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Local Event Recommendation Algorithm Based on Collective Contextual Relation Learning

LAl Yi-An*?,  ZHANG Yu-Jie®?, DU Yu-Lu'?, MENG Xiang-Wu'?

}(Beijing Key Laboratory of Intelligent Telecommunications Software and Multimedia (Beijing University of Posts and
Telecommunications), Beijing 100876, China)
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Abstract: The newly emerging event-based social network (EBSN) based on the event as the core combines the online relationship with
offline activities to promote the formation of real and effective social relationship among users. However, excessive activity information
would make users difficult to distinguish and choose. The context-aware local event recommendation is an effective solution for the
information overload problem, but most of existing local event recommendation algorithms only learns users’ preference for contextual
information indirectly from statistics of historical event participation and ignores latent correlations among them, which impacts on
recommendation effectiveness. To take full advantage of latent correlations between users’ event preference and contextual information,
the proposed collective contextual relation learning (CCRL) algorithm models relations among users’ participation records and related
contextual information such as event organizer, description text, venue, and starting time. Then multi-relational Bayesian personalized
ranking (MRBPR) algorithm is adapted for collective contextual relation learning and local event recommendation. Experiment results on
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Meetup dataset demonstrate that proposed algorithm outperforms state-of-the-art local event recommendation algorithms in terms of many
metrics.
Key words: event recommendation; recommendation algorithm; context-aware; multi-relation learning; personalized
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Fig.1 Simple diagram of relations among entities in EBSN
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Step 12.
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Step 16.

Step 17.
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% et t
Step 26 i1t +a[a) o(X )efi‘”"lj 25 +1Tf]
. i i ET et L) v et L i
1
- = o Feit; O o -
Step 27. tetiral oqgo(X e =Xy AL
j

Step 28. until Wdk

Step 29. 111 R=UET #3th 4347 il /7 ueU (K37 45 54412 top-n(u)

A BT AK R30S Bl 4 37 S0V A R R SO/ B, R 2 R T se I 2 2 53 gl i s P Il 42 2% 2
TR SR B AT T A 2 RS P i G A b e B0 P X 9 A A T 2 S R R A S BT AR Bk
MW 2 5 8l sk R LR R AEFE B A0 20 R TR AE . 28Rt 1], 28I AR o6 1R S0/ B
XA TR R, IR 2 5 FR DU A A HE 7 75 v A7 D[R] T SCOC R 2% 3, AT 6 FH P i 47 HEAT Sl B
FELIAEA RIS S XL A H R T A S5 MES LR 3UE B2, 20 LR UE B2 i
TE RSS2 00 22, 4 JE RV FH 2 P O A B RO AN P A HERE HP A R 48 oo 4 9 45 SR 1 A ek

5 RBERSH

5.1 Meetup#iE&E

S SR ] H B HE 4 2 SCHR[19]H SR HE 1) Meetup 34 . Meetup Z0¥E 45 i1 Macedo %5 A\ ffi ] Meetup REST
AP, LS5 [ T A 298 M ) Phoenix 17« AR5 7 1) Chicago T« INAIAR AL M 1) San Jose T 1E kK4 H #%,
PMELT 2010 4F 1 A~2014 4F 4 A7E Meetup.com EATFHX 3 MR k& s B, b s TH 25
WEds s P M RIESI AL WAL 32 S0 0 RIS )« WA N A SO L 28 R 28 T TR AR R
SRAE BB FURE W2 1

Table 1  Statistics of the Meetup dataset
F= 1 Meetup i 2 MRS 1

T H P i) % 2 | E| i S AL R G H P R R il B A FBE (%)
Chicago 207 649 190 927 2321 1375154 99.99
Phoenix 117 458 222 632 1661 1209 324 99.99
San Jose 242143 206 682 2589 1607 985 99.99

5.2 IRt SEERE

H T D HOHE AR A A SR R, T T 5 6 ) o B I T 5 L A% 8 ) B 21 1 B -k 4 L RE DL 1
UCHERE AN BEREAUL S s 7 35 P AEAN R I 8] U7 W) 422 R S0 RAG AN FIHERE 4 R I 15 UL, I B8, 2% Macedo 4%
{1 92 5 e 1 09 o Meetup 3 S5 HEAT — 5 IO AL B AE Meetup B4, 7645 A3k 117 30 4 v SR I 3 2 11y vk
RS ERI 12 AN I TA) RO DA 2 I T i, B 20 D 12 2 s 4 0 3 2 KO S v R 477 T T i 6 N H et
ROE BT IR B R HE 2 I 8] RO 6 A A BUSE, JF HAEEAE I (8] 252 5 2847 1A 2005 sl A D (s 8 35 30 s
WIZRIE BN I 2 51 00« A5 175 S AR A7 I 18] B AT IO 7 2 5505 DU AR b I R 5 i Aok 2 7% 20 mp A 477 I
8] f 2 Ja P A B P 2 A DA D AR 4 o ot m DRSS SR R e b P A2 — I 2 8RR A
BRI 6 ST N R A L BIRE 2% 20 0[] 30805 50 RO 41 157 485 SR B0 Y 7 ) 7 465 Al 0 35 280 ) e Tt

BEAN I T B A b V)40 R A9 B 12 B0 A T B R LR 2.
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Table 2  Statistics of partitioned dataset of each city
Fe 2 FWTTRI IS I SR AU S
Wl M HCR || WA R |E| BB ARG M R B i i A5 (%)

Chicago 24 317 19 043 2321 86 478 99.99
Phoenix 15 143 22 099 1661 74 389 99.99
San Jose 29 679 20 164 2 589 107 380 99.99

KRB & O 7R 1 12 48042, 4 5 ) e 2010 48 1 H~2014 4 4 B #18], 2 AR ) A B
Z: 535 B 0. A0 LS (R B0 R A L R TR I TR 5 R R A 6 FH P SE B A EBSN R RS 5 B H A L
% R0 U S5 R R ASE AR T 4 38 Ei s 4R U0 43 b — AL YN 2R 4R - DA 4R 1 P S 46 7 2 e 30 i HE 2 B0V 0 AR
e — BEIT 7] P4 1K) 22 AN I 7] 850 ()98 32 R0 AT B HE 2 S0 AE AR — BEINT 7] A O HE 2 1 g
R T I UF AR S R SR I A Rk SR BATR SRV O BEUE SR, 5 AR SO R VR AT LU AR
(1)  Most-Popular(ir 15 A7) #2757 VA B2 LU P S Bt 800 40 D AT JSE 4 b, 1 FH 7 3 2 00 301 B A 4T FO)
) 3375 300 2% 7 A A A e S i ) R v
(2) MCLRE #3019t Macedo % AT 2015 4E 4 Y, 45 45 5 8l b B 30, W HEAE 96 2R (2 B R4 AN 2 6 e
BUJFT) A USRI [ A5 4 AN 5 TR BUE SR AR, R 2% S #0577 il & B R R e I AT 75 3)
e
(3)  GLFM 573423y Jhamb 25 N\ - 2017 4E4 Hy WL R 3 BN J5 1 2% 805 s REAL (32 70 5 %t 5
55 sh 520, R H B R PR AT IS S R AL (A8 TT) s 2SN . AT RE . ASIMEE B . 28R
SRR, BT DU A AR 7 D7 VR AT VG B HE A
(4) CPMF HyEPY il Liu 25 N 2017 SEHEH, E BT T -3 - BELL R 7 -3 30 -Hb 25 3 P = £
KA FEHEAL T Y [F) R 2 R 4 fiAg A5 28 K0 AR e G 28 0 A7 4 0 40 e, DT o) BRI 258 8 1 ) ik 4% B kAT
HEF.
5.3 iFMIBER
TREAff 2 R0 73 (] 26 02 MEAT HE 7 SRR VRN (0348 T 48R, A8 SRR T 458 X B T H A 4, 3 A5 JH — Ak 3 43t 22
7118 25 (normalized discounted cumulative gain, ik nDCG)PWE 2k 4 v 4 75 200 L 1 SE N 8 b5 K R o) T 34T
TopN HEFF [ 500, - OSBRIt B 75 HERE 45 530 N 2 R T RE M EETT. O 7 0 L M 87 S 1 2 ) 7 IR
R AL nDCG W iiF 4 HvE A k.
(1) Ry
B AP u HEE N MRS 188 Ry, P u 2RI b SEBr A U 4 i 4R A ik Ty, T HEE 1 ¥
fif % X 24 X (13) 7.
IR, AT,
precision@ N = Zu:| R (13)
(2) HlnlZ
B u HEE N MR ARS8 Ry, AP u 2RI Se B w4 1) S 4R B 1 ok Ty, ATIHEEE 0 A&
[\l 5 A2 (14 Fis.
IR, NT, |
recall@N = Z'TU | (14)
(3) H—AbHr i Bl 5
NDCG F&br 4 FH >k 30 47 M #ET 15 TopN HE% 45 SR 51 SR M UERf 1. 75 nDCG Hy AN Ak HE 75 1 A i 230 56 T 4 4 1l
I 78 D38 8 0 2S5, FH A 2 2 11184 25 (discounted cumulative gain, & DCG)k & 7R, 1124 2 (15) s,
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% r
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Fig.2 Precisions of different algorithms in different cities
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CPMF SByETEHMERE A 2% L LT Most-Popular 5351 GLFM 8.32:, (H L T MCLRE H3EFA SCHR H 1
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HEAT I A F A, TR R 20001 L I 1 B — 4 I 40 AR GLFM SLVE 3247 (5 CPMF Sk B e ih s 4% %
BT (A& BRSO B S NEE S 2 S SNA R IR D TS EEALRIE Sk £ 0 R AT BN AL I, LA AR AL
RIKATHEZ ETFEBNN MCLRE Sk % 578 CPMF iAW =36 8- 4. F 7 -3 3l - b p 1 9
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Hk.

7t Chicago Ik 17 45 H ,CCRL Sk M HER HEA I8 T MCLRE 503 (B AR HAB P Ik 1T h A 2240 T
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Fig.3 Recalls of different algorithms in different cities
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