLMF f,& AN LB LI, 1,
FRYE AL B RO A, R — MR b B AR R (CGM, Campus Geographical Model). #8J5, 1E25 0
i1, ¥ CGM fil& 2 Logistic 411 73 f#(LMF, Logistic Matrix Factorization) /7%, f#i ] CGLMF A5 24 7]
SAHF POL B AR AT -

4.1. CGM

S0 TR el M A R AR, FRATT S T LAARAE Tolbers ) “ 25 —HiBE e 7 [28]5REM A, (FH Hh3
5 RV 00 77 ok 22 3 A 1 e % 3 67 (HAL, High Activity Position). JL,  BHATLH A 51 b £
R K HSAE BRI, X K M T REETE HAL YRR, A A R U ] IR %R 0 POIL. FIR,
AR R AR B — ML B BOR 2B XA K ok R o R RR B, A Ay DLy =) B DY R
REEERHIE . B )5, KR S0 B8 EE G, R %HR i POL R T, BIATSRAS top-N #EFF 513K

% 7] 1 2 K52 % (CGM, Campus Geographical Model), {5 U ={u,,u,, U, U, } &% A %EE, 1
P ={p,, Py P3,--,U, | /& LBSNs H1) PO 450 SRJE, 4 C e R™" R AA m 24 A1 n /> POI I f1-POI
BNBHRIERE . ¢ e C R4 1 3] PO MIZERIMR, 255E 224 u M2 u SERTXER £ POIL 4R p*, HAR
FE AR FE u 24 A PO HEF7 515K top-N.

CGM i 5 M= R R B AN A FE SR E TR IRAE B o DA A M 8, W DIOEd =% 18 2% AR (1396 3 X 3k %o
HERAE BTN, WALE MR, W LCR RS BN PTiE POI &RJ& B CAR, Wi AT LR W]
B VA= 1= D I RSN 19 A SR p= 9 S P AP R 7 AW T (1

Algorithm 1. Campus Geographical Model
B 1. KEHIEER(CGM, Campus Geographical Model)

%i%: CGM, Campus Geographical Model
MiN: U P, «a, V4
itk A -POL MEHIE M
HAL;,HAL,,HAL;,...,HAL, < =G sh i &
foreach ueU do
foreach peP do

if pep" then
for epoch=1,...,n do:
if distance(p,HAL )<a then
foreach p‘eP' do
if distance(p, p*)<y then
L, <L, +1
End
~ L
M|u,p]=1-—=
[u, p] 7
End # foreach p“ e P" do
End #if distance(p, HAL,)<a then
End # for epoch=1,...,n do:
End#if pgp" then
End # foreach peP do
End # foreach ueU do
Return M
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ZEE R VU N BRI, AR [ PRAE B AT @, 3 = ANMEIA N 224 K T A, 281
ANMEIRFFE ARV A XK Y POI BIMESR, FE35 FE X HAR AT POI U7 1M B AT BE 1 - N T X 24 AR IX Ik AT 3 A,
BAVFER PG ARSI EN E, RSP, XTREH . maliaiExXE, RINSHRE
ZNEESIALE S, EANE XA A R 22 R s 2 21 POLL ARG, BATHEHRZ 21 POI %13,
PLIR B 5% 25 A4 B i sh A B AL T [F) — XA ) POI, X 88 POI A T FE 22 AR TR A B HI AL B o K (A A
). BbAb, RIEEEAEAXIRN POL, FATHEFEEIAHLE POl FISZM, %47 B FERZE R MR & POl fFE =
INF y KB M), POIALE E LU
IS
pU
ﬁ¢,q%%%uwﬁR%%Eﬁ,@ﬂ%ﬁ%%ua%ﬁﬂPm%%ﬁo
4.2. CGLMF t&8I%24,

tE G HEFE R 50 (TRS, Traditional Recommender Systems) 3= 4% 8t 2 20 s B B0 76 v N, SR 78
LBSNSs H Il & A7 7E IR 1) S 2R e o DRIk, 2 55080 mT AR MRS TRS 1B s it , M
TE R T AN R A [ [ 171

C.C. Johnson [S]ESEHEH T Logistic FHF%E 7 il (LMF)REAY,  Fi ] Spotify & SR Hd 48 (1 B 2 s it
RS T REMA . LMF [ RIMEZ 00735, Gl 2 48 ok HO0t P 06 S IR i R a3k A7 28, (H2 LMIF
TR LR LS ER L ER.

FATELL K CGM 1B L F 3 Bl A B Logistic FFEME, - T —FJET LMF (357 2000 0 5
Jr e — R OL R 5 JEIE R R S AR (AR R () AR AR BN AE B, 43 B2 P -[R A REV € R™
AT H - FHERE | e R™Y, o k2R PSR .

¥ e, FNH P u 7E POl AR NIIVREL, 4LV R L 4353 PRI POL IR AMBERI R, B, A
B, NP RZER POLfi2Z . W% P(ey, [V, 1,8, 8, ) TP u £E POI, LIfRiAF, & LR

P(&y [Vulpe BBy ) =exp(V,1; + B, +,8p)/1+ exp(v,ly + B, + ;) )

R, 1, R U 2L PO A B A
SHV A L IR I F R T

u

pi =1- 1)

argmax, , ,logP(V,L,4|C) 3)
HelogP(V,L,A|C) & LU F:
>ac,, (vulg + B, + ﬁp)—(1+ acu,p)log(1+ exp(vulg +f3, +,b’p))—/1/2||vu||2 —ﬂu/2|||p||2 (4)
u,p

e, FATK CGM Rt 2] LMF J5ikrb. BRI, mTRAI R HSE 7 u Uil POI, AORES
Preference, , = P(&,, |V,.1,.4,.4,) x M (u, p) ®)

v F>(eup |vu,lp,ﬂu,ﬂp) HAQ)TE, M BEEE L FEA . @R RE, TR u Bt POI
HEFE )2 top-N. NFAFAESG LMF J57%, CGLMF BT @l & CGM FHhEE 1 305 BN POI #EFE it
.
5. SCLE

SEE6 B SR 4R N b R T 27 P 2018 4F 3 A K4 iR2e4: Wik 238 H EHE, Hrp 48 7863, Ml
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R POI %202, 2532 H 2300 & Jigk. BATEEIER o8 — /AN 174, b 80% Bl NI 4E,
4 20 % E IR EE .

5.1. FENIEHR

POI HEFESIFATIN FEAR R 2 N A3 SEIR BRI 2o T B AIARRE, ] top-N HHERE S5 ¥ I (K i
bz #ERf 2% (Precision) 144 5] 5% (Recall)  HER 3 151172 45 b PREORSEBRZE &% (3t o HER2 45 SR K EL s,
SRR SE R HERE s A IR IGHER AR P 5 PR ORI IE R BIIOB nUS BT EL,  SemeERe 4 3
AT, A=

Precision=>"  R(u)nT(u)/Y _,R(u) (6)
Reca" ZZUEU R(U)ﬁT(U)/ZUEUT(U) (7)
A, RU)ZEFGT P u RS ES; T2 u ENRERLFRERES
5.2. SCIENTEE
F CGLMF #5784 15 2% fe 43 ik A2 v s R 5200 ) HoAth PO 77 7 v AT bh A . BRSO VR4S B
iy
e LMF [5]: —Fh&h &2 K% Logistic %55 fif 712
o LRT[29]: —FERL, iZA ALK I ()45 B4 - BITEEHEZ AR A, 37 P b N B AL B I 4o
o CGLMF: FAHEHIE LMF S5H IR R CGM @& 1777k
5.3. SCIGLER
HIGUE CGLMF SEHEFA R, ASLIb¥ CGLMF 515 LMF. LRT AT LRI HT . HEFSEF
TR R AN R P 3 o
I 3 LLE S, A NBUA{ER, A CGLMF &k HE 2 e 2/ 3 1 2% B B AL T % b
7% LRT. LMF. CGLMF 5y5A 2R A e th 35 S s T FvE, #2587 POI HEFE IR & i E, X T2
B el i 15T LA B — e (R R

os ZUT 20180301 20180331

0.4 1

I
[

Precision@N

o
N}

0.1 A1

0.0 -

N=1 N=3 N=5 N=10
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Figure 3. Recommended performance for each algorithm TOP-N. (a) Precision of

school dataset recommendation results; (b) Recall of school dataset recommenda-
tion results

E3 &EXtop-N(N=1 N=3 N=5 N=10)#FEMEE. (a) FREIEEH
FERIERE; (b) FRBEEHEERNBERE

54. SHEE

¥ LMF A TEIETE R TS50 E N k=300 XFF LRT, FATE T BEE NN EPIRAS AN 24, K o F1 g
YRR IE WAL S 508 B M 2.0 FoATTARAE 36E 500 1 CGLMF Z3. FeAi 1 I 2 8000 3% 2 S B i A
FEAE MR HHE A EAT

4 BN T BT a fly BIAREHEX T CGLMF T RE 2 7 1] 4(a) H, FRATT ] 52 A AR 5 52 T Recall
@ 1048 k5 nT LAWY 2 BIAS IR 1Y) o E X% CGLMF MERE R RN, M A FRAT 10T LLIE B 21 o ¥ 5548 100
16 4(0) R [ e HARME G, ANFR p (85T CGLMF AR RERISEI, AT LG H, SRRt » o8 13,

EIREE SRR, 2 A e U R POI BRI A B R L, FF EL AT EUMAATT A 340 25 1) 67 L el
— X3

0.35

0.30
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0.21

Recell@10
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S
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Figure 4. Effects of different parameters on the CGLMF algorithm. (a)
Effect of a; (b) Effect of y

4. TESH3F CGLMF BSARIFM. (2) o BISMAETF; (b) y BY
FMEF

6. FRIE

FEASCH, BATET X el R A5 S v mT P 3R ) — FioB ity CGLMF #7893 R AL AT
OB SIS R BATEE Logistic HRES#E I TP IIINGF, R8I — Rl & R R TT i
LLELE BT CMF TR A B A 2 o AEA bl LS M L I SEIR 45 SRR W], 5 AT Eseiaf b, %05
AT RS B 2R, IR T AR T VR . RRIGBE TS [F) ol OANRASTT H#EAT #h . — 2
K B0 2 AN R AR el 2 A A R A A 25 ) — Rl 2l I B S5 2R 5 A IR SR B2 e M MR i PO HETE M E s
TRFBEINTL AR BGESN, SRRSO AN e R TR N (S R A

E&WE

[ K HARE} 5 410 H (61702503); i F5 A R BT H (172102210591); 71 B 44 205 JT 5 5 B
H (19A520048); A #E T HF & T A5 H (2017GGJS118).
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