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Abstract: Event-Based social networks (EBSNs) have experienced rapid growth in people’s daily life. Hence, event recommendation
plays an important role in helping people discover interesting online events and attend offline activities face to face in the real world.
However, event recommendation is quite different from traditional recommender systems, and there are several challenges: (1) One user

can only attend a scarce number of events, leading to a very sparse user-event matrix; (2) The response data of users is implicit feedback;
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(3) Events have their life cycles, so outdated events should not be recommended to users; (4) A large number of new events which are
created every day need to be recommended to users in time. To cope with these challenges, this article proposes to jointly model
heterogeneous social and content information for event recommendation. This approach explores both the online and offline social
interactions and fuses the content of events to model their joint effect on users’ decision-making for events. Extensive experiments are
conducted to evaluate the performance of the proposed model on Meetup dataset. The experimental results demonstrate that the proposed
model outperforms state-of-the-art methods.

Key words: event based social network; social network analysis; event recommendation; jointly modeling; Poisson factorization
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1 3l

B A 28 AR BRI . TGRS BOR B IR R R, LA I AR N AR I R RIS G TR B A A R 4
(event-based social networks, fif F* EBSNs) 45 2| i\ % & f& , 5 41 Meetup(http://www.meetup.com) 5 Ji [F] 3%
(http://bj.douban.com). i ' /£ EBSNs ] LA H Bl M B A 25 Rl 5 5 38 20 2058 AT — L7 Bl (event), & 535
TELE 1 3R BB (135 sk AT i B2, 88 5 7R 48 T 6 H b 2 535 3l P 7R 2R A DS/ AT DLy 2. PRk
B T A BRI M g P AEL T TN T 2 505 80, 4558 — SR I R T AT 45 M 45 . EBSNs 4T
2k R4S ANk P IS BhBEREE — i, R — A R A UL P 2 8 B BRI A A K R

Meetup B M _I 1 % Kl (http:/www.meetup.com/about) & 7%, 24 {5 K% 2 837 JijEM A 7,43 A =4 K4 62
TIANES). — TN HREREELZ A RS 558,57 — 771,25 % A R 03 3 8O 05 3. 20
HEAT TG B HERE Al L L 48 M 2 5 3% 10 7 R PLE R BT 25 3 K D5 sk e st K A gs 12, B P o 4t
FEBOL RNV 3.5 I B R R UL, A SIS T N A IR B P # e S 53X — M .

WA HERE S R R S R HEEDO B AR, POI HMEREBIAL G5 (W HE S R MR EL, T s 25 B o 0
FIE (1) K H P RS 5B RES), KNGS R SR DI P25 RS Meetup B H AR R,
BHREZ 394 T3 NI P WA SR 5T 30— A i ) P -0 3l SRR B .(2) FH P o8 v 2l B i S 2 e
PSS FH 7 2 R SN R PR V% ) 3 AT e N2 T 952 A AT ) 7 1403 30 A T R SO IR .(3) VS B A B A AR i A,
ST WIRVE SN A BE T 17 F P HERE.(4) R ESH R Z B G 3= A, 75 B T ) JH P 2.

SR B HE SR BT T I B, AR SR — AN T B AR TR I & R 3 = AR Y (1) R R AR A
J7 22 T PR S K A 22 5% 2 SR IRt B A EL B I O B 2 96 R G vh 0 1R R V36 A R LU 2 1 B P R T
I WA e e s WAl D g =1 Rl = DTN sl - S W R = 2P NS0 /S = il o< D ) 01 A N 8
H S DGR, 152 P 2 A NS I R s AR S T N O P TR B AR A SRR T
P TR 3 b — e i L B P AT R B IE AR AR 2 Pt 28 56 R I A P AR T — Fh A 32 ¢ FR I HE 22 1 B )
IR AEAEAS BB 0] F.(2) A5 FH DL 30 P DT 2 A A 2R O s S ) P 1100 G e IS %A 90 1 25 T v S0 (L9 )
I R - g A RS T = 2 P 9% 80 AR A e 82 1 3y 301 R A () ) A B %o T A% HL A it P P -3 30 ) 7 2 o A%
Gt 1) 6 B DR T o0 R S 2R 3 4 5 R R T L 1R P P - 3 Bl 9 R BRL T 4 R A TR mT DLSE 4 ML 3R P AT
AUPL(3) 4t LG S i B B B, AR S AR AR 51 3R .(4) R BN 1 P 205 SRR T e g,

Bl 1R TR TGS AR S P 2% B AT IE S HERE 1 — N0 .45 8 BN F P BT (R 0% N AL A
FA) I3 SR AT A LA B & B0 B P 2%, I P A — e R PR REAT 1) LA B P A e 1R v 3.

ASCHRE H— AN T /AL R 7 40 i ) B M 236 7= A A TR T () I R R RN R FH P R 4 B R 28 T 58 1 B AR
BRI I 2 AV AN () B0 45 A 5 B 2 5o P 5 SR AN (] 1D s e ) R 485 6 V6 300 N 50 S P P Vit 31 9 R 3R AT
FH AL bR b S HE RS T 2 400 A 5 TE BCSEAUIR AR b i SIE 6 DLVP£il B 4 HH S R 11 14k R 2 00 4 SRR B AR SCAR
H B R AR T AR A T,

AL 2 WEEN PSR Bt RGRE S HER ARG TR 28 3 R THA MR 4 W5 ANET
F AL ZE AN A5 BB TE AR R A AR Y B 5 TN I ) S BHE T AT VR AN HE 3 O R 4 IS SR T IE R 6
W AR AR L TR T VE AR bR, A AN F AR B 0t S B0 4 SR AT 0 A, T BT I AR B b N [ R 2R DUk B S TE AR
TG LR T PR R,
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Fig.1 An example of event recommendation at an event-based social network

K1 T IE A % E TS S i — AN T
2 MHxIE

ARSI BIE TE PN 2 A5 35 Bl (1 4k 52 0 2% rp EAT 35 B HE AR T DU AS 1Y I S AL 2 A HE AR (K B 70 RR 28
Ja GINIE TRk S I BIE 7T 07 1, B I 4 S SR R ST BLIR.
2.1 LR

A HERE R AR AL SEftE R R GE AL B30 2 A (4R 2 00 R 48 B (Pl 3800 o 10 503 50 R RHE 8
3B A O 2R S ) RN B A o, TG4 o 77 R SR R AR U LI SRR AL S AR D BOR R R ST
FEATIREC AR BT S5 17 2 —

SCHR (161380 3 3 52 P 98 A AR L 22 1) 10 77 R A 5 190 4 4 ) R D 7 -0 o O 2 R W SCRR 17,18 £ 11
20 {8 A 0 75 2R [ B S AN A X R g 5 i 2 5 SCTRR 19T A A 22 90 485 M09 TE DU A IR 24 SRR R PR 7
AR 2R AEE T80 25 06 T 22 1) | SR (S AT R &R

SCHR[201HE FHT 7 B A 2 45 S5 RN P - 300 L R e, 445 i e 50 X 6% 49 g SR B8 T 227 12 i SCRR (21138 i da A
F P A5 AT A FE 3 W3R AS [7) A €20 0 5 2R F A 2 00 2% 4 ) 8 5 040 S 280 SRR [22 1R 2K L 1 7
PRI (18 & M50 2 0 B A €, 45 6 22 Btk & BT SORTEEAT B8 VP48 PF 90 B BEIS SCHR 1L P RS 0 A 4 Jo 4
A8 bR SCHEAT MRS SCHR[23 1IN A A2 17 A 2 1) S AR A £355 4 26 A%, 1P 20 ALK 7 2 TR A B A5 456 2853
HIR 24,2515 6 A T P 22 T80 0 35 R 50 555 0 A5G 2 R 402 T A A2 M i (E R T DA ) 7 8 v 30 A0 8 14 R R A
T MRS AN BE AR AT HbAR SR B HERE b A B S Bk

SCHR[26]80 17— 3 T 2 R A 5B 2 A 1) PP A5 A 72 2532, T DR P 32 BBUA [0 69 40 ot g o A 0 1
R AT AR B SCHR (274t — ot Rl 5 350 I R I LA 30 P 45 A 9 3R 1 2 5325 SCR 2810\ O, 7 ) S 7
(RIAT AN SZ A S U A PRSI, 152 I 266 M 9T 65 I 8 ot 2 i) SRIB R U 5 52 o, 6 P =3 25 45 B — AMHEZE,
T -5 PP K SR FRO ) S AT Dy E S A TR 6 52 24 i v, LA RER T 1A £ 5.

SCHR[29 158 FHA A2 DR 2 it 0 07 SRS AR A 52 0 468 4 40 (EL B0 85 6 T 2 DB SR R AR 506 3R, HLBCH RR
A 32545 BORBETHEEREVE fiE.

22 MR

FH P 565 400 5t 00 A 2 2 300 g S P V2 0 o e IS Atk 195 By 2RO 7 B 145 20 0 4 58 I 4% (EBSNGs) L, T 7
BEXS i B2 AT K A PF 23 72 EBSNs [19AR 5< K i A7 A8 P i 23 Bl ) D S AT, ot RO IR, il %
P i 4 0 B b S 45 ) 2 F) 3% 0 BT AN DA 5 P % 8 114, T AR 2 )37 30 7T R 5 7 [ %8 — B

SCHR[30)4% Y SVD++AR MY, Y T 4R 2 0 FH RE e DAL 00 A A6 204 [ 2 A 8 A1 4 70 A0 B 2k S Bt T D P % 490
st KPP0 AR VP 23 (0 R AR AT HE 22 STHR[3 1195 L (0 M e AN 00 ok (0304 58 & B 6 1) 20 282 4 F, 32 T
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AN TH P HEEH T timeSVD+H5E Y (H X 6485 71 3 A 18 & X AL & Rt R 151 ) EBSNs £ 45

SCHR[32141 06 I (et e e, 32 HE A0 Sk (item pain) (8 I R 8088, LLAR ALY B i HE R o fie & H bR SCik
[33]#2 tH—~ Maa-BPR #8 ¥REH A 2 A @ AR R R A5 B oK 5 31 45 N S 1 Ba PR 7R J Pk 47 e 5. S ik
[3417E KT 73 R LA TR Py RS iy b 00 R s ot 0 P 845 245 6 SR R 3 — AN TRk ) P A .

SCHR[12]48 755 & i 25 T v B ALl S8 A3 28 v A P P 6 i 40 ot S DA ) () R B 3R AT AR — SR A,
HET B H IS A B S 45t DU STy A DR R 2 ST iR (44038 Y CTPF MR SR Z AT A5 BB G 21V Bl 10 At
e,

2.3 AhiEE

H T35 Bl R AZ Y 25 2 — AN A3 2% 194128 X 4% SCHR[ 1] 8 Jo 48 H EBSNs #8248 b A2k T +EA2 5 3 H
D) 28 1 P 25 1 SR AR G B HERE SCHR [35 148 H 56 T 4% Ge ¥ A7 7 {8 20 R 1 22 TR 7 30 AR B30k DL T FH 7 %o Vi 30 F4) i
N SCHER[36]88 H — AN BIAR Y 1 77 30,48 EBSNs H [ P HEF TG B ) F P 935 0 /0N 2H 0 o) /N 2 9 7 A 25
GBI —NHELL, SCHR[37]50 A2 T AL 00 Ry PN or B AN ) 8 SrHE 2 B 0 AR ) 4045 20 IR U7 43 R0 35 30 F e )92
B A A N — A A i, 3 — 0 R HE T 2 ) 59 77 IR P X B0 i A 40 SCRR[ 131482 H Bl 9] DL v i IR 7
SRR R AL A R R N HGIMNALE (F B X R F T 5 R B ER W] e & Hh ik & 2 P B3 (2%
IR BRE . M B IRISE)BEATIE BN HESE, T 2 TR S R B 28 06 FR IR A AT AR S B A P EAT TR
WA R RS SCRIR (220 A S A AL 2 R B AT R HEAT Vi SN HERR (R B A A 7 5 T s AUl 2 1A B BRL 7 20 AR A 2, AN
R AR L7 b AR SR B 4 3 A 0 Bt I 5k, 1.3 A R 3 3 1) P SR B A HERE B PR BE . SCHR[38]4R &K T EBSNs H 57
P B AR AE 26 22 48 R 17 B b A FH P R R INON 19 2% 80 /0N 2 10 B i Sk R s 28 B AT 9 B A P L [F) 2 5 03
B I KR SR RN 26 N A AT 50 BE % i ARG 22 (P R I o AR TP 25 5 5 SOEOIR T L 5 A6 BT 4R H 1Y
HSPF #3035 5 I & 30 (6 3 2545 .

3 F&EER

Gopalan #2 ! DU 99 #4 X 743 fi#(Bayesian Poisson factorization, & #% BPF)#E 812 BPF 1 BB 7 u
XTIE e R, g . O TSE L ORVEL PRA . TRIR . RS, IR 4 A
y,; ~ Poisson(6! B,),
Horb, 0, " P w I Am IF & — A K 4E AR ) & 5 R T E @ 8 Ve, g — A K iR 7 m & g, F B, f2 RENH)
A e, T AR WL 5% 1 i S H e Al F gk — 2P b R 6, R B B — AN ST R IR\ Gamma 43 i, B
0., ~ Gamma(4,,,4,,),
By ~ Gamma(h,2y),
Hoep A, A1 A, /& Gamma 4341 I AR S 80, A, A Ay 72 Gamma 23 A5 B R E S 850 0T LA 35 A 37 4 Bl 3 A8 45 4
FH A R H G, F B A THA.
BPF #: B30 1144 Bl 723 fif (Poisson factorization, fii A% PF)R AN U1 My 2 ST R 45 &, RS 5 45 250 Ak 35U i %
30 G ok 0L, ELJ L8 A A TR RS S A R,

4 ETHEHIZMARESRENREF S RRE—PF-HSC 123

FEFE TR BN AL M 2% b P w AR EXEIE SN ¢ 50 BRI N2, BD y, =LA w AEZETF 20
S 55 L u A RS BN i A B AR W AN AL 2 A N M (1 5 M, 52 A5 A A PR R T th gt U, G R
B MR w B D7 S %R A — BUER T w RS AR AOME S @ (1w 5282 P w BT BE S i 3)
L ELE b0 TR u AN R S AR B AR RS R R AN — R ™ 0 5 0 A 2 1) B A5 AT 50 2R 8 B A0S L5 i
ENPN

25 5 M AL 1A P P 385 S0 W 2 #0408 PR-HSC A5 R R 3 AN Y R 7 2 18] FR) 4% A 435 4 9 2 B0 At 30 10 P9 34
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2K B v HE A BTN (VR L o R 2 ) R A v 2 Ak FRUAR D RS ) Y 7 i 4 .PF-HSC(Poisson factorization
based on heterogeneous social and content information)#% %4 & — A3 A5 S 15 PF-HSC A= 8 A DL ye b (A
T fi 0 5 UK [E A VG SR . P 2 B &R E AT o R A S I A AE E

AL 41 N T ARIEAE R R 18] 0 5% M A E EL A4 SR U, 52 i BCE T B 4 S AT R EONE
A58 B, Lo 5 AT 5 B AR SE A P 00 5 s AT R T E B HE SR T B AT R 2500 5 Z I BT SR HE W 3 4.2 WA T
PF-HSC HLZY B 4045 PF-HSC #5281 78 73 R F 7 IH A 73 A0 1 — A F RV 2 AN O KA RA o0 A0 Z FATS =& — AN A
T 0 A AR 2R FH T PR TR T 20 AR A ) TR AR 28 50 R R Bl I A 2515 .
41 FERBMEERE

P u R P v fELE LRI T — AN 2488/ (group), MM AT A 28 LSRR R SE R B E oo i
FufAF L TNRASES T —NiEs(event), WWH F u AUH F R TR EEXRRNLE FETLLR,
fEAERBOCHE 727 o o2l AR, 5 B AR UL 52 B0 0k AT il o
FBERRP AR Z W EE AR G EE X T2 L EEMSE A o A v LR
NI/ N 8 %2 AT 2 18] () 28 L AB AT SR o K T 28 N ASAERIES, F A w AR Y [0 ) 52 (1 375 Bk
% MABATTZ 1) (28 FAS AR SR T 72 8K AR SCAEE F 28 R A AR R BOR VT S H P 2 18] 1 45 A 332 BT,
o _[G)NAGO)|
"G VG|
o | E@WOEC)] .
|E)VE(f)]
HP,Gu)F G MR u MU v L EAT IR XN I8R5 E(u) R0 E() 3 MR P u FIR P
ST N RS B A
4.2 PF-HSCH&H!

{E PF-HSC BB FH P X R — AN K 4E 1) 5 6,35 8 i 0 N — AN K 4[] 88 B, N (u) L N (u) 53 3 3870 FL P
IR B AL B AR 2% o B 0 R A
MEE B y,; (K170 A5 0K N
Yui | Vi = Poisson(gurﬁi 2 o+ X iy ﬁ) 3)

veN" (u) FeN (u)

o,y BB u Z MG FAD P XESD @ R R T 58 RO AR R AR B 1R Al R AR SR R P R IR A 6,
EHRIES. & LEERE o) M FEERE o WIRMNHS BARF R B2 H Gamma 4317 iX 2 K
A,Gamma 434 il Poisson 734 [6] J& T — AN 4347 &, 1 Gamma 4347 #& Poisson 434 I L5 5 56, X A 15 H U1
77 A B SR AR 7 (8. 55 4 ,Gamma SE56 AR H & M T M 5 shAME AR R B0 g R o B Rk Ul
BB RS E, s Aiar Asa T Ae) 93— MRNIBUE(FEA S 0.3),48 K2 HU HAE ST 0. Ay Ais Ay FN
Ay FIXF L 1) RUBE S 4.

AN AR IR G P T 2 5 B R AR SR w XA K 4R RS, IRNSEON A, H
A B9 Gamma J6 50704 P w B9 BT D sk S35 30 b OB w B ¢, IR TEAR 20 A B :

C ~Poiss0n(0uT &) “4)

Forr, A 5@ R~ K (4)FL P B R AE [ & 6,

BT i T A 48638, PF-HSC L7 A M 26 B AR 3R an 18] 2 s

PF-HSC 5 8Y f) 7= AL i R R 2

Step 1. X u=1,...,U A k=1,.. K IHEEELE KT 0,~Gamma( Ay Aus)-

Step 2. X&) i=1,... 0 A k=1,.. . KFEELE R F Bi~Gamma(Lig Aip)-

Step 3. X u BIE BAEEMEK R K v=1,.. . VB ERE T 6 ~ Gamma(A;,,As).

()]
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Step 4. XTI/ u LR FEAEM S h A =1, FIMPEETER F < ~ Gamma(2,,,2,,).
Step 5. XM EE NI P w3530 i), ARG HFEm R ..

Step 6. XFMELRIHIH P w, 371 w), A RGBS ¢,

PF-HSC B b {81 FH 1) 2455 K 1.

Aavy e A Aus A ey iy iy

®

w=l,...,W

®

Fig.2 Probabilistic graphical model of the PF-HSC model
K2 PF-HSC B fH A B ROR

Aser Ao

Table 1 The key notations used in PF-HSC model
%1 PF-HSC U 1 1 255 5

] ik

u,U PN DL e

il 5 20,5 I R

vV 2k b 2k B R R

JF 28T U AR T I AR I

w,W ERGE ORI

0.5 FAF w1 K G 1 B, 35 0 7 0 K P 1)

Sy Tt B LASAEM LS TR P u FF A v IS AT R B SRS AE
ol nl SRR AT I 4 o PP o RO B 15 4E R 5 AR SR
Vui FAF w 3EES) i B L

Ao Aup Gamma 43 i " [ T IR (shape) Z BRI R (rate) 2 5

5 SEMEMRESERE
AT fF ] PF-HSC A5 84 3R AT 4 35, 75 B AR e 1 S B 1) fBUE )5 06 B W7 B 5 ¥ 72 IR T ) Gamma SB35 1E/EA %
EO=1{0,,0,,6 7 ,E3MY ={y, " r’ c }, WAJG R AN
pOY[4) _ pO.Y[A) )
Y12 [p(©,Y]4)d0
{H 2 2SS BE 8 7 A L 4HE DRI A SR A8 432 HE W SRl AL 56 43 A5 . TR A A8 A i A e F B R ] R S R
B OE B B Y R AR ik HE R S ' AR R R S0 A B (O | ), SRIE L R 3, 4R 5 Ad it
ELTF p(O1Y,2) 1 ¢(Oy) S %L
FET M R AR A3 e 5 1 i A SRR I Jensen A2 =Xk K UGS F0ABL SR I 38 T BR M2

pOY.4)=
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log p(¥ | 2) =log [ % p(0,Y | 1)d®

= [q(©] 1)logp(©,Y | 1)dO - [(©] )logg(® | y)d© )
=E,[log p(0,Y | )] - E,[logg(©]y)]
=A(y;4)
AF(6)F, log p(Y | 2) T A(y;2) I Z A2 q(@ | y) M p(®|Y,4) It KL .8l
log p(Y | 2) = A(y;4)+ D(q(©7) || p(©[Y, 1)) @)
AR(T)R W, B RAESE TR A(y;4) S0 T Be/ME (O | y) F p(© Y, A) B KL B, IX A, J5 56 HE B 1] 752 B
He A — AL 1) .
51 HgT=
A SR FA 2% M SRR AL () 2510 SR 3EAT PF-HSC AR (4 ST 2 2UiE 5 A ELVRHIR 7 B0 i — ik
il Bh AR B, AT 72 A2 T — > PF-HSC B8 T8 24 20 18 G X Sl B A8 & PF-HSC R A& — AN Sk A LR Y.
2 AL I A BE AL AR S K AT IR M IETRA 43 A1, B R S 8055 T8 AN ST IR 43 A1 1 RUBEAR 22 L 43
BRI w30 0w, B3R v) R w, R 3R VAV P a3 w), SINE BV AR & 2y, 20, 20 M 2y,
W23 2 (3) A2 3 (4) T 20 550 A2 ey

K v F
W :
Vi | Yai = 2uie *+ 27 + 2700 ®)
k=1 v=l 7=
SN
Coo = 2 Zumi ©
k=1
Hp, 2% ~ Poisson(0,B,),z00 ~ Poisson(é'lfv"ru”‘,”yw),z:{f ~ Poisson(ru”,ﬂrujﬁyﬁ)%Hzmk ~ Poisson(8,,£,,), H. V=IN""(u)|,

F=|N"(v)|.
| i(béliﬁﬁjﬁ%i‘zﬁ,%%%%ﬁ q(®|y) A q(©,Z | y,¢) e,z T gy 5 A 388 i i) il B 2% & A0 2 40
52 FHIHE K
TEF- 3513578 43 Wk vh AN e AR R S 9, 9 HAN 52 5 B 78 0 S 80 2 1) 8 T Rl R X T 22088 T S 80y
g P Y135 53 A N
9(0,2) = l_k[q(ﬁuk)]:[ aBO] Tas )]_/[ q@D a0l TaGiol [aGid ] e | azo) (10)

oy wik Wi wisf sk

S 3813 3 A I H I A DR 1 40 A 1 B O 5 58 4 % (complete conditional) i 4 A — B4 1 ok
TR F P REHES B S B EZ MM EARS W T OB ou , tof 1 & T4 AT
Gamma 43 A1, 7 L, E AT 1048 43 S U % BL1 Gamma 43 4i 19 S 4,00, 6, ~ Gamma(y))” ,yl), By ~ Gamma
377500 ~ Gamma(y,? ,yu ).t ~ Gamma(yy” ,yy YRIE,, ~ Gamma(y,y? ,yie). FAAM, BT LAHE St 2 A z,,;

A5 3G B 2, ~ Mult(c,, g 2, ~ Mult(y, ) o0, o (B 6727 ).

AR % AT LB AL 93 S8 T 58 A 2% AR o B2 B 18 1) % T 48 43 Gamma 311 A ST BL 6,1
B4 T 220 2 B i) A A ST o 5

i =B, At Tt B | =+ D+ et (an
i ][xhp w 7Shp
y;;;‘:Eq[/iub+Z/)’,-k+§,§wk]:,1u,,+2ﬁ+z;—;g (12)
i ik w wk
Bisoo, r{,’/’-’ &, WAR 53 22 5008 A sUn] DU AUl b 4 5t R, 485 R an
7};:!]7 =t Zyui¢u[\g( (13)
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7.vhp
7:‘;:8:}%4'2% (14)

u yuk
XI’ :ﬂ“\’a+zyui¢sl: (15)
Vo =P+ 200V (16)
Vo =+ 200 Vs (17)
Vaf =dp+ 20 Vs (18)
Vol = Zoa + 2o (19)

}/shp
Yok = Ay + 0 (20)

u }/uk

Xﬁ%ﬁﬁ]\g Iﬁﬁﬁj\;ﬁ_j Z:’:u - Mult(cuw ’¢1z/::) E,:] %_%éy ¢MVK* jF[] Zui ~ Mult(yul 7¢ui) E,:] %_%éy ¢ui :

b (88740 ) @1

IRICUL G o (G0l it ) PO B HA 53 B BT A RS 00 F
Bui = Gy[0,]
=exp|E,[log8, +log 3,1} (22)
= exp{W () —logyi + ¥ (") ~logy; |
Hobu=1,..,Usi=1,...Lk=1,...,K; W(e) /& digamma i %{, G,[¢] = exp{E, [log(e)]} = JL Il 1 28 14) [ #.,

din = exp{W(y )~ log . +log(r v, (23)
gl =exp{W(yy)—logy, +log(r v )} (24)
B = exp{W(y )~ logy i +W(ya) —logyls | (25)

S V= VL Fow= L I g, o (g2 g0 420 ) RO g BT 4R BAT Il A,
53 iR EFEE

A Y=y} T B RS B R S, R = ()} RN TS P Z AR EARAESREE, RY = ()l } R
AN TS P TR 2GR AR AR 5 BE, C=(c,,) 375 TR T H O Wil 825 ) Hh 5% T 3 3 P9 2 1) 5% B 1) 1] 43, )
fs P A 1 T B9 S T AR o 2 0, AN T 3R AS ) 8 i I A SR 1 s,

B% 1. PF-HSC B )72 73 HE W 5032k

iﬁ)\:Y,ROiRDﬁ;C’ﬁ%%%& j’ = {j'ua’ﬂ’ub’ﬁ'ia’ﬂ“ib’j’b‘a’ﬁ'b‘b’ﬂ“ra’j'rh’ﬂwa’lwb};

shp  rte  shp , rte | shp _ rte | shp | rte | shp _ rte

iﬁthz/ﬁﬁ\i;i&y:{yuk SYuk Vi s Vik »Vuw ’}/uv’yuf ’yuf’j/wk =7wk}'
Step 1. repeat

Step 2. For each response y,;

Step 3. | 233 A 22~ QAT g« g 0 gl
Step 4. XA RQY T ¢, #EATIH— {0 4b 51

Step 5. For each term frequency c,,,

Step 6. | HARQS)EH 47,

Step 7. Xt @ AT IH— b b 2R

Step 8. For each user u
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Step 9. Sy BF A SRAT)FIA SR 12)SE 5y F y e
Step 10. Sy 28 R(15)F1 28 R(6)H T 0 Ay
Step 11. 30 P 2 3RAT)RI SRO8) R 557 Fil e
Step 12. For each item i

Step 13. | A3 A RA3)FI A R (14)E Ry iy
Step 14. For each term w

Step 15. | B a9y ARCOTH 1

Step 16.  until Converge

VR 1 (PR B) B 4% B = B e T P TS B (1 N A N(N<<UxI B N>W). A E 485 K 7 26 R aF R
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B PR O 18 4 A AR A
5.4 JENERE

PF-HSC A —AIETRaSH(6,, B, 00, ol T ENFMMEIE (c,, . o, rdl F0y,, ) DU 2 A5 Y.
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AT FE Meetup Hoa 45 BT 54l B 7Y B P B8 Meetup H0H8 45 7O I B8 09 2010 4E 1 H~2014 4E 4 A .41
EHPETIARASE B WESIMNE. H P& R S5 Wi 3 Fros, Kl H P RS 58D 11530,
KB R iR b P 5 5.

0P ; 10°
htes

10 10*
1o 1 #
I =
= K

10° - 10°

10 - 10!

o 10 100 10
(a) il (b) Hi

Fig.3 Events and users distributions in Meetup dataset
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Fig.4 Groups and users distributions in Meetup dataset
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Table 2 Statistics of the Meetup dataset
% 2 Meetup H R GiHE R

i AL KR PP i i 3 (¥ 3 Wi 7 B A
Chicago 2138 133 357 100 701 810213
Phoenix 842 43112 64 255 326 913
San Jose 779 40219 31670 219 475
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Fig.5 Comparisons of different methods on NDCG@n and P@n
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Fig.6 Factor contribution of the PF-HSC model
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Fig.6 Factor contribution of the PF-HSC model (Continued)
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Fig.7 Impact of the latent dimensionality of the PF-HSC model
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